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. ABSTRACT

.. . _ . ) .
This report investigates the use of adaptive vector quanti-
zation in compressing monochrome and colour static pictorial

data. Adaptive refers to coding an image with an adapted

quantizer, as opposed to previous schemes using a single.

© quantizer for coding any type of imagery.

Vector quantization is used to spatially decorrelaté.im-
age daEa. An image is‘deCQmposed'into small non-ovekrlapping
blocks, and the pixel grey level values are aligned into a
vector,. 'Thg vector sample space is'partitionéd into clus-

ters' of vectors. Quantizaﬁioh‘ is performéd by replacing

o
-

each sample vector by the -cluster repfesentative vector.

— H

The representative vectors are used to-form a seguence of

scalar numbers that define each image = block in terms of the

‘representative vectors.

’

Decoding is performed via look-up tables.'_'Tﬁis enables

vide&?ﬁate decoding. In turn this permits the use of a

small refresh memory.

r

An image decomposition tééhnidue. permitting'progressivg -

image reconstruction is a150'propos%§4— The K-means cluster-

ing algorithm is fully ihvestigated for pictorial data dis-

tributions, with particular emphasis on a practical imple-.

mentation.

. - iv -
~

-



Various coder organ1zat10ns are proposed for moﬁéthfome
picture coding. Preprocess1ng and local cod:ng is studied -

for '!ducing cdding tzme. "The codxng schemes are analysed

according to rate-d1stort1on performance curves, computxng

time requ1rement and-photograph1c 1nterpretat1on. Accepta-

ble sub3ect1ve results are obta1ned for data rates as low as

0.7 biYs per p1xe1 ..ngal cod;ng_:equlres only mrnutes-of
CPU time. . ' '
. - . - SR .

Spatiq%ﬁand spectral decorrelation 'pﬁ.colour pictures is

also investigated. A Y, LS éoofdina;e éonvérsion' is per-
forﬁed; the I and Q“slafies are then spétially' feducéd Ain
—~

size, Each plane is then coded as 1f it were a monochromey
picture. Another coding scheme is also proposed.’ The Y
plane is decomposed intd blocks ; ‘" the components of a Bibck
from the Y and subsampled I and Q planes ;re assoc1ated to
form a vector. The sequence of vectors are then quant1zed
using the K-means algorithm, Thxs scheme outperforms Y, I,Q
plane coding with ;he'added advantage of produc1ng a s:ngle
sequence of codewords instead of thiee. Data rates as low
as 2.8 bits per‘pixe1 fér colour’pic}ufes;' are obtaﬁned for

acceptable 5ubjective.résu1ts.

~

Lot TN
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-

1.  OBJECTIVE OF DIGITAL IMAGE COMPRESSION

[

]

Digital processing of signals, as opposed fq analog~proce§s-
ing, is increasingly,becoming' ubiquitous. The advantages
are multiple : greater flexibility, random access in stor-
age, possibility of signal regeneration, ease of multiplex-
ing and encryptibn, etc. However, one has Eo pay the price
in terms of increase in bandwidth. An analog signal of
bandwidth B Hz sampled. at the Nyquist rate with 8 bits per
sample requires B*Blhzlﬁhen transmitted using a digital mod-
ulation technique such as phase-shift-keying (PSK), requir-

ing 1 Hz for 2 bits per second.

>

Data compression, pro#ides the dpportunity for signifi-
cantly decreasing %ransmission costs. These costs can be
quite large; in comparaison with a digitized speéch signal

at 64 kb/s, straight forward digitization of a broadcast

television signal requires approximately 60Mb/s.

Digital data compression’ is the process of reducing the
bandwidth or the number of informa£ion carrying wunits used
to represenE the data, while maintaining acceptable fideli-
: t;. The lé;ge memory énd/or channel capaqity requirements
for digita; {mage transmission and stbrage make it mandatory
to consider data compressich techniques.

- xi -



AN
Typically compressed data when decoded to it's original
. ) . .o : . 4
form is accompanied by distortion. The efficiency of a com-
pression technique over any other, = is measured by: ~ it's
'\ data‘compressing ability for a given distortion (rate-dis-

tortion function), its flexibility, robustness .and computing
. . . - +.

complexity.

The objective of this dissertation is to study and extend
one relatively new data coding technique, vector qQuantiza-
tion for digital image compression. Simulations of variou§

Jéctor quantization compression algPrithms are investigated
,‘:ith émphasis given to pratical dat; system copsiderations.

~

2, ORGANIZATION OF DISSERTATION

The dissertation is divided into six chapters. Chapter one
reviews the fundamentals of digital image coding, for simple
and compact image represéntation. Chapter two introduces
the concept of image coding by vector quantization. Image
-decomposition, quantizer design, coding and decoding of vec-
tor- quantized data, a;; éiscussed. A review of prior ef-
forts in vector guantization for compression~ef speech, mul~
tispectral scanner data and pictorial data, is aiso
presented. Chapter three describes the test images and the
quantizer design algorithm, used in chapters four and five

for simulating image vector'quantization..

- xii -
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Experimental results obtained from pictorial data com-
pression usihg vector'quantizaiion, are presented in chapter
four for monochrome pictur;s'and in chapter five for colour
pictures. The performance of the various coding'gtrategies
are compared using rate-distortion curves and photographs of:
‘the decoded images. Chapter six concludes the dissertation

with a suﬁmarycand recommendations for future research.

- xiii -



Chapter 1 _
IMAGE CODING .

Digital image processing is based on thejconvereion of ‘a
confinuous image field (i.e. analog'signal) to an equivalent
digital formr"The following first section_briefly describes
the matﬁemetical characterization of digital ‘images. Image

concepts’ and some of the mathematical notations used

throughout the dissertation are presented. - Image digitiza-

tion, sampling and quantization are-disquSsed.

The - high deta rate resulting’ from image digitizatioﬁ
makes it maﬁ@atorf to_§eek. methods for more compact;digital
representation. -The concepts and uses of coding for com-
pression are introduced in sectlon two as techniques for re-
ducxng d1g1tal _image storage or transmission requxrements,
Image compression te;hniques;are classified in two catego-
ries : information preserving:and_nen-information preserv-

ing. Emphasis is put on non-information preserving techni-

ques because of their practicability and high compression

rate capability. .Rate-distortion coneepts are considered

“for analysis of these techniques.

Sectlon three conta1ns a rev1ew of non- preserv1ng dzg1tal

image compre551on techniques, and section four contains a

. '.‘



 ques.

5

‘summary.of the choice of digital -image tompre§5ion teéhpi:

A

——"—;

1.1 DIGITAL IMAGE REPRESENTATION

Th1s sect1on descrxbes the dlscrete representation of¥mono- -

chrome, i.e., . black and thte, and colour imagery.' image .

'sampling and’quantization fundamentals are'discussed.

1. 1:1 Dlscrete Monochrome and Colour Imaqe Representatlon

The term monochrome 1mage,‘as used in this d1é5ertat1on, re-
fers to a two dxmensxonal light intensity functxon, ‘denoted
by. f(x,y) The value of - f(x,y) at spatial coord1nates_
(x,y) glves the brlghtness of the 1mage at that p01nt.

In order to ' be jin a form suitable for'computer procees-
ing, the image function f(x,y)- must be dioitized'poth spa-
tially and in amplitude. The result is referfed to as aﬁdi-
gital image. Spetial- -digitization _ corresponds to. image
sampling, wh:ie amplitude d1gxt1zatxon to grey level quant1-

zation.

.Monochrome images contain no colour (or spectral) infor-

.mation, it is the total ‘reflected visual spectrum energy -

that is measured, also caeled luminance;

' Colour is produced by the mixture of iight of different
wavelengths reflected by an object, It has been determ1ned

(1) that certain wavelengths of red (R}, green (G) and blue
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ps),i when comb:ned thh each other in’ var:ous proportzons
(1ntens;t1es) w111 produce ‘a wider range of colours than
other combxnatxon of ‘three colours. TheSe colours are thus

'referred to as pr1mary colours of lzght.

-For.the purpose of .standardizationf' the CIE (Commission
’}Internat1ona1e de 1" Eclaarage) des1gnated in 193l the fol-
) low1ng spec1£1c uavelength values to the three prlmary col-
ours : blue = 435. 8 nm ' green = 546 .1 nm . and red = 700

" nm, These dzscrete values are called specvral l1ght bands.
Colodr'imaqery'fcan be regardeddas data in the ‘form of

iseveral tuo-dimensional 1mages,_ eaoh\.image takérn through

jd1fferent spectral w1ndous or. bands.

l.1.2 Image Samp11ng_

"‘In d1g1tal proce551ng systems, one deals ‘with arrays of num-

bers_obraxned by spat1ally, sampling points of a physical
source.' Image samoles nominally represent a _physical meas--
urement of a- contlnuous 1mage f1e1d for example, measure- _

ments of the nght intensity or photographzc den51ty. The

image samplxng rate can be. analytxcally determined using the

convolutlon theorem-on band 11m1ted data [1]. - Thls-1s.re~

ferred to as ‘the Nyquist rate. It is a suff;c:ent but not

fnecessaryocondltlon.‘ o : o SRR - L
¢« . C

The band lxmztat1on on imagery depends on 1ts resolutzon _.

' (i.e.n the degree of dlscernable detazl) ‘measured by way of_

4.,
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the Fourier transform and known human psycho-visual limita-
tions [1]. The basxc aim of image d1gxtxzatzon is to obtain -
.a s:mple and standard representat1on for random and simple
access of the data, thus an equslly spaced array of of M by

N samples 15 commonly used.

£(10 - £(1 8-1
£(x,y) = . (1.1.2-1)
£(M-1,0) £(M-1,1) . . . £(M-1,N-1)

« Bach matrix element is referred to as an image elemeht,

\

: pzxel or pel. It is common pract1ce to let M and N be inte-

ger powers of two, because of the binary nature of computer_

systems.
- ; N =2 L © (1.1.2-2)

- . M=2 | | (1.1.2-3)
_ _ i
~ As a ‘rulév a minimum system for general purpose  image
bibceséing, should be able to display en 1page size, of af

least 256 by 256 p1xels.

. . v
.
B - . .
\ | | | | ]
. . .
.
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1.1.3 Scalar Quantization - _

Each image %ample f(x,y), is a llght 1nten51ty measurement

. These must also be d1scretlzed by.usxng-quantxzatlon. “In ",

the quantization process the. amplitude . of a sample pixel is

compared to a set of decision ledels'and replaced by a dis-

- crete value called a grey level.

VMathematically, a continuous variable V is mapped into a-
discrete variable R(i), belqnginélfo a finite set R(i), i
=0, ... ,L-1 og'numbefs, This process is referréd to
as sealar quantizaﬁion.' The ma?piné' is generally a sﬁair-‘
case function. ' C ‘ . ®

Define T(3) , j =0, .. - Lj. as a set of increasing
transition or decision levels. If V lies_in the interval [
T(j) , T{(j+1) 1, then V is mapped?to R(j) .: T e [0,L-1];
The quantity‘ﬁ(j) " callei!;ﬁe reconstruct1on level is the

quantxzed value ‘of V and also 11es in.the 1nterva1 { T(5) ,

T(3+1)].

t

The number of grey levels L iw commonly chosen as an.in-

teger power of two for full'use of binary registers.
L = 2 : - (1.1,3-1)
The- quantizer design problem is to determine the optimumﬁ

decision and reconstruction levels, ﬁiven the probability

density and an optimization criterion. Since the guantizer
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- Code-Modulation) image. . The total number of b1ts ». b

LT < MEN g’-*.s S (.2

.T.-l._. ) . . A . .. .. . .. _l_'- - . - ., '.. '.._: -.- 6‘,.-

_-mappxng 1s 1rrever51ble, the quant12er 1ntroduces dlstortzon. -

'--'wh1ch any reasonable quant1zer des1gn must attempt to m1n1— :

mzze, The optlmal quant1zer is knoun as the Hax-Llyod quan-
t1zer [2] : It 1s no; used for d1gxtzzatxon because of com—:

plex Image probab1l1ty den51ty funct1on formulat1on due to

'‘the non- stat1onar1ty (1] property of. 1mages and complex cal-'
:‘culat1on of Max quant1zatxon levels. There are several oth-.
- 'er” scalar quantlzer designs- ava1lab1e that offer-.uarzous'.'

,tradeoffs between 51mp11cxty and performance. '

Typlcally 64 equally spaced grey levels are suff1c1ent

7'for fa1thfu1 reproduct1on .of p1cture type 1mages [3] - Gen- -
L erally, 256 grey levels are uséd per p1xe1 for programm1ng

- reasons, s1nce most computers operate u51ng elght b1t bytes.t

1-2 i COMPACT DIGITAL IMAGE REPRESENTATION

j_A d1g1ta1 1mage represented by a s1mple matrzx of quant1zed

jgrey leVel values,: is commonly referred to as a PCM (Pulse-_'

r re-A
:qu1red ‘to represent SUch an 1mage is glven by. : - I
. X L , o A . f_ B

‘where s is the number of spectral bands, i.e. s'=1 for'mo-_.'

-nochrome 1mages and s 3 for colour 1mages.

A typ1ca1 hlgh quallty colour telev151on 1mage has a spa-—

t1al resolutlon» of 512 by 512 p1xels with 256 grey levels':

z
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per spectral cnannel. " This translates into 6.3 Megabits or

.'approx1mate1y the content of a floppy disk. If a'large'num—

ber of such p1ctures are to be stored (tens of thousands) a -

.data mountaxn, problem occurs. ' _ This last :example clearly

‘proves the need for more compact image’ representation.

-

1 2.1 Pract:cal Data Systems Cons1derat1ons

The a1m of dlg1t1zat10n is to ‘obtain-a sxmple and standard
1mage representationJ_ There-is nothing sacred about digiti-
zation, . In most Cases, there is st1ll cons1derab1e extrane-
ous, or redundant data remaxnxng ; 'because, of th1s, lxmage

compaotlon is p0551b1e and ‘necessary in many cases where

vbandwidthw storage or computatlons are expen51ve.'

.The end requirements of,the aopliéation guide the choice

-of the compaot image representation-to use. For live broad-’
.cast" compactlon or compre551on technlques are greatly con-
*stra1ned by real t1me and on l1ne con51derat1ons. ‘For stor-
iage appl:catlons, encoder requzrements are less stringent.

: becshse much of the compression can be done of f 11ne.A How-

ever, the retrieval (decod1ng or decompress1on) should be °

'qu1ck and e£f1c1ent to m1n1mxze tUrn around or respone ‘time.

‘.Image storage is requ1red [4] for educatlonal' and busi~’

ness. documents, medical . 1mages,t engxneerrng drawings, and-

' other types of 1magery._'1mage transmission applications [4]:

.are in broadcast television, remote sensing, teleconferenc-
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ing, 'computer c¢ommupications, facsinile‘transmission, - and

other applications.

In prat1ce transm1551on channels are frequently prone to’
‘errors {4]), - Ideally one would 1like to'jointly solve the
problems of: compressibn-and error‘ prdtection but a ‘catCh

22" .of coding occurs- when a s1gna1 1s represented more ef-

I
——

ficient;y,' the effect of an error can ‘become far more serl-t-
_ous. Thus it is frequently necessary to add a controlled_
form'of redundancy back into the szgnal (channel cod1ng) for
error protectlon. In thlS dissertation we constra;n.our-
selves to redundancy removal or source codlng, although

channel nb1se 1mmun1ty is an 1mportant advantage.

The .application of d1g1ta1 1mage compress1on ‘to transmls—

sion channels is an economxc tradeoff in system design, bal-

anclng L
-+ 1'- encoder and/or decoder hardware'complexity and size
2 - 'bit rate o .
3 - channel error performange

4 - flexibiiity

In the case 6f-brbadcast systems, if the decoding is $im-
' ple, the. computat1ona1 costs of” codlng are of. secondary im-
portance, s1nce they can be amortzzed over a large number of

Vdecoders,
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In storage applications, the system €rror rate encoun-
tered is many orders ‘of magnitude louer ‘than the desxgn er-

.ror rate for a digi;al'cﬁannel. “As a result,' one can con-

- sider more complicated, hence more ef£1c1edt encodlng

algorxthms with less concern about noise - sensxt1v1ty.
L)

- A compress1on algorxthm must be flex1b1e enough to handle
both mcnochrome’ and colour 1magery ; different types‘of im-
ages : p1ctures,‘med1ca1 data, and others. Benefi;é would
also résult_if an image could ‘be :econstrootod'step by step 
from a coo:se to a finer approximation [5]. - This would per-
mit rapid image browsiog‘(searchino) and éspECéally‘a.choice
of image-matrix size (or spaﬁial fesolution)' thus a low
resolhtion terminal could stop the reconstructzon processf

after 1ts full resolution is reached

1.2.2 Claésification of CompressionAApproacheg'

_ Therelaré two classes of image cbmpre;éion scheoes B ‘infof—
'motion—preserving and non-information preserving. . Here, in:‘,
formation preserQing is the synonym. of disportion-free or
‘lossless coding; l |
. <

'1.2.2.1  Information Presefving Codihg,Technigues-

Thé goal of these techﬁiques' is the exact ':eproduction of
the original oflfaw data ‘by_using less_information carrying
units. Raw ‘image data rates do not hecessarily represent

information rates [6], as discussed earlier. ‘Por oiample,

4
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the tybical f:gnrrate for a moﬁoghrome image is 8 bits per
+ pixel, wherea§ éhe average.information_rate is given by the
~ entropy, usually measured in bits, |
L
H(V) = - :Z: p(i) log pli) (1.2.2.1-1)
. .1 2 . :

where p(i) | is the -probability that a quantized sample V
takes the value R{i), sa}, from a set of L = 2%/ values.
This is called the zeroth-order entropy since no considera-
,tion is given to the fact that a giveﬁpsample may have sta-
tistical dependepce on its neighbours. For monochrome im~
'agés the zeroth-order entropy is generally around 4 to 6

.. bits per pixel. The first-otder entropy is defined as

. L L .
H(V(k) [V(k-1)) = -EZ pli,j) log{ pi,3)/p(3) ) (1.2.2.1-2)

j=1 j=l

where pki}j) is the~prob;bility of ( v(k) = R(i) and v(k-1)
= R(3) ; Vv(k-1) iﬁ'a pixel "previoué" to V(k} and p(i), p(j) .
ére the marginal probabilitieS'of V(k) and v(k-1}, respec-
‘,tively.' This is considered as the average information con-
tent of V(k) if the staﬁe of Vik—l) is known, Second and
higher.order eﬁtropies can be-defined-similarly.f Practical
, calcula;ion of third. and higher order entfopies become un-
feasible- because of éxcéssive computétional requirements,

'~ .For six-bit"raw monochrome images, ' Schreiber [7] has esti-
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vméted the zeroth-, first- and second-order entropies to be

.4.4, 1.9 and 1.5 bits per pixel respectively. ; .

Since écco}ding to -Shannonfs noiseless coding theorem
‘[8], it is posSible to code wiéhqup distortiqn, a source of
entropy H.Pits per sample using H + e bits per sample.where
e is an arbitrarily small positive quantity, ‘the maximum

achievable compression C def?ned by

AGerage bit rate of the original data BR

C = ~———-—————— e e —— e —— = -~ (1,2,2.1-3) .
Average bit rate of the encoded Hata BR ‘ .

e

is BR / (H + e) = BR / H. Computétion'of such a compres-
sion ratio for images is impractical if not impossible. For
example an N by M digital image with BR bits per pixel is

one of

- BR*M*N

L' =2 _ S (1.2.2.1-4)

possible image patterns that could occur. Thus, if p(i),
the probability of fhe i-th image pattern were known, one -
could compute the ent;opy, i;e., the information rate for BR
bits per pixel N by M imaées.‘ Then, one could store all L'
possible image patterns and encode the image by'ifs address
using an entropy coding scheme. However, even for'rélative-

‘1ly small N and M, , L is prohibitively large;. e.g., for BR=8
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and N=M=3, L' =22' > 10

. .AYthough it is physically im-
practical .to measure pl(i), -it is believed that the entropy
of such an ensemble of images is-likely to be vety low since

oniy;a few of the L' images are likely to occur often (4). -

Still entropy coding can be'used to remove some image re-
dundancy. These afe purely statistical schemes. Each .pat-
tern is assigned a variable. length code word based on its
frequency of occurence. An optiﬁum statiétical coding pro-
cedure is known as the Huffman code. A pattern may be-a
single pixel or the difference between neighbogring pixels,
These technigues are on the whole rather unattractive, be-..
cause pictures tend to have non-uniform information content.

”’

The coded representation must be buffered in order to be

transmitted at a constant rate. Furthermore special precau-

"tions must be taken to avoid loss of synchronization due to

channel errors. Other techniques, permitting a small con-

trolled amount of degradation can achieve greater compres-

sion ratios ; these are known as non-information preserving

coding techniques. '

1.2.2.2 Non-information Preserving Coding Technigues

At the expense of misrepresenting slightly an imége, high -
compression ratios can be achieved. By exploiting the psy-
chophysical limitations of the human observer %he dégrada-
tion might evén improve contrast or other image features and

give a more intelligible or pleasant end ‘result.
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~ A multitude of non—informétion _ preserving cpding schemes

exist. Typically these schemes are extensions of three ba-

: siéAtechniqués : predictive coding, trénsform‘céding and

Slbck_quantization.‘ The performance'of these tecﬁniqugs is '

measured ~in terms of the data rate versus decoded ;image

~ quality. - There are two subdivisions in. image quality : im-

age fidelify and image intelligibility. 1Image fidelity
chafa@;érizeé the departure of a processed image ﬁrom‘ a
sihndard-_imagé, vhile image intelligibility denotes the
ability.of'a.man'or machine to extract releQant information:
from an image. " In other .wqrds image fidelity is concerned
with small scale differences and image intglliqibility in- .
yolves gfosﬁ differences between the processed and standard

image. !

Clearly it is desirable to formulate ~quantitative meas-
ures 6f image fidelity and intelligibility as a . basis for-
the design and evaluaﬁion of image;y systems. A‘quantita-
tive measure of fidelity should Forrela:e well with subjec-
tive testing for a broad class of imagery and be reascnably

calculable. It is also highly desirable that the measure be

analytic so that it can be used as an objective performance

function in the . optimization or parametric design of image

compression systems. Such guantitative imeasures were pro-
posed [B8] but still have " not been proven trustworthy be-
cause of a poor understanding of tﬁe human visual system.
Still a commonly used quantitativg' error measurement is the

K



| L | .;‘

subopfimal, but_analyticariy tractdblé, meaﬁfsquaré-error';l
- measure. .Let f(i,}) represenzﬁzhe orfgipai M by N pixel im=’
age datg, and let g(x,y) represent the redanFEUCted approx-
imation of the same image data after compression.: Then. the

sample average mean-square-error is defined as

MSE - :E: :Z: C£x,y) - géx,y) ) (1t;.2.2-11

x=1 y=1

..-J

" The average energy LIPS P the_'orig{nal.image f(x,y)

is defined

© 2 1 : S
x ,

x=1 y=1 ' ' S '

wvhere " o2 " is in fact the variance and "u" ‘the mean grey

level of f(x,y). Thus the percent ndrmali;gd”meanfsquaré-

error is defined by

MSE * 100 ' -
" NMSE. = = --------- . L (1.2.2,2-3)

100 percent NHSB would correspond to an 1mage 'with no con-
trast, i.e. the coded version of the image’ would be of uni--

form lumin051ty with an intensity equal to "u".

- . I " ‘
" The mean-square-error is not generally meaningful for

. measuring data guality in an absolute sense. For example,
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'it.iould not: be meaningfﬁl comparihg' data Qualfty across

different compreséﬁon techniques or across aiffefeht. festﬂ
images. This is because the §bs¢fver does-not necessarily?
sﬁm - errors over the vhole picture‘ as oﬁé does with tﬁe
mean;square-erpgr. The observer bases his estlmate on the
worst few local.areas, espec1a11y uniform 1um1nos1ty areas.
However the mean-square-error is very useful for compar1n9'

performances from options of the same compression technique .

~ and the same test'daté; -

.Subjective rating of images, although a non-quantitative
measure, is the common evaluatlon technigque.” There are two.
common types of subjpctzve evaluatlon : absolute and rela-
tive. In the forméf case,.obéervers are shown an 1mage on a
good quality telev1sxon monxtor, and are asked to judgeiits
quallty accord1ng to some predefined rating scale. Compara-
tive or relative evaluat10n-1nvolyes the observer ranking of
a set of imagés from ﬁhe‘best to_wofst in a particular group
6f_images; ‘This is the most common evaluation scheme.. ' A
commonly used ratiﬁg. scale 1is the hgroup " goodness” Llj
scale, 1n which an 1mage is numerically rated u51ng the cat-:

egor1es shown.’ in Table 1.2. 2 .2-1 .



TABLE 1.2.2,2-1 'Group .goodness scaie
7. Best in group
.. Well above;average'for-this-gropp"

. ;;Slightly above'a@eraéelfor-tnis group

. Slightly below average for thxs group

(%3

7

6

5

4.'Auerage for this group

3

2. Well below average for thzs group
1

. Worst in group

—_—_———_———-.—.—————_-—————_—-—.--_é-—_-—-_

It should be emphasized that the results of subjective
testing are influenced by viewing conditions : television

monitor quality, monitor calibrations, observer's mood, etc.

A good data compressor, emphas1zes flex1b111ty i.e, al-.
lows a ‘high - performance rate versus qua11ty trade off over
wide ranges of compress1on rat:os and appllcatlons. Thls-

~ stems from the fact that even for dedlcated applxcations,‘
the user - def1n1t1on of adequate quallty is an- uncertainty

'[4] which suggests -a need for capab1l1ty for ‘change,

Interactive redundancy removal, would further aid the
user in attempting to reach a lower bound relative to the

',rateFdistortion criteria, based on subjective quality. A
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rev1ew of non-1nformat1on preserv1ng cod1ng techn:ques fol-"?_

low in the next sectxon. N L o o T'

1.3  REVIEW OF NON-INFOMTiON,éRESERVING' CODING _'TE&:I-INI:QUES :

’Commoﬁly used non-informatioﬁ' preservxng data cqﬁp;gssioh"‘

schemes are examlned m thlS sect:on.

1.3.1 Predictive Coding

Predictive coding is a coding method utilizing pbint pro-
cessing, i.e. pixel by pixel redundancy removal [1].. It .is
used in applications wheré the cost and speed of the decod:r
are of primary importance. Its compression .efficiency is
'_besueen 1.5 3 bits per pixel and for ﬁonochrome images and

. its susceptibility to channel noise is high.

A well known predictive coding scheme js DPCM [1], dif-
ferentﬁal pulse-code-modulation. The basic coder consists
of 5 predicior and a quantizer. The pred1ctor uses the pre-

-'v1ously quantlzed p1xel grey. level to predlct the next grey
level value. Thé d1f£erence between the actual value and
. tﬁé prsdictéd; value is. quant;zed us1ng a small numbef of
' lszpls,- since the error-signal is very small)fpr good pre-
dictor models [1]. ' The decoder uses the coded differences
to éérféct }hg, predicted grey lsvéls.baséd _on the prsvious

: coméufed'grey levels.

)
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Lettxngﬁv(i 1) denote the grey level of the j-th prevzous'
neighbouring pxxels, the n-th order predictor is of the form
) ' n ‘ ) -
Cox) = DD i)+ v(i-j) . (1.3.1-1)
. . j=l_ : ' .

fﬁelprédiétof coefficients c{j) are chosen to minimize a
quantization error measure, such as the mean-square-error
'[;1.“-:If the peighbouring pixels originate from the current
. and previbus“line.,- the'coding scheme is called two-dimen-

sional DPCM.

-

The ‘typical subjectivé errors encountered in DPCM is
noise in 'dark‘uniform regions (granular distortion), and

blﬁrring 6fmsharp edges (slope overload) [1].

.The efficiency of DPCM can be increased by updating the
"QUantization levelsz and prediction coefficients, to match

the local statistics of the image. This is referred to ags

adaptive DPCM éoding [9].

: The-éénsitivity of DPCM to éhannel noise is one of its
;mésf serious draﬁbécks' [10]. Thé errors appear as highly
v151b1e streaks. because of the 1nter~dependency of DPCM out-
put coeff1c1ents. ‘The streaks are object1onable even at low
error rates (0 000001). Techniques reducxng the’ impact of

'; channel n01se, .reduce the coding eff1c1ency by elther adding
L redundancy (11], 'or introducing a leak factor into the pre-

dictor [Connor].



t

' ;In summary, .thoﬁgh bpcg is :ajsfﬁplé Eoding:séhéme;-ftﬁeﬁ
-nqcessarj channei. noise proiécéi&b'makes.-if as cémplex as
other coding Eeéhniqugs.. I "

1.3.2 ‘Tpahsform Coding

Transform coding [13] is commonly -accepted to_be' ;He mbst

efficient coding scheme, with a compression efficiency be-

tween 0.5 and 1.5 bits per pixei;'and the leést_sensitive to .,

noise [1]. The‘drawback is computational ‘complgkify for

“coding and decoding.

'The ‘common scheme to compress images usiﬁq, transform'
techniQues,'is'to divide an image iﬁt§ blocks,"typicafiy 1§ |
by 16 pixels. The transform decorrelates the spatial'infér-
mation“iﬁ_the_bloék;. Eoncentrétingl most of_tﬁé information
in a few first cqefficiénts;‘_Thef;ﬁansfdrm'coeffﬁcients are
quantized independently accordiﬁé.té their- énergy,.. and -
" trapsmitted to the dedoder. Someﬂcﬁeff{cients  até_simpiy
blfminated,yhile‘othérs are quantized with a small:dhmbéf'qf_'

‘quantization .

Letting f(x,y) repfesenﬁ a_blpék'b{ pixels,'ﬁhe transfor-

mation consists of two matrix multiplications

-,

g
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B = () Et,y) vix,y) T - (1.3.2-1)

.'-nhere u(ify) and n(i,j) are un1tary matrxces which act on’
the. row and columns of f(x,y) It is commonly agreed upon
' that the best un1tary traﬁsform for. decorrelat1on is the Ka-
irhunen Loeve expan51on [11. Th1s techn1que is computat1on-
ally too expens1ve for both the coder and the decoder.. Uni-

-'tary transform w1th known fast computxng a1gor1thms for N by

N blocks (N a power of o) are used : . Hadamard [1], Four1— e

'er [15], Cos1ne [16] tc. . The Cosine transform is consid- -
" ered the closest appro imation to the Karhunen-Loeve expan- '
. sion [1] o C - - '

~

Although not optlmal for decorrelation,. "small- blocks of
lﬂ pixels are used to minimize - the number of mult1p11cat10ns
zper'pixel the requ1red arxthmetlc prec1s:on and the bufferﬁ

‘1ng problems caused by varxable length codewords [lf

A brt map,' which allocates the- number of bits tOieaoh'
s freguenoy.component, and the quant1zed frequency coeffi+

-'oients are transmltted, | The allocation of bxtslls'based on
theistatistics of the p1cture, assigning more . bits to.the
' components with the greatest energy [1] " The method 15 made
A'adpatxve {16] by def1ning "n" bit maps and ass1gn1ng a par-.'
ticylar block of pixel to one of "n" maps based on the sta-

3_t15t1cs of the block
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"The coding , scheme is reasonably 1nsens;t1ve to channel .
noise [11,16,17]1- A bit error is conf1ned to one speczfxc' )

* block and its effect is spread over the_entxre hlock _ As.a.

result, error rates of 0. 0001 are'bafely visiblet: The ma;or .

objectxon to this scheme 1s the heavy computer requlrementsa
- The ensuing hardware and fxrmware costs are not tr1v1a1 even
with today s technology -Bufferzng problems are also .non-:.
trivial since variable- lehgth codlng is 1mp14c1t wzth trans-.;
form coding : each coef£1c1ent is quantzzed u51ng a d1ffet-f

.

‘ent number of }evel;.

A hybrid teghnigque [lB] in which an 1mage is transform_
coded 1n the horizontal dlrectlon and DPCM coded in the ver-
t1cal direction, produces .low btt rates and requ1res_less_'
computation than' two-dimensional transfotﬁ coding; but 5t511” |
channel noise sensitivity :is high;.‘

1.3.3 Block Q_ant1zat10n

Block quant1zat1on [19,20,21] divides an image ‘intolamallu
blocks .(e.g. 4 by 4 p1xels) and PCM_codeé each independent-'
ly. Block Truncatjon'Codino iBTé) [19,20J~efficiently codeo'.
monochrome ioages at‘bit_rates io’-the order of ;.5 bits per

oixel, with good channel immonity. In BTC, azbilevel qoanf

tizer is designed_for‘each block, preserving both:the‘sample .
mean and variance. The reconstruction .levels are calculated

as follows
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R(1) = wu = e -—=-= ] E (1.3.3-1)
| N |
R 4
D-gqg )1/2
R(2) = u 4+ ¢ { =me-- ] (1.3.3-2)
: g

vhere "u" and " o " are the sample mean and standard devia-
tion of a block; "D" the:npmber of pixels in a block and "g"
the nuﬁberﬂof pixels greater than "u". - The coder transmit§
a label plane consisting of ones and zeros, the sample mean

u” and standard deviation "o ". ' The receiver reconstructs

the two-tone blocks from (1.3.3-1) and (1.3.3-2),

Two major artifacts occur in - BTC [22) : | false contour~
ing, due to only two grey-lévels in each block, and hisref
presentation of some mid-range points due to assignments to

either a high.or a low value. In summary this technigue is

- more suited to coding multilevel graphics-[20].
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1.4 SUMMARY - _ .
MénY .imagp pFoEessing- ap§li¢a£{on§' woﬁld-have'-fremendous.
béhefits‘frbm- éomﬁagf im&gg jrépresenfation; .:Maﬁy' céﬁiﬁg
techniqugé'have-been deQelopéd'forlﬁedundanEy femoval; In-
fdrmgtionrbresetvidg tgchniqpes'héve_tﬁeIAQVantage:of exact-"

ly reproducing an image at a lower bit .rate. .Non-infofmé-.

: tién.pfeserving coding techniques introducq a controlable

amount of errors with the advantage of high compression.

‘The choice of one codihg technigue ovér‘aho;her,- is made

‘according to the importance of each .of the four points dis-
he TP ! .

cussed in section 1.2,1{ : Inl the following chapters a Qe;y
recent addftion to image coding techniques is'fﬁlly ‘de-

scribed and analysed:®vector quantization.



Chapter II
VECTOR QUANTIZATION

.Any analog s1gna1 that is to be_prqcessed by a diéit#l pro-
cessor must be d1scret1;ed : .i.er sampled and quantized.
' Scalar quantization , which consiété in quantizing amplitude
| ssmples'of an analog éighal, . is ubiquitous and well under-
Jstooﬁ;. Scalar -quantization » @ special case of vector.
: quantization, corresponds to quantization of uni-dimensional

data. - The following sections describe the general concepts

. and use of vector quantization for image compression.

d

2.1 GENERAL CONCEPTS OF VECTOR QUANTIZATION

. In scalar 'quantization a sequence of  continuous émplitude
sampies is normally quantized on an individual basiﬁ; _Bach
member of the sequence is treated as - a scalar vafiable‘,
_IQUantized separately accbrding to some ‘staircase function/)
and aésigned a-binary code group forlstoragé' or Efansmis-‘
sion, It is possible', however, to reduce the quantizaéion
error by jointly quantizing aqd reconstructing the elqments

of the séquence.'

Cons1der the D element signal vector v, wh1ch is assumed
to be a sample of a vector random process, w1th known n-th

order probability den51ty funct1on

- 24 -
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Ve lv, w2 L., v ) (2.1-1)

(W) = pl w(1), v(2) , ..., viD) ) (2.1%2)

Vector quantization involves subdivision of a D dimen-
sional vector space into K ﬁon-oveflapping decision regions
C(k): k =1,..., K., and determining for each C(k) a recon-

struction vector;:; If vP represents the vector space, then

D . ‘
v = €1) uv-c(2) u...clk) - " (2.1-3)
is a possible but not 'necessary condition. What is neces-
sary is that ! '

C(i) is not empty S (2.1-8)

C(i)N-c(i) =0, inotequal toj .  (2.1-5)

4

each C(i), or decision region, . must contain at least one
o . ST , .

vector sample, and no two .C(i) intersect in vector space.

Figure 2.1-1 presents an illustration of vector guantization

for one-, two- and three dimensional space.

The sample vector V(i) is guantized to the reconstruction

vector R{k} if v(i) lies'iv’the decision region C(k)x 

L]
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Figure.2.1-1 Vector gquantization decision regions,

In this general formulation of vector quantization, a
vector V(i) is mapped into a reproduction alphabet

R(i) :1=1,2,..,K (2.1-6)

where

R=(r(1), r(2) , ... ,'r(D) )’

. : ,
(2.1-7)

|26
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.The individual elements =t(j). = j =1,...,D - are h@t
' necessarily individually quantized over a.'set of decision’

levels : they may be real values.

¢

2.2 IMAGE DECOMPOSITION FOR VECTOR QUANTIZATION
The first step involved in vector quantizétion ~of imagery,
is decomposing a discrete image of M by N pixels, denbtedfby.

f(x,y), into a vector list

V() s i =1, NV : (2,2-1)

4

where V(i) is a D dimensignal vector (2.1-1) and NV rep-
resents the number of vectprs generated,byvthe_imaQe decom-
position process. If each vector component corresponds to a

pixel , then

' NV = —---- _ L (2.2-2)

2.2.1 Block Decompositon

A simple image decomposition scheme partitions a line iﬁto
sequences of pixels. Eachiéeéuence is called a cell or a
block. The pixels of each sequence are aligned into a vec-
tor. An alternative is to use contiguous pixel ,Blotks :

i.e, two neighbouring pixels from the cquFnt line and two
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from the. néxt [231‘ ' - This . decompobiéiaﬁ'gcheme willabelyé-f
.ferred ‘to as block decomposzt1on._'Since‘eéch-bidck ié'quén;
) tzzed th1s decomp051tlon leading to quant1zat1on is closely:

. reélated to block quantization-described 1n‘sect;on 1.3.3.

- Blt;chl Bllgcié- : - 'Bléei'l., B’Jo}\_?
\ﬂtﬁ":” i (===
| P - PO

N RAMMACLUIDMAL AT, . I
.l L T ™
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A - S ' I I- a1l
: sl 2 3 L ) ’ :;
g . ) ' 4
. v
(d) '
Figure 2.2,1-1., Monochrome ‘image decomp051t1on into
- blocks of pixels. a ) Two-dimensional (D=2*2) "~ and b )

one-dimensidnal (D=3) blocks of pixels. Alignement of pixel
grey level values into vectors for ¢ ) two- dimensional and: -
d :) one-dimensional blocks. : ' o

{
Block decomp051éfon has the disadvantage ‘of° petmitting
only sequential reconstruction of the coded image, i.e. line

by‘lihe display. . It is a disadvantage when a compressed im-
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age must be transmitted over a low bit-rate channel; in such
'a case the ipage will appear very slowly op the screen. It
would be 5 'great advantage to be able to interpret the in-.
.fqrmafion‘ue11 before the complete image is received. As an
_ example, imaggfbrowsing (searching), frequently performed on
information rétrieyal systems, requires rapid information
assimilation,  A progressive information display scheme is
preferred._'wﬁerg éhe image is reconstructea,"step‘by‘stép
from a coarse approximation to a finer and,finér.aﬁproximg-
tion. '

2.2,2 ‘-The S-transform Image Decomposition Scheme

Step by step reconstruction of an image requires a complex
image decomposition scheme. The S-Transform [24], an hier-
.archicai abprqach to the description of imagés, is such a
;echnique;' It was originally developed for piéture-archiv-
ihg. A derivative of the Hadamard transfbrm,.it decomposes
. an imagé matrix step-wise, into a final koarse.picﬁure ma-

“trix and an ordered set of contrast detailed information ma-

trices.

The Hadamard tranéférm‘is applied to non-averlapping\
|biockslof two by tyo pi;els. Thié results iﬁ'a suﬁ_coéffi-
cient (correSponaing to the luminosity -mean of :the block)
and coefficients fof the verfical, horizontal and‘diagonél
: : , . , : i :

differences.

) ’
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A ls " K=(A+B)+(C+D) N s
_ K=(A+B)-(C+D) [ME veRLCAL
clo Ke(amB)etc-0) M BN
K,=(Af-B)*(Q-D) o = R RENC_E. .
IMAGE MATRIX ~ HADAMARD CQEFFICIENTS

=H = “[A o "l w= 11!
co Vi[io ]
HADAMARD TRANSFORM

Figure 2.2.2-1° The Hadamard transform of a -two by two
pixel block; the sum coefficient represent the overall block
luminosity, the difference coefflcxents correspond to con-
trast measurements. . .o :

The assembly of the sum coefficients (K(0)), from each
' p1xe1 block into a two-dimensional matr14, represents exact—
ly the or1gzna1 picture at a quarter of 1ts spat1a1 resolu-
tion. In subsequent steps the matrix of sum. coeff1c1ents is
decomposed using the same algorithm,

- . - . . M . .' o . - - m
After S steps of decomposition, the original image of 2
by f“pixels is .represented by én image of"z*n'by 2”“ sum
‘coeff1c1ents (grey level values) and a h1erarch1cal set of 5.
= (n»m) matrlces of dlfference coeff1c1ents. At the last'

step a 51ngle'sum coefficient.remainé,: corresponding to the

overall luminosity mean of the original picture.
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;Thé difference cbmpénents from each block, at each step,

_are 51mp1y vector- quantzzed and stored. For two by two pix-.

el blocks, three- d1mens1onal vectors would be produced.

'-The‘réconStruction process 1s the reverse. It is star-ed

by first. retr1ev1ng the coarse 1mage of the last step of de-.

compqgltlon and then the correspond1ng transform d1fference

'coe£f1c1ents.' The four coeff1c1ents of a block are inverse-
'Iy Hadamard tranéformed to obtain a finer .resolution pic-

ture. The algor1thm 15 repeated until thg fulI_feSolution

r

image 1is obta1ned B} Thus a coarse image repreSentat1on 15_

1nstantaneously rece1ved w1th gradually added details, per-

mitting the user to abort transmission at-any desired detail

_level.  This allows for browsing rapidly through stacks of

high resolution pictures.

STEPI STEPDT STEPII...

2n )2 myz
{2
Ky /DTBO Tx. Td O koo

ORIGINAL / 2
IMAGE

MaTRIX [Tt

.o . ‘znﬂ
R . .-x:(
. - LN

r
QUANTIZE , CODE AND STORE
|

" IMAGE

¢ ] -‘3:_ | Ay {am_] =a - {

MASS
STORE

, Figure 2.2.2-2 The S-transform decomposition process.
(F1gure extracted from. [24]).
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. Fidvxge 2 2,2-3 The S-transférm reconstruction process.
(Fzgure extracted from [24])

'jlg is not neédessary to completely decompose an image for
transmission. Only a few steps of decomp051t1on can be per-

formed thhout loss o£ 1nformat10n.

" This techniqgue is . best adapted "to both the data flow
needs of the human observer and low resolution image display
.terminals. 1It is thus uéefui even for high data rate sys-

'.'tems where a multitude of different resolution receiver ter-
minals exist.

‘The Hadamard transform has the advantage of a simple im-
plementation.' It only reqguires-: add, subtract and shift

\

operations.

T

o

et
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2.3 VECTOR QUANTIZBR DBSIGN | o

- Vector quantxzer desxgn, for a’_vectgr_';andem_ process
(2.1-2), 1s the determ1nat10n of a set of reconstruction
vectors R(i), i=1,.,K , - minimizing'a qgantizepion error

: - . . - l-

-measure,.

In scalar quantization, the reconstructioh-values are the
centefs of quahtization intervals} The quantzzat1on problem
arises in Optxmally segment1ng the sample space 1nto quant1-

,zation intervals and determ1n1ng the interval's center.

It is possiele to derive analftieallj the' exprEESioh ef
éhe optimum reconstruction vectors.R(i), - for .a fixed deci--
sion region C(}){ for a specified quantiza ign' error and
known probability density function [1]. .Altisqgh possible,

- the evaluetion problem is ov.rer:'w'uelm-ing.,r Eiret;y: no qpanti-
zation. error formdlafion is well related to a subjective er-'
'ufor,measure ofAvisual data; secoddlf, the joint probabiiity;
deqsity functiop- p(V) (2.1-2} is usually not .available;
) ‘thirdly; the siﬁultahepus-evaldation of the quantiiaéioﬁ-qe-
g1on boundaries and region centers [1,2] is fermidable fer

+ non- tr1v1a1 p(v). .

L)

Basically, a.quantizer.desigﬁ algorithm reqe;ring no 'a_
'-bgibrd“-knowleage of ﬁ(vi is needed for vector space partl—
tiohing. Such algort1hms are-used 1n pattern: recogn1t1on, a
f:eld of data analyszs [25] ‘The&se algorlthms "train”.on an

.;ppbt sequence (vector lzst), representat;ve of the vector_
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.random process, . and generate a set of useful measurements,

’

among other representative vectors.

- An important class of pattern‘recegn;tion algofitﬂms,'are
elustering techhiques; The process of ciuseering is Best .
sexplalned by representing the tralnang ‘data set in Cartes1an
..space. Vectors of grey level values, are represented by a
vector of integer numbers. The D-dimensional vectors can be
plottea as points in a Cartesian space. ' Pattern vectors
emanating from a near-coﬁs;ant lumihosity image region, pro-
duce groups of vectors closely aseembled. . Th;se separable

groups of vectors will hereafter be called "clusters"™,

»

Since in mdst natural images, there is high redundancy, a

large number of clusters.is expected. ~

-

o®
- o®

)
L)

-2 : 8 D ¢
o 100D § o i e
gmens:eul DIMENSION 1 DIMENSION 1 DIMENSION |

- [

Figure 2.3-1 Cluste® of vector points in Cartesiah
space. a ) Measurement vecters { V(i) : i=l,...,NV}. b )
Two clusters. ¢ ) Four clusters.” d ) Eight clusters.
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Clustering algorithms use this prépercy of ‘cluster sepa-
rabilipy to extract featﬁres;froﬁ:the clusters;"The'natural
boundaries between cluscers can Be- nsed as thresholds for.
quantization. : Unsuperv15ed clusterzng algor1thms automatx—

cally adapt themselves to a tra1n1ng sequence* hence, each

training seguence pnoduces a d1f£erent-set of clusters,

Clustering Elgoritnms have been extensxvely studzed for
Multispectral Scanner (MSS) 1magery class1f1cat1on and com—
bzned c1a551flcatxon/compressxon [26 271.. Classlf;cat1on is
the process of extracting from a data set, a'usually small
number (20 to 30) of relevant features and 1gnor1ng 1solatedl
vectors . Our concern is'a part1t1on1ng scheme optrmal for

quantzzat1on, not cla551£1cat1on accuracy

Clustering schemes ¢an- either . be parametric'or'nonrpara;

‘metric, An example of a'non-parametric, scheme is Gfaph-The- N

oretic clustering [2B]. This class of clusrering algorithms.
-iéentify ‘generally shaped. clusters'df points in _metfic’
space. * They seek‘the'modes-and ‘the valleys of a h1stogram'
distribution, aesigning valleys as boundarles between clus-:

ters. Any cluster shape is thus poss1ble, cluster1ng bexng'

totally dependent on the frequency of,0ccurence, of the

training samples. This is - a disadvantage for guantization

purposes. 7The'aim'in quantization, is to minimiie.a.quanti- o

zation error measure, cluster separatlon 15 not a nece551ty,

only a practxcal method to generate quantization regions.

S
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For example, in many cases, clusters produced by graph-theo-

’,
retxc clusterlng, will have very large ﬁaraances. This" re-'_

sults in, heavy false contouring in- the 1mage reproductionl a

" major objéct1onable artxfact in 1mage guantization, espe-'

c1a11y for lou 1um1n051ty regiohs. This clusterihg techai-

que is more applzcable for automatic 1nterpretatlon app113a-

'-t1ons,. -where cluster seeking and separability 1is the

~ S
Parametric clustering is based upon the m1n1mlzatxon or

max1m1zatlon of a performance cr1ter1on. By its aim, para-

metric cluster1ng_ is more amenable to quantization. One

commorr” type of criterion is a measure of similarity of vec-

tors, making‘uae of a distance measure.. The separation of

space clusters 1is determined, by minimizing intra-cluster

] distance and maximizing inter-cluster distance. Algorithms

developed using these concepts are the LBG vector guantiza-

. tion.algorithm [29] and the Hilbert cluster/compression‘al-

gorithm'[ZGJ. Both use in principle the K-Means clustering -

'algorirhm'lzsl.

2.3.1 K-means Clustering

This clustering algorithm [25] is an iterative process mini-

mizing a distance measure between a sample vector and a

cluster center. The clustering algorithm is as follows:

Step 1) Choose K initial cluster centers : R (1), .., R (K)
‘ R 1
where R (k) = r (k,2), .., r (k, D) , and "t" is
t t t ' :
the iteration fumber.
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"Stepfi) At the t- th 1terat1ve step, dlstr1bute the tra1n1ng

"4

samples: o

| X3 :1=1,2,. NT (2.34-1)

among the K cluster domalns us1ng the relat1on :
o xtz)_ ¢ c (k) if L

al x(1), R (k) ) <.al xm ﬁt(_j)- ) (2.3.1-2)

for ali 'K.=1,2,.,K : j=1,2,.K
where -k not equal J '

t .
and a{ x{i), R (k). ) the d}stance between X(i) and
and, R (k).
.t
The Euclidian distance is chosen if the mean- square
. quantlzatlon error. critérion is to be minimized.

Ties in (2.3.1-2) are resolved arbitrarily.

Steb 3) Calculate the K new cluster centers : R (k),-k:l,.;k,

o : £+l .
- based on the statistics of C (k). If the mean-square
guantization error criterion is to be minimized,

the optimal.cluster centers are ‘calculated u51ng the .-

’ sample mean.

t+1* NC(k) - X(i) ¢ € (k)
£ -

. -k =1,2,.,K°
where NC(k) is the number of samples in;C {k).
. . t

Step‘4) Reiterate to step two until the process converges,

Cqonvergence is obtained when the cluster centers from the

last iteration are exactly the same as the current itera-
tion. Aftér convergence the last cluster centers are.called

reconstruction vectors and used for gQuantization.

C (k) denotes a cluster set 'R (k) the cluster center.

R" (k) =Y ----- :E: ' (2.3.1-3}

AN
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" The behaviour of the-K-means -algorithm.is infiugnced by
the numb;r'of cluster ceﬁters.specified{. thé¢choi¢e:6f~ini%_
'tipi cluster centers, the distance measuyre used and of
course, the geometrical-préperti;s of the vedtor séace data.
Although no general pﬁoof of coﬁbergencé exists for.this al-
gorithm, it can be expected to yield accéptable‘fesults_when
the data exhibits characteristic clﬁgter$ wvhich éreArelg- '
tively far-ffdm each’ other. Thisélgoritpm-produces a quan-
tizer meetiﬁg neéessarg but_not sufficient }conditibns f&r"

~ optimality.

i
. Improved clusterigg is possible by using intra-cluster.
and inter-cluster distance measures for splitting, merging-
and combining of clusters, at each iteration. A clustering

technique using'ﬁhese pfinciples is I1SODATA [25].-

The disadvantage of such a scheme is the necessary heu-
ristics for decisions on splitting, merging and combining of
clusters, Furthermore, extra computation effort is required

for calculation of the inter and intra-cluster distances. |,

This type of clustering technique is more suited to ap-
plications allowing a variable number of clusters, such as
in automatic interpretation, and where computational com-

-

plexity is of secondary importance.
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‘1t was proposed in the last section to use: .the cluster

[

centers, from the‘last.iteration of the R-Mgéns‘algd:tihm,

as reprebentative vectors. The cpﬁponents_of eaéh'of-theée
vectors are reéi-values. If-;he‘rcddéd iyage“is to.be aiSf
playeﬁ; then the vector components ﬁus; be qugntized to in-
teger values. The usual dynamic rangé of;gtéyhlebél'values

is 256, eight bits per vector component.

Once the reconstruction veétqr§ are determined and quan-
fizgd, the ~ector 1ist generated by the iﬁage decomposition
process must be Qeqtor quantized. Each vector V(i), is as-
signea'to tﬁe';ipéeét-R(k), using thq_saﬁe distance megsure

d(v(i),R(k)) as in the quantizer design algorithm.

_Efficignf coding is aghievéd by aséigning an ihteggr num-
bér or label, 1 to K, to eaéhfﬁ(k). - Bach vector V(i) is
coded not by its representafive vecﬁor_R(k), but by a binary
codeword,m'which'can simﬁly be the quanfization region label
1 to K. ‘Morg'efficieni'Coding‘is,ob;ained by entropy codes,
Such’as_a Huffman code -[30], but at the expense of variable
1engfh.c§diﬁg,_pr§duging‘néh-tqivial bufféring problems, for

transmission.

"'{;Thus, a vector‘quhntized image is toded by a reproduction

alphabet  R(k) : k-1,2,.}K7 and a list of integer labels,

- .or.codewords

_u(ii': i=1,2,.,NV ,. " (2.4-1)



40

where'ﬁ(i).is an integer number from the set' 1,2,;,K .

The reproduction .alphabet is- also called the codebook,.
the dictionnary or the overhead.
e

REPRESENTATIVE

. VECTORS
VECTOR
SPACE . ' . . .
PARTIONING . " x
. .
CP CODEBOOK
Two Pixel ] ' T , ‘Cluster ", -a!
X Block . 238 4 %lor c'".ff" ) L ‘
f:}Ei.....] I X ‘s ) PIXEL |
Tt | . -
""" VECTOPRS KR X —_—
I TN,
. - v . » - "
‘N , - x. : . .
e o SRk . ‘ C QDEWORDS
. > . i "-l“. "
MONOCHROME z! .. . 1
IMAGE R
SOURCE ° t l____1.
2 PIXEL 1 193 REPRESENTATIVE
VECTOR
MAP

Figure 2.4-1. Vector guantization coding process..

2.5 VECTOR-QUANTI ZED DATA DECODI‘NvG .

‘Vector gquantization offers implicitly, ‘simple )deboding.
Each codeword w(i) is uséd to look~ﬁp the corresponding re-
‘construction vector R(k),.from a known Eodebook. For bioék
decomposed images each R(k) is tﬁen simply restructured into

-

displayable form,
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Look=~up tabie decqding has an added advaniage :‘feal time
decdﬁing‘impleﬁentation. In a gonventional image disﬁlay
system, a large refresh memory f{e.g. 6 Megabits for a high
quality colour image) contains a full qu image representa-

tion ready for digital to analog conversion.

4

L . :
IMAGE . ’ REFRESH

! A s > - - MONITOR
STORE CHANNEL DECODER - MEMORY [e]

Figure 2.5-1 Conventional image decoder with monité;.
L N

Vector guantization decoding is possible at video rateé{
since only memory look-ups are performed. Video-rqte decod-
ing does not require a fuil size refresh memory. The re-

fresh memory must only be large enough to contain the coded

representation of an ‘image.

COMPRESSED REFRESH :
CHANNEL | | ®hcraesh [—w—] MEMORY MONTTOR

MEMORY DECODER

A

«————— SLOW CYCLE TIME : > FAST CYCLE TIME —M8M8M™»

Figure 2.5-2 Image dec¢coder block architecture with a
compressed refresh memory.
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.The gecoder is composed of tvo parts; The f1rst part op-
erates at low speed and 1nterfaces to- the channel The sec-
ond part operates at the raster refresh rate and is. s1tuated'
between the small refresh memory and the monitor. The deco-_
der, for vecto -quantlzed data, 1is simply look—upttebles

containing the reconstruction vectors (2.1-6).

K more detailed block diagram of the compressed refresh

mémory -vector quantizer decoder is 1illustrated in figure

2.5-3.

LUT I Y

L

7 |

n L] r— I—.CJ' E
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| REFRESH T X
. .  MEMORY E -] x|

X ,

IMmxmren--—4rcX

[ 1

g ] T

—_CONTROLLER _ T

=
c
-.4
%}
;4Txmrv—4rCZ] _
|

] "
r

SEQUENTIAL [ EHANNEL | . -

INPUT j__ BUFFER’

T

Figure 2.5-3 Detailed video rate decoder architecture
for vector quantized data. .

CRT
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As can'be._observed'a‘simﬁle andnlov cost decoder archx*l
-_ftectute is possibleJ ‘In th1s example, the pzcture is recon-.
str0c€ed ﬁsing two by two pxxel blocks. - BEach line of the
"codeword refresh memory 1s read thce to- generate two l1nes

' of pxcture grey level values.-- Each codeword is’ transmitted

to two LUTs (Look-Up Tables) to generate ‘two ne1ghbor1ng‘

pixels,, whlch are automat1ca11y fed . to the D/A (ngltal to
Analog) converter and-the CRT (Cathode Ray Tube)r

i’W1th this aréhitecture the refresh memory size is reduced
by ‘a factor of 4 (the .number of - plxels.represented ‘by a
'blockT For example,- when coding with four by fcur pixel
- blocks, the refresh memory sxze is reduced by a. factor of at
least. 16, - if K 1s smaller or' qual ‘to. the number' af grey’-

levels in the original image:

2.6 pnfon STUDIES ON VECTOR -QUANTIZATION.

——

'cessfully usxng vector quant1zat10n K speech‘and imagery.

"2.6.1 .Speech Compression

Linear-predictive coding (LPC) t3l] is one‘ of-thetmethods
currently used to compress Speech {29, 31 32 33]. 1In this.,
' techn1que short segments of speech typ1cally 20:mzlli-secf
| onds, are treated,one at a time. .The fitst step ln:codiﬁg

involves‘finding._an all'bcle “filter GM(z) which best de-

Two types of digital signals have been_ compressed suc- . - .
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scrxbes the segment The.next step-concerns'the compression-

or quantzzatzon of the coeffxc1ents descr1b1ng _the filter. . -

The trad1t1ona1 method quantxzes these coeffxczents pne at

a t1me, hence the term scalar quant1zat1on.

Recently;there ‘heS'peen 1nterest in quantlz1ng the 'D
coefficients "en bloc" ; that is, by treat1ng them as vec-
taor. values in . a h1gher d1men51onal space. "NV segments of
speech are fxrst analyzed to give NV D-dimensional vectors.
-U51ng a .cluster1ng'algor1thm such as K-means, K clusters
which best .represent the NV vectors are found. For each
cluster the :meanlvalue ‘is then usually taken as the most
representative value of. the cluster. A codebook or diction-
narylof these‘teptesentative values is then transmitted. As
each segment of speech is analyzed,the closest cluster is

found and the. correspondzng cluster label is transm1tted

Vector quant1zat1on of the coefflcxents can y1e1d signif-
'1cant sav1ngs in the transmission rate when compared to sca-
lar quant1zatlon. : Reduct1ons of 2 to 1 are quoted in the

»

'11terature.

2,6,2 Image'Compression

" Image compfession u51ng vector quant1zat1on, vwas first
. investigated on Mu1t1spectra1 Scanner (MsS)" data [26,27],
' under‘the name of . the Cluster/Compre551on algor1thm. Com-

',epress1on algor1thms developed for MSS data can be used ef-



fect1ve1y in -mést cases on coélour plctures [2§], orireﬁoval X

,of redundancy between the Spectral channels. ) - :; -

Honochrome 1mage compress:on [23] was-recently stud1ed

w;th the Linde Buzo and Gray vector quant1zatxon algorxthm'

-[291]. q

2.6.2.1 Multispectral Image and Colour Picture Compression

i) The Cluster-Compression Algorithm

Hilbert [26,27) introduced in 1975, a joint feature extracé.

tion/compression scheme for Multispectral Scanner(MSS) data
for on-board (i.e., satellite, plane, etc.) appliqations.

The compression algorithm is as follow$

1) d1v1de a MSS frame into equal size sublmages, typically
16 by 16 pixels. .

2) use the s-measurements {spectral reflectance values) of
each pixel as a vector, and determine K repreeentatiVe_
vectors, using the K-means algorithm cluster centers.

.3) reblace each pixelrnector by a label number referencing
one of the K representat1ve vectors. | L

~4) tran5m1t the K representat1ve vectors, and the label list

for each,sublmage.

Decnding is performed’ﬁyp_table-look-up as described:in

section 2.5.

- as
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Subrmages,_xnstead of a complete MSS frame, are used for

cod1ng for faster prOCe551ng time. This is because fewer

regnesentatzve vectors are requlred for small image sources, .

and the K-means processzng time is proportzonal to K. Opti-

" mum sub1mage sxzes are 576 pxxels for th rates greater than

1, 2 bits per  pixel per band, and 256 pixels. for'lower bit

-.rates. "

- Compression ratios of 7 to 1 are obta1ned for colour pic-
tures : i.,e. 3,75 instea iws per p1xe1 for the “Ro-

dak girl”® picture. The algorithm \performs.better than hy-

brid coding [34] or adaptive Fourier or Hadamard coders [26]

using zonal gquantization. »

Adaptive subimage coding produces a further gain in com-

pression of 0.75 bits per pixel for the "Kodak girl®” [26],

at the expense of increased coder/decoder complexity. The.

improvement results from coding each subimage with a differ-

ent number of representative vectors, chosen according to

sublmage stat1st1cs.

Postprocessing further decreases the bit-nate. Entropy
coding results in a 20 percent gain [26]. Simple label
plane‘subéampling, results in better performance than adap-

tive cluster/compression-coding. Cascaded clustering (cas-

-caded vector quantizatiom) reduces the correlation between

the codebook of neighbouring subimages. The technique con-

sists in vector quantizing the representative vectors from a

v
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sequence of subimages, into a-smaller set, and using it as a

codebook for the subimages of the sequence. Hilbert affirms

‘ this postbrocessidg technigue to be non-efficient.

ii) ¥ A Practical Iﬁpléﬁentation of the Cluster/compression

Algorithm

Lowitz [35,36,37) adapted Hilbert's algorithm [26) for a
practical implementation. For ‘pratical buffering considera-
tions, a line of Multfspectral Scanner - (MSS) data is used as

a subimage. Each ﬁixgl (D-dimensional vector) is first Ka-

~ rhunen-Loeve transformed. Only the two to four first trans-

. form coefficieht; for each pixel are conserved. 16 repre-

sentative vectors are determined, for each line, wusing the

K-means algorithm.

Once 1024 representative vectors are acéumulated : i.e.
after 64 lines, these are reduced to 128 by cqscaded'clus-
tering. Hilbert's misfortuné with cascaded clustering is
quoted [37] to be eliminated by using only distinct repre-

sentative vectors, for clustéring. 'after 8 groups of 64

lines are processed, cascaded clustering is reapplied to

generate less than 256 clusters. Typically 1l minutes are

required, using a IBM 370/158, to ‘code a 512 by 512 pixel
image.

- -

§

Lowitz affirms that adaptive coding, by varying the num-

ber of representative vectors for each subimage, results in

1Y
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minimai’bandwidth §A§{hg fot'an‘inctease in system compleii—
ty, due - to the problem _in;handling yariable-length code~-
words. - : :
. - - f
Compared to DPCM bated compression strategies, the clus-
ter compreasion_scheme_is relatively noise immune. Oniy the
codebooh, of repreeeﬁtative'vectors, has to be protected.
This amounts to 5 to 6 percent [36] of the total'nnmbe:.of
- b1ts to transm1t If -the representative vector; listc.are
'not compressed by caéé;ded clustering, ' then a simple error
correct1on séheme is spff1c1ent- if'a codebook is known to
have been altered then the preced1ng,codebook (of the pre-
v1ous 11ne)lcan be used without great damage, ‘because of the-

-

great redundancy between Successive 11ne5.
iii) Improved Cluster/Compression algorithm

IMacCalla and Chang [33} *iﬁptoved Hilbert'sfadaptive Cluster
Coding scheme, usind a mcdified multi-dimensional ehtension
of a mode-seehing estimator due to Kocntz et afT,ﬂEgsj fol-
leéed by a weighted'minimum distance classifier [25]. The
estimator is applied iteratively to 16 by 16 p1xe1 local

sources “of Landsat Multxspectral Scanner data. It selects

.the number and .relative ‘positions of the modes of the data -

'based on the 1ocai'scurce variance, Usually 3 1terat10ns
are required. The pixels of the subxmage are then assigned

to the closest mode.

"o
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. The tbchnique'outgqrformé Hilbefth aigorithp,by an évefF.
agejof 24B (signal'éo noise ratio). The qﬁthoés_affirm that
. the iﬁprovement résuits_froﬁ Hilbert's‘al§orithmfs imﬁ;ober 
initial choice of cluséer éentgrs'_and inabilitf‘.to'éelect

"isolated pointssas clusters, using an’Euclidian~ﬁetric.!

iv) Colour Picture Compressioen

-

Vector quantization of‘éolour'piqtures is offen called col-
our quantization, when the vectors extracted from an image
~correspond to the R,G,B ( or- other ) coordihétes of a pixel.
Heckbert [39) studied colsur guantization, for reduction of
the refresh memory size. A typical colour image rgquires 24
bits per pixel; 8 bits per colour coordinate. Heckert was
able to obtain a reduction’of 3 to 1, by using onlj 256 col-
ours as representative vectors, A suboptimal quantizer de-
sign was used to obtain fast coding. “This is ‘well below
Hilbert's compness1on result. Heckberf also proves the vi-
ab111ty of using dltherlng for compression, on colour image-
ry, to obtain compression ratios of 10 to 1. Dithering is
‘the process of first poo;ly guantihing an image:' and tpen

‘adding noise to smooth out false contours. ' .

.
-

r

2,6,2.2 . Monochrome Picture Compre551on
- Gersho et al. [23], 1nvestkgated monochrome p1cture vector.
quanfiéation us1ng blocks of a by b p1xels, as

a*b-dimensional vectors. The set of representative vectors
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is generated using the algorithm proposed by Linde et 51;
[29]. ' \/\ | '
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The technique assumes that a codebook of K representative
vectors or templates, already exists. An-fmage is pertioned
, 3 ,

into NV'blockS'of a by b pixels. Bach is vector- guantized

* by. search1ng for a best match in the codebook according to

the mean sguare- error crxterzon. " The codeword identifying

the best match is transm;tted.

_ The codebook is generated usxng a traxnxng set, statisti-

‘cally representative of the- 1mages to be quant1zed. It is

generated once and used to: code any 1mage.

Compfessiqn ratios of 10 are' quoted, but the decoded pic-

tures are of éuestionable subjective reprcduction quality.

- The most noticeable coding artifact is a 'sta1rcase ef-

.fect"‘on the edges, follow1ng the block contour ; the higher

7~

the block dimensionality the worse the artifact. Instead of

using a more subjectively op;imaﬁ and more complex distance

measure for‘the LBG [29] élgo;ithm,'afsegmented codebook ap-

prdach was investigated to'imp:oye subjeqtiveﬂqualfty.

'Each vector is classified as an edge or smooth block by

measur1ng the 1ntra-block contrast.

.( IMAX - IMIN )
e ‘ © . (2,6.2.3-1)
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and IMIN referring to the maximum énd_minimhm grey iev-

elivalue. A contrast threshold of 40 percgent;, is used for

classifying patterns as edge or ndh—edge,l ‘Then a LBG guan-*

tizer [29) is designed for each block type, the edge c;de-
book containing 75 percent of the totalhrepresentafiﬁe vec-
tors. The final codebook is a concarenation of the
codebooks. Subjective qualitj is quoted to improve slight-

ly. -

" Two very recent papersl[40,41], extend the Gersho coding

algorithm, by -preproceséing schemes. The Cabrera et al.

[40}- algorithm preprocesses the image vector list, by reduc-
ing the correlatiod between neighbouring blocks using pre-

dictive coding. ' A current vector is compared to a pred1cted

vector and thé -error vector is quantxzed u51ng Gersho's

technique. Very poor subjective qua11ty is obta1ned, pro-iw o

.ducing streaking errors s1m1lar_to DPCM data corrupted by

‘channel noise.

‘Bakep et al. [41] préprocéssed each vector to remove in-

ternal block correlation. The block mean grey level is sub-

" tracted from each pixel,‘ and' the resultxng 'd:fference vec-

tor" is used‘for‘quohtizatxon. ' The codewords and the mean

of each’.block are trénsmitted '. This 'differeﬁtial vector-.

quantxzatlon techn1que is quoted to sl1ght1y outperform Ger—

sho s grey level vector quant1zat1on technlque..

h - B
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2.7 SUMMARY OF VECTOR QUANTIZATION CODING

Whe vector quant1zat10n process

. 52

‘can be modelled as a se- .1

quence of. f1ve operat1ons, as shown 1n the follou1ng fxgure. .

)

LOCAL

Y

DECOMPOSITION o ' _aeensssnranvz
bl b JNTS L)} TRAlMING. "ou;gstig'fn ' vscmns R
o T : . —
s “f‘i sEESERE GeueaAnon 1-® - . N

S CODEWORD | CODEWORDS
A-l UANTIZATION . Lc .
a! Co AssiGNNENT|

. Figure 2.7- 1 .Block diagram of. vector quantfiation?oper-_

ations.

~

' - The decomposxtlon operat:on maps the. 1nput gata an 1mage,

source, from the p1xe1 domain. to a vector domaxn. . The

de-

. composition. technlque is chosen according to the type of 1m—‘

’

age reconstructr1on requ1red

constructlon, etc.

line by 11he¢ progre551ve re-

The second. opefation maps the

domaln (e g transform doma1n to remove

vector 115t

’

redundanc&d,

into another

to -

generate a tra1n1ng set which can be more efﬁicienti}_used

for quant1zer.des1gn.'

The quant1zer design operat1on generates

'alphabet or codebook based on the tra1n1ng set.

N

a teproductlon

-The quan- °

" tization operat1on rounds off the recOnstruct1on vectors and -

,maps each datum to one of the poss1b1e reconStructlon vector

' values. The coder a551gns a codeword to each quantizer. out~
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the quantized data.

'codlng syStems requ1r1ng cheap ‘decoders.’

'_put,. for example a Huffman code,. to efficiently represent

Decoding-can be performed at video rates, only table

-look up decod1ng is’ requ1red for block decomposed 1mages.

Th1s effect1ve1y reduces  the refresh memory size by a factor_

proportional ‘to éhe block s:ze (1n pxxels) used for decompo-

'.s1t1on- thus VECtor quant1zat10n is espec1ally su;ted for

2.7. 1 Adagtxve ¥s. Non- adaptxve Qpantxzat1on

T Two: vector quantxzatxon strateg1es'.are possible s adaptive

~ and non-adapt1ve qpantlzatlon.-. . ‘ L .

t. 1n non- adapt1ve quant1zat10n ‘a sxngle reproductlon alpha-

‘bet (2 1-6)  is generated and used for all random data se-

' .quences to be quantized. The generatlon of a representat1ve-

training'set.'of’a vecter ‘random process (2.1-1), " for quan-

tlzer des1gn is as. d1ff1cu1t as detefmihing its probability

'dens1ty funct1on (2 1- 2) [l]

‘Anxexample of the use of non-adaptive'vectbr quantization‘

~is speech - digitization in telephone'systems. - -All voices’

- source (any caller) are quant1zed us1ng thevéame . scalar

guantizer (ebmpandet); "In non -adaptive quantization, al=

though the data are :epresented by a "list.of .codewords

‘(2.4-1)-and a reproduction alphabet:(z 1-6) only the code~

word list is used for tEénsmission‘ .the recexver is adsumed

to already have a copy of the reproduct1on alphabet.
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The determination of a representative trainihg sequencé
(2.3.1-1), or a probabxllty density function (2.1- 2) as-
sumes stationary data statlstxcs, which is not the case'for
imagery [42] or speech [31] Gersho [23] stud1ed non- adap—"
_t1ve quant1zat1on of imagery. The results although remar-
quable for‘-hh1s's1mple coding procedure, . are sub;ect:vely
fquestionable.‘ Furthermore the cod:ng eff1c1ency is’ not as-
sured because of the non- stat1onary stat1st1cs of 1magery
[23]. '

.0 ‘ -

The problem 1s-overcome by generat1ng a reproduct:on al-\
phabet for each image source .to be quantlzed : Th1s 15 re-
ferred to asEadaptivefquahtization; - An "optxmal' quantizer 2
‘is desiéned' to automarica;iy match the hlstogram'dlstribu--
tion of‘ the:input data. Hilhert'é compre551on algor1thm .

‘ [26] used this pr1nc1p1e for colour 1mage cod:ng

' The_disadvantege of adaptive qudntiietion, is incrq?sed E
coder‘complexityl A quantizer must be designed for each im-
"age source, The decoding process -is the same for adaptive

or non-adaptive quantization;

In the folloutng chapters, only adapt1ve vector quantlza—
'tzon is stud1ed since the best practzcal.quantxzer is £1\°

ways assured.
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Chapter III

- - QUANTIZER DESIGN ALGORITHH

L

;.In the second chapter the K-means [25] clusterxng algorIthm
was descrzbed and proposed for quantxzer de51gn. The vector,
‘space part1t1on1ng produced .by this algorithm depends on :
1) the fectqr'data distribution, 2) the choice of initial
tlﬁster eenters, 35‘ the choiee of the distance measure to-
'.mihimize, aﬁd‘4) the'nﬁﬁber of required‘c1u5ters K. In.this
:chepter'ihitializatjon tecﬁn}ques and the metric impact are
.linvestigateé, ,:Heasgres. of convergence are also défined.
"The fnflﬁente of.the data distribution and the number.of
‘V.sperified clusters, oﬁ data duality, is investigated in the" .
followihg'chapters. A descr1pt1on of the' test pictures,

used in -this and the follow1ng chapters, is first given,

3.1 TEST PICTURES

Three R, G—B (CIE standard colours)‘ colour pictures are used
. for testlng adapt1ve vector guantization. These are CCITT
standard test.. plctures,: d1g1t1zed by the CCETT (Centre Com-
mun d' Etudes des Telemat;ques et des Telecommunxcatxons) of
”France. They were graciously made évhiiable, by the L;bora-
‘-_to1re Image of the Ecole Nat1onale Super1eure des Telecommu-

n1cat10ns of Parls, FranCe.

- 55 .-
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The CCETT pictures are dig}kized to SOf columns by 562
lines, and 24 bits per pixel, i.e. 8 bits for each of the
colour coordinates. ;;e monochrome yersipn of each picture

v

is generated using the Y linear luminance transformation [1].

'Y = 0.299 *R + 0.587 * G + 0.114 * B  (3.1-1)

,—)
e _
Portions of these picture, 256 by 256 pixels, are used

forltésting the adaptive vector Quantization algorithm. A
face type'picturé, designated "FRA", was chosen because of
its ubiquity in the field of image coding. Another picture,

I
denominated "TAB", was chgsen because of its large smooth
"

-. surfaces and straight edges, similar to graphic type image-

ry. A picture containing a larger amount of detail was also
choset : "BAT". The monochrome pictures are shown in figure

.301-1- ) - . .: H “
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Figure 3.1-1 Monochrome test pictures, composed of 256
by 256 snxels PCM coded at 8 bits per pxxel a) BAT , b) .
, TAB.
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3.2 VECTOR SPACB PARTITIONIRG USING THE K-MBANS 'ALGORITHM

The K—means clusterlng algorxthm 1;, an 1terat1ve process

. ?inxm1z1ng a distance measure between a sample vector and a

';clpster center. It was chosen for quantizer design because

it'doésrnot require any knowledge of the probability den;ity

 function of the data and since.it minimizes a criterion that

.can be related to quantization error.

choose K initial )
' cluster centers

———— D G —— A T el —

assign the training
vectors to the
closest cluster centers

——— e — — —— ———— T ——— ———

N recompute the A
cluster centers

«e . Test for .o
.o convergence - o mmm— Somm————

YES

as representative
vectors

l Use the cluster centers

Figure 3.2~1 The K-means iterative clustering algorithm.
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There exists no geheral proof of convergence of the K-
means algorithm I?Q]; hence no .optimal vector-space parti—‘
fioning is assured, only a local optimum. Th; achievable
local optimum depends on the initial choice  of the cluster
centers [25).. Furthermore the speed of tonvergence depends
on the initialiaation. For the same reasons, no optimal

initialization technique exists.

In the following subsections, two initialization techni-
ques, two distance measures ané the convergence rate are in-
vestigated. 'Heagy emphasis is put on simplicity for the
cﬁoice of the clustering parametérs for a practical imple-
mentation. Tﬁ;; simulations were performed using three
training éegs, each generated from the pictures of figure
3.1-1. The pictures are decomposed into vectors, using .the
‘grey leveY values from two by two Pixel blocks cas vector
components, All the vectors extracted from an image repre-

sent a training set.

The quantization error is measured, using the normalized
mean-square-error criterion 1.2.2,2,-3), between the origi-
nal érey level values and the clustei center components cod:

ed linearly to eight bits.

If at some point during the iterative clustering process,
a cluster becomes empty, the algorithm creates two new clus-
ter centers. These are : u+eandu-e, where u is tﬁe
mean vector of the most populous cluster and e a controlable

/'\

- L e . P e s g " e v e a1
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amount of noise added to each_mean'compoﬁent. ‘“e".is usual-
ly ten percent of the dynamic range of the coefficients (3
for 256 resolution coefficients). One of the new cluster
centers replaces the cluster center value of the most popu-
lous cluster, while the other is used for the empty cluster.
Although this technique is fér from being optimal, it is
simple and found to work satisfactorily. Furthermore it was
observe%.that empty clusters occur raFely when the cluster-

ing algorithm is properly initialized.

3.2.1 Initializafion of the K-means Algprithmé

There are several ways to choose the initial ;Elusfér cen-
ters. One comﬁon method, 1is to choose the first K vectors
in the training séduence [25]. This approach is dismisséd,
since one would liki/ the initial cluster. centers to be

well-seperated, and K consecutive samples may not be,

Another scheme is to generate a uniform quantizer : i.e.
a D-dimensional wuniform quantizer is used on the D-dimen-
sional Euclidian hyperSpace, including all or most of the
points in the training sgguence_[ZB]. ‘Agéin thigftéchnique
is dismissed because most of the simple points lie along a
space diaéon?l, because the cofrelatioh i§ high between vec-.

"tor components-generated from neighboring pixels.

A good initi

od [29]. °

lzation technique, is the "dplitting” meth-
ere Q level quantizers are generated, with'Q=2q

r
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' qel;i R until a K Ievel quant1zer is obtatned ;iTvo
initiaﬁ cluster centers, z(l) and z(2), are f;rst determxned

~a

.us1ngfthe mean vector of the sample distribution, plus or.
‘-mznus,one standard deviations. “The K-means process is then
used to obtain‘2. representative';ectOrs. Each representa-
" tive vector is then split .in two cluster centers, according
to Z(i) - e‘f'andrz(i)'+‘e-;_where e is a fixed perturbation
necgcr; fhese 4 vectors are used for initialization and the
process is reiterated to generate 4 reprrsentative vectors:
The‘process is stoppéd once K cluster centers are deter-
mined. This scheme is time consuming; by iimiting the num-
ber. of iterations at two for each step, the computing timL'

would st111 be equ1valent to approxlmetaly two 1terat10ns of

the K-means algorithm for K levels.

Two fast initialization techniques are prefered : the

" traditional parametric method or diagonal seeding, [26],

and the mode-seeking approach [38] ‘)

.
3.2.1.1 Pammercis initialization ‘
The parametric rn{t1hllzat1on approach generally gives ac-
ceptable resultsfon condition that the data is correlated in
all its é’ﬁéns1ons. Th1s is the case for monochrome pic-
tures, where ‘vectors components correspond to grey level
?v&lues from a cqnffﬁﬁons regxon.. K vectors are generated‘as

fol}ows i :. iv
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" 1)calculate the means "u" and ‘standard deviations "o "

X

for each Gecgor'diménsiqn._
2)Generate the intervals ' . B =~
‘ INT(d) = [u(d) - c* o (d) [ u(d) + c* a.'(d)‘ ] . (3-2.1.1-1)

for d =1 to D

where "c¢" is a mdltiplicative factor, -and d the vector di-

-

mension.,

4

-

. 3)divide the D intervals into K sub-intervals (K is the

desireq_nuﬁber of clusters).Let a sub-interval Iength be

2 * ¢ * ¢ (d)
SUBINTV(d) = —————mmmemmeee (3.2.1.1-2)

K : - o _
, ’ ' o @

for d = 1 to D : A

' \ . . ’
4) calculate the seed values for each sub-interval :
. - -

2(d,k) = ( u(d) = c* a(d) ) + (k-0.5)*SUBINTV{d) (3.2.1.1-3).

b

for d =1 toD and k =1 to K «
- . 4 .

L

5) regrqdp'the seeds Z(4,k7 ' d=1,;;,D ‘to form K vec-

tors, and use these as initial cluster centers. °
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The vectors generated by this scheme are poihts, in vec-
tor spac;, lying along Fhe diagonal of positive correlation
throuéh.the ﬁyper-tectangle, enclosed in the intervalll_u(d)
- c* o {d), uld) + ¢* o(a)].

The choice of‘thg'multiplicative factor "c" depends on
the sample distribution. . ‘
3.2§1.? &?de-seeking-Initializatidn
‘A better alternative to initialization is to use the modes
- of the sample histogram space as initial cluster centers.
MacCalla et al. [38]) QUotes that by properly choosing the
modes, and assigning the sémple vectors to the closest mode,
bett;r clustering results are obtained compared to K-means
clustering initialized by the pérametric séhebe. The Koontz
et al. [28] algorithm for mode-seeking is iteratively ap~
pliéd on small N by N MSS subimaées. N by N vector space
distance mgésures, comparisons, and gradient opérations are
required. The process coAverges, on the average, after

three iterations [38]. The number of operations 1is thus

2 : - _
3*3*(N*N) - . The K-means clustering performs K*N*N opera-

tions for each iteration; thus the computing time of MacCal-
la et al. algorithm, for M and N and K equal to 16, corre-

sponds to 144 iterations of K-means clustering.

The technfque~is still viable by using Narendra's et al.
[43] mode-éeefing algorithm. The scheme consists of two

L

‘
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stepé. A hlstogram of the sample data 'is generated and used,
- as’ 2 probablllty density est1mate. The modes of the histo-
gram are determ1ngd u51ng a graph theoretic clustéring ap-’

-

.‘ﬁrbach based on Koontz et al. algorithm [28].

A histogram consists of a listeof distinct vectors and
their freguency of occurence. The hi§togram is computed by
partitioning linearly the D-dimensional data space into dis-
crete cells with egqual volume and counting tbé. nﬁmber of
vectors which occur in each cell. _For_ﬁictures originally
PCM coded with 256 grey levels; a‘good,probabilit;-density
‘estimate {; obtéined by using only 64 grey levels; . thus a
histogram cell will contain up to 4D-fu11 resolution dis-

tinct vectors.

The histogram vectors are then linked to parents. A pa-
rent of a vector is defined as the neighbor with the highest

gragdient. The gradient is measured as follows.

F(V(i})} - F(V(j))
G(V(i), V(§)) =  =—mmemcmommommm- (3/2.1.2-1)
CBD(V(i), V(§))

F(v(i)}) 1is the frequency count of a histogram vector V,
CBD{V({i) V(J?§ is the city block d;stance between a vector
and a neighbor [43]. If no parent exlsts, —the vector is
called a mode. | The clusters are formed by grouping all the -

vectors linked to a same modg, -through-p&rents, grand-pa-

PR
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rents, etc. The cluster spécé is thus pgrtifioned according
:" to the valleys between the modes. Only neighbors at less
than a Buclidian distance of two are used : i,e. city block

distances of one to four.

~ The population (using the frequency counts) of each clus-
ter is computed, and the clusters with the greatest popﬁla-
tion are used as initial cluster centers for the K-means al-

gorithm. If less then K + K/4 modes (since many isolated

points are modes) are determined, the ‘process is reiterated

using a smaller neighborhood, until at least K modes are de-

termined.

‘Fast algorithms exist for the histogram and neighborhoed

list generation [44]. The computing time (seconds), is lin-.

early propoitional to the nuﬁﬁgr.of histogram vectors. The

following flow-chart summarizes the process.
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Histogram ' ’
generation

T e L e . i .

generation for each
histogram vector

, Neighbor Iist e l

Measure gradient
between each vector
and its neighbors

to. determine its parent

by linking
a vector to its parent

L

“Compute clusters ,

Cluster generation I

population
in pixels )

e PR

Use modes of most N

populous clusters as .. -,
“initial cluster centers
ot K-means algorithm

Pigure 3.2.1.2-1.Mode-seeking initialization algorithm.
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3.2.1.3 Comparison of Ehe'Initialization Techniques

"Parametric initialization and 'mode-seeking initialization

are compared using the. three training sets described in sec-

tikn'3.2. The K-neans algorithm is- run on ‘each of the

: . 67

training sets, using the Euclidian metric and cluster means '

"-as cluster centers.

" Clustering is alléwed to iterate until éonvergence. The

‘normalized mean-square quantization error is measured after

H

'
each iteration,  between the new cluster centers and the

original data.: Table-3.2.1.3-1 presents the resuits oﬁ;'

tained using the “FRA" training set picture ;' similar re-
Sults are obtained for the other training sets.

——— - . — o ——— -

; ¢ ~ToTmmeme——ss——me-
Number of Number of iteratibns NMSE
clusters to reach convergence ”
N e ————————

{K) de- Parametric Mode- ' Parametric

seeking ¢ =1¢ = 2 seeking ¢ =1l ¢ =2 *

-2 11 6 ‘9 34,63 34.63 34.63

4 22 10 19 7.67 7.67 7.67

8 . . 30 - . 49 2.65 * 2,66

16 T a0 o x 1.49 - *

Table 3.2.1.3-1 Number of iterations to convergence for

parametric and mode-seeking initialization. "*" indicates a .

very slow convergence, requiring more than 50 iterations.

‘ i : .
Although the mode-seeking initialization . technique pro-

dqges slower convergence for K < é, the end result is the

same as the best parametric initjalization scheme. For op-
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tima]l results, "c" should be seét equal to one standard devi-
ation for K < 8 , - and greater or - equail to fwo for K > or =

to 8. Mode-seeking initialization consiétently outperforms

parametric initialization for K > 4, for all training sets.

‘ .
8

The computation time for mode-seeking, is negligible
(seconds) on the VAX-750.  The mode-seeking technique for
fast computability, requires 1the‘use of very large memory
space for storing the neighbofhood list for each histogram
vector : for D-dimensional vectors, 5D * NT table entries NT
being the number of histogram vectors [43]. This problem
can be ovefcomé on sﬁgll computeré, using fast disk han-

dlers, 0

3.2.2 Metric Impact on the K-means Algorithm

The quantization error is represented by the distance meas-
ure used in the K~means clJStering algorithm, Many differ-
ent distance measures exist, General measures using the‘.
samplé covariance~of each cluster in addition to the cluster
center are not used because of their high computing time re-
quirement and since no satisfactory measure well related to

the visval process_exists [45].

Only simple metrics are coﬁ%ideﬁed for vector quantiza-~
tion, The absolute (Minkowski) metric produces cubigal
_ ) _ .
clusters, and the squared Euclidian metric produces spheri-

cal clusters. The absolute distance . is formulated as fol-
; x N : .

lows
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AD (3.2.2-1)

| v-R|
i . s B
. J=1

]

The squared Euclidian distance is formulated as follows

D . ‘
] 2 ‘ te”
SED = [|V-R || = D (v-r)(v-r) (3.2.22)
B SR e 33 i o3 .
J=1 .

The use of the squared Euclidian distance produces the
‘§ame éiuste}ing result as the ﬁuclidian distance since the
relative distance value is used for decision. Henceforth,
the squared’ Euclidian distance. measure will _be designated

Euclidian distance.

It is expected that the absolute disfance will produce
poorer results than the Euclidian distance, according to the
mean-sguare-error critefion,' since the Euclidian metric is
"optimal in -a mean-square-error. sense. Noﬁetheless, the

mean-square-error criterion can give an indication of the
éensitivity of the clustering algorithm per{ormance to the
choice of the distance measure., This is'especially expected

for a large number of clusters where the assignment function

is more dependent on the distance measure.

Simulation results comparing the absoltte distance to the
square Euclidian distance using the "FRA" picture, for XK =,
"2, 4,8, 16, 32, 64, and mode-seeking initialization

“are. presented,
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.Iﬁ all'cages (even for K = 8) the.Euclidian outperforms
fhe absolute distance. - Although' the absolute distance pro-
duces slower convergence, tﬁe'fesults shoujvery smalibdegra—
dation even fo;'ldfge values of K. . This indicates that" the
clustering performance is quité insensitive to the distance
me;;ure used in the assignment process. _ The results of ta;

ble 3.2.2-1 are typical of other training sets,

Number of Number ‘of iterations ) IMSE

clusters to reach convergence -
(K) absolute  Euelidian ﬁ'"éléiié?;
distance distance distance distanc:\
2 mu o1 342.63 34.63
4 .23 22 7.684 7.667
8 24 30 2.693 2.653
* 16 20 . 20 | " 1.563 1.491
* 32 20 20 © '1.036 & 0.993

* 64 20 20 0.687 0.681

Table 3.2.2-1. Comparison of the Euclidiadh and absolute
distance measures, for the "FRA" training set. ' In the cases
preceded by an "*", the iterative process was stopped after
20 iterations and the quantization error measured. ' Initial- -
ization was .performed using the mode-seeking approach, in
all cases, The sample .mean of each cluster was_ used as
cluster center.

The comp n§ time saving using the absolute distance.is

minimal; nonetheless, for a low cost coding implementation,

*‘\h_\\\'fhe absolute distance measure is practical since it does not

tequire any floating point operatibns.'
[ ’ P
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3.2.3 Convergence Rate for Iterative Clustering

. X
Eaéh iteration 4 of the K-neans_EEigorithm consists of an
assigﬁm&nt of all tréiﬁing vectors to the nearest c&ystér
'center, followed by the recalculation of the cluster cen-
fefs. Convergence of the cluﬁtering algbrithm occurs when
n&ne of the vectors change assignment, since- the cluster

centers do not change from one iteration to the next.

The clustering computations are limearly related to the
number of iterations, It is thus necessary to investigate
the relationship between clustering pertofmance and the num-

ber of iteratsons.

Intuitively one would anticipate that many of the }ést
iteratians, before convergence,- are just reassigning a small
number of vectors which are located'nearly equidistant from

more than one cluster center.
¢

' The final as;ignment of such vectors will likely have
little impact on the clustering performance. Simulations
were conducted to determine the impact on the mean-square-
error performance due to cqnsffaining the nymber of cluster-

ing iterations. '
L ]

The results of these simulations on the "FRA" training

set are shown in figure 3.2.3-1 where the normalized mean-

. 3
square-error is plotted as a functipn of the number of iter-

' ation allqued for various values of K. In al)Y cases mode-

-»

seeking initialization is performed.

e
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K= 16

\ K=32 LT v CONV.
\‘\ Ks 64 ) . CONV.

-

' . ’
Figure 3.2.3-1 Normalized mean-sguare-error vs, number -

of iteration allowed for the "FRA" ttaining set, for various
values of "K", 1In all cases mode-seeking initialization was

performed.

The results, typical of ali‘training sets, indicate that
with respect to the ndrmalized mean-squafe-ernor perform-

ance,- the number'of-clustering‘iterations cane be limited to

7

a maximum of about 5, with little performance loss. This is .

a significant result in terms of practical implementation

consideration. A convergence measure is .of secondary impor{\.
: gt

tance in a pratical implementation, since only a small num

ber of ' itesBtions is required. o

- - - -'——0-;—|~—---—o—-+-'—------ b —tr—— - K | e for e m—
0 v 2 3 4 5 6 T 8 9 110 5 . 20 NUMBER OF ITSRATIONS

." .
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Convergence measures are still investigated and - used in

the following sidhlations,_'to make sure that in all cases a

result close-to convergence is obtained. A convergence -

.neasure is used to stop the recursive clusternng process,

instead of, simply 11m1t1ng the number of iterations. A sim-~

ple- techn1que 15 to*measure the cluster centers drift from .

one 1terat10n to the next. This convergence measure will be

.labelled MCCD : 1.e maximum clustet‘center difference cri-.

terion. The vector difference between the previous and new
cluster.centers is measured. 1f any of the components of
the K differencﬁ vectors is larger than MCCD, then the pro-

cess continues.

Another scheme measures the quantization distortion [29],
in ‘'our case the mean-squaée-error, between two successive
iterations. This technique labelled QED, uses the following

measure

QED B0 eeme——— m—————e—e——— ; . - (3.2-3"1)

t-1l and t refer to the 1last and current iteration respec-
tively. The: quantxzatxon error is measured using the clus—

ter center as representative vector. 1If QED is smaller than

-

"e", the iterative process is stopped. For the three train-
ing sets described in éection 3.2, and for any K,. a QED

' smaller than 0.004 and a MCCD equal to 1.0 (one grey Ievel),
N . : .
will stop the iterative process at around 10 iterations.

-
r . -

.
‘



Although the Qlﬂ and MCCD convergence cr:ter;a are sub-
“optimal, - they ate s:nple and produce sat:sfactory resultsﬂ
The HCCD 1s sllghtly erratic compared to the QED criterion,
:but has the advantage of . requzrzng only K*D difference. oper-
atzons, wh:le the QED cr1teF10n requ;res NT*D difference and

squaring operatzons.

3.3 'SUMMARY ’

.Veotor.quantization of a training set generated from an io;
age was_ shown to.require many iterations to Teach conver-
gence. ‘In cases involving large ‘values of K", the'nnmbot.'
of iterations is part:cularly large. : In_ all cases only
about 5 1teratxons 'is requxred to obtazn a verg satxsfactory
result. Vector quantxzatzon e¥en in this simple form re-
quires a large amount ot computing tioe, : Nonetheless two
recommendatione can be made, -one for a lou cost coder 1mp1e-
mentation, and another for a pract1cal but near- opt1mum im-

plementat1on.

A simple coder, should use ‘thé parametric 1n1t1alzzat1on
technigue, setting 'c‘ equal to one for K < 8, and to two
for K equal or o:eeter than 8. The absolﬁte'&istance shoulq
be used,.to eliminate floating point operations and the nuo-

ber of iterations limited to 5 or-even-less.

A more optimum coder, would use mode seeking initializa-

tion, the Buclidian distance and a QED (quantization error

-~

-

!‘.
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. - - . . A .
difference) of 0. 004 ‘or lower, as a measure of convergence.
This last algorzthm is used 1n the follov1ng chapter for

coding the monochrome p1ctures ‘of flgure 3 1-1.

————




" chapter Iv
n'onocnaous 'IMAGE com NG

In this chapter, ‘computer 51mu1atxons are used to provide
.'compqrat1ve performance results for the varlous vector quan-
'ttzat1on strateg1es for cod1ng monochr?me 1magery. The per-
-formance measures used to evaiuate the varzous codxng strat-_“

. egies are described in section one.

‘The.ccding philoeophy, in this dissertation;j{is'adaptive o
_.vector‘duahtization + i.e. image quantirers are‘individuaily'”
‘-des1gned for each. 1mage source._ The 1terat1ve K-means clus-
ter1ﬁg algorithm, with the Euclidlan d1stance, ¥1s used forf
'the‘Simulations. Unless otherw1se stated, 1n1t1alizatden of .
the algor1thm is performed by the parametric'scheme‘setténgg;
"c" equal to two, and the algor1thm is- allowed toriterate
'untii'the QED (3.5.3-11 gpdcerﬁence 'cr1terion is-less than

0.000S. e
. /'-" .

The decoded 1mage 15 obtained by subst1tut1ng the closestKM—hJ;
cluster mean of the last iteration, accordxng to the Euc;}-
dian,metric, for each vector extracted from the 1mage.:_ The -
components .of each cluster mean are llnearly quant1zed to

-

eight bits.
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The “first’ step in vector quantzzat;on 1s to deconpose the
\‘1mage into a lzst of vectors., Blocb=dec6mp051t1on 1s ;nves-
tigated in section two. ' Results .are preseﬂted for var1ous
compression ratios bg vary:ng the' numher ofﬂ quant:zatzon

levels : i.ey K.

In section thtee; vector 115t preprocess1ng is investi-
gated, for reduc1ng the large tra1n1ng txme assoc1ated with
K-Means c1uster1ng. " In section four, local image source
quantization 15 Q}mulated, to further reduce training txme

and 1mprove cod1ng performance.‘ i . \\

Another 1mage decompos:ton techn1que is investigated-in’

sect1on fzve 3 _the association of the S transform with vec-

.tor quant;zatzon Thls scheme perm1ts a progressive recon-
struction of the decoded 1mage. " Section six discusses
ipost proce551ng for data rate reduct1on. Finally section

seven presents a_,performnnce compar1son of the best vector
quantization schemes to other non-information preserving

r

cddihg‘techniques.

#.1 CODING PERFORMANCE MEASURES

The performance of'ai non-information preserving cbmpres-.
-sion algorithm is measured in terms +of the data rate vs.

.'daea qual1ty and comput1ng t1me.
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The various quantization strategies are simulated using

» Pt

the test pictures of figure 3.1-1.

-~ - ' . .
Data quality is measured in terms of percent mean-square-

S

error and subjective appearance. The Percent Héan-Square- '

Error between the originél and reconsiructed-iﬁage is calcu-

lated using 1.2.2.2-1 through 1.2,2.2-3 ;

Photograpt§c results are presented for subjective evalua-

tion, but dne must keep in mind that they are taken from a

television monitor, and that the reproduction process intro-

duces some artifacts.

The simulation software package was' not optimized for

speed but for flexibility. For this reason, relative com-

puting time units are used, to pfégeni computing time per-

formance from one scheme to another, -

+
-

A computing time unit, for -the VAX*ZPO, depends upon :
the number of available memory pages, input/output process-
ing speed, type of array access, type of software languange
used; etc. As alguideline, one computiﬁg time unit corre-
sponds to one hour:' for the present hardvare-software simy-

lation package.

st
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4.1.1 Data Rate of a Vector-quantized Image

The total data rate of a compressed image is expressed in
bits per pixel.: In adaptive vector-quantized imagery both
the codebook (2.1-6) and the codeword list (2.4-1), are in-

r

cluded in the bit rate.
The contributing bit rate of the codeword list:is

h. 1 - h - .
. B = =--- (]1log K | ) Dbits per (4.1.1-1)
W h 2 ‘ codeuogd -

re o

L4

where | x | -,smaliest integer >= x

This:representation of the codeword'liéf-is wasteful if
K, the number of quantization ievels, is not a power of two
(é;g., the use of 3 bits to specify one of 5 integers for 5
=5). _'This'rgpresentatibntcan be improved by using simple
fixed r;te natural codiqg]ﬁh .the h-th extension (h—tuplés)
6f the codeword list. For h > 1, the totai_bif rate is’

never significantly‘breater than for h'iﬁ; [26]. Feor sim-

plicity, the number of quantization. regions will always be

chosen to be pokér of,tﬁo,_ahd h set to one for optimal cod-,

ing.

. The codebook dbntributioﬁ to the data'rate'is-caICulated

~using

. 'y : .
B = K * D*F bits (4.,1.1-2)

W
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where each reconstruction vector component, r{i,k), is

-

—

scalar 'nutber quaniizgd using F bits,

”
The total bit rate for an adaﬁiively vector-quantized im-.
age will be: |
M *N 1 ¢ bits per

1
BR = (B+ (B * ——--- ) ) * —meee - (4.1.1-3)
o ¥ NP M*N pixel

vhere NP, refers to the number of pixels rébgesented by a -

-~ vector, and .M * N the number of pixels in the image source.

4.1.2 Example gg'Bit Rate Calculation

Consider for example, adaptive vector quantization of a 512

by 512 piiel monochrome image. M =512 and N = 512.  Assume

that the image was originally coded using 8 bits per pixel.

(PCM coded). -

Block decomposition is chosen : i.e, blocks of.contigﬁous

. pixéls are aligned into a vector. The block - size will be

four by four piKGISv:;ThﬁS : NP % 16 and D = 16.

Assume only 128frepfesen£§tfﬁe vectors are required to
code this image, théﬁ k = 128, Each reconstruction wector
dimansion~li§ quan;iied liﬁearly to siﬁl bits, thdé from
(4;1.1—2).we pbtain | |

7

B = 128°%* 16 * 6 = 12288  bits
o 3
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Th1s ts the overhead bxt rate cont:zbut:on. - (1992,128L j
bg;s are tequlred for labellng each of the 128 quaﬁtlzatxon?-‘ﬂ

h_,'_;..‘ .
T ". Y.

reg1ons, hence uszng (4. 1 1-1)

B ?;.: 7;A_bitsﬁper_cpqevbrd o

The total data rate for transm1tt1ng the above compressed

'--1mage would' be, usxng (4 1, 1 3)

“ .
-~ .

R s12%s812 - 10"

'BR = (12288 +. (- 7 *emeomeee ) ) % aeiieoa

16 - 512 * 512

= b.434'f‘ -bits'per pixel

or a compre551on factor greater than.16 _since thefimaget

uas or1g1naly coded using 8 b1ts per pxxel , The'ccrrespohaa

1ng refresh - memory at the decoder-would also be 16 t;mes"

smaller than necessary, 1f real tzme deccdxng is opted for.

T
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4.2 axuacernecouposxrrou INTO vscmons a;_jﬁﬁéiﬁ

| The first step in, vectpr quantization of imagety 'is'to de- . -

compose the 1mage 1nto a list of vectors. . In section 2'2

two dedomp051tion techniques were explaxned.- Block decompo-

51tion.' he 51mp1est, partitions the image 1nto blocks of

pixels, each block representing a vector and each pixel grey

level value corresponding to a vector component. The image

~is decoded block .by. block,- producing a ine by line type of
| reconstruction. "‘. o f. .' . - '

‘The computing time assocxated .with K-Means iterative

clustering 1s formulated as Eollows ' | |

;,coupUTrNG:TIMe =”s *7NT_* D*XK - Lo (402-1)

- - . i " . Y ‘ ' . . . "‘

' where $ is a proportionality constant 'ﬁT is the number of . -

training samples_(vectors) D the vector dimensionality, and“

K the number'ofjguantization dec1sion regions. In the fol-,

lowing simulations, the-complete vector list extracted from

an image, is ‘used as a’ training Set for the K-means cluster-i
ing'algorithm } thus NV (2,2~ 1). the number of vectors gen-=

 -erated by‘the._imaQe-dbcomposition process, -eguals NT the

number of training samples. Since the complete vector list

is used’as a training set," ‘the computing time of 4.2-1, ‘isi

-

for quantizer design, quantization and coding. The K—means'

process calculates a cluster center at each iteration,_ and

assoc1ates 1mp11c1tly each training vector to a cluster cen-

ter. At the end of the clustering process, all vectors are

i



“labelled (cod:ng) by an. 1nteger number spec1fyxng to vhzch,‘
lcluster or representat;ve vector it 1s assoc1ated. The re-;,'L

”'quzred memory space for computatlon, for thxs case,. is thus*

',ﬁhproportlonal to the 1mage 512e. ';.‘flf B '14 ‘¢ll

/

‘t ance the complete vector 11st is. uSed as a tra1n1ng set 2
NT * D corresponds to the number of image pxxels, thus is e
constant for any block conf1guratxons. o Only K 1nfluences'

the comput1ng tzme : -thus K should ‘be kept as small as pos-f '

sible. = . ‘.-f "

Block structure and sxze are two parameters 1nf1uenc1ngw

:the compre551on 'rat1o. * The optzmal block conf1guratlon,;'“"

:Should max1m1ze the correlatxon between vector components .50

as to obta1n the densest posstble vector: space for

design. ‘The block conf1gurat1on should thus be

Ethe 1mage auto correlatlon funct1on. f'

The Qensity of'the‘vector space data dlstrlﬂhtzon varies
inversely uith.’block size," since - the correlatxon between
_vector components d1m1n1shes as the block s1ze 1ncreases.

“Intu1t1ve1y 1t 1s thus expected that vectors of hzgh dimen-

rusxonal1ty (D) wzll require more quant1zat1on reg1ons to pro-

duce equxvalent reproductlon qua11ty. Furthermore it is ex-
fpected that ‘AN npper limit in block size,  will make vector

quantlzatlon 1mpract1ca1

elated to
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Image rédundancy extepds 1n both spatxal dxmens1ons. .
.fTvo~d1mensxonai blocks are the logxcal qhozce for decompos1-.

,;itzon, sznce they maxzmxze the use of 1ntra 1mage redundancy.

2 . :‘,

The followxng block conf1gurat10hs are s1mu1ated : liby

g 2by2 2by3,3by3 3by4 4 by 4.

-

L3
. .

Computihg time ll.z-l)z.and memory space requirgménté'are
'iproport1ona1 to M*N For pracﬁical reasonsughe‘inppt image
~ source 51ze,_ to the . K means processor, w111 be 11m1ted to
'usquare subpxctures of 128*128 p1xels. - In other vords, the
tesb pictures of ﬁ1gure 3.1-1, 'are.par§1t1onedj 1pto fopr'
o subpictﬁres andAeacﬂ‘is.-processed as an small imége-soqrcéu
fof'128*128'_pixels.' Quantizers are’ designeé'independenkly
for eaﬁh subﬁicture,,calléd ldcal sources, . for a fixed val-

ue of K., .

Results are presented using the 'FﬁA*‘EE:ture M(figure

?}1-1): equivalent results Ge;é obtained from other test

" pictures. -
The purpose of thfsé simulations: is to obﬁain a measure
:_of data qualfty vs. " data rate and computing time require-
ments, as a fuhction'of block copfiguration. The data rate,
or compression ratio, is varied using different §a1ues of K.
K is varied discyetly as a powver of‘two, from 8 to 256 so as
to obtain good to excellent image reproduction, and a smooth |
'qurvé is drawn between the measurements. =~ K is chosen as a

. power of two for full use of binary register;;
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An important dbse;vation; from the following results; is’ o '
that the Percent Mean-Square-Error congelates well with- sub-' h S
_jective error. Hence the . follov:ng 1nterpretat1ons can be
" made dxrectly from figure 4.2-3 ;= o
, v
- 0.2 b1t per pzxel is gaxned by usxng two-dxmen91ona1 blocks

1nstead of un1-d1menszona1 block for D equal to £our.

- block sizes larger than three. by three plxels do not produce any gain.}

- : - ’ KR .

- for data rates below 1. 5 ‘bits per plxel, a galn*Of 0.1 f7{' )

bit per pixel is obtaxned by us:ng thtee hy three blocks
instead of two by two blocks. o "]" .

4 1

- above data rates of 1 5 bits per p1xel the performance of larger

blocks start to degrade, relatlvely to small blocks.

‘It was also obaerved that un1-d1mens1onal blocks produce '

a more annoying art1fact than _square blocks, especxally at
low data rates. e o . F' |

The oodewotd the OVerhead and the total b1t rate are ;

shown in flgure 4,2 1 4 2 2 and 4. 2 3 respectzvely.

S

¥]
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421 Photograpﬁdc*lnte;pretation

The follov1ng f1gures present photograph1c results, of vari-

ous block conflguratlons at var1ous b1t .rates, - It is ohf

served that the maln coding art1facts, produced- by -vector
quant1zat1on are false-contourlng.' most visible in dark re-
g1ons, and a slxght sta1rcase effect at edges (e 9. flgure'
4.2.1-2, a, the eyes) _ The - staircase-éffect is defined as
dlagonal edges being degraded to Jagged ones, the contour ofh
the staxrcase folloulng the block structure. Th1s type of

artifact -is not properly measured by the mean- square-error.

At low data rates, e, g. f:gure 4. 2 1- 1 Ci block sizes of
four by four p1xels, produce a “blotchy effect while small
blocks, e g.¢ f1gure 4 2, 1 1 - produce heavy false contour-

ing.

Data" rates of 1 3 b1ts per p1xel (fxgure 4.2. 1 2) produce
very good plcture approxlmatzons ;; three by three p1xe1 )
blocks be1ng the optlmal chozce. At around 1.7 b1ts per
"“'p1xel jf1gure 4.2.1- 3) 7 two by tuo p1xel blocks g1ve the
best approximation 51nce a sta:rcase effect is st111 v151-

ble’ for larger blocks.,f;

Some p1ctures decomposed us1ng large blocks were coded
'luslng only sxx b1ts per representatlve vector component to
"reduce the large' o:erhead Th:s results in a sl1ght con-

ftrast reduqt1on,_
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. Figure 4.2.1-1 Example of block vector-quantizing the
"FRA" picture using approximately 0.75 bit/pixel, with vari-
ous block sizes. The picture is processed as four.non-over-
lapping square 128*128 .pixel sources, each coded using K re-
constructicn vectors. a) 2 by 2 blocks, K = 8 , 8 bits, per
vector component., NMSE : 2.37 . Total data rate :> 0.77
bits per pixel b) 3 by 3 blocks,” K = 32, 8 bits per vector
component. NMSE : 1,53 . Potal data rate :.0.70 bits/pix-
el. c) 4 by 4 blocks, K = 64, 6 bits per vector component,
NMSE : 1.3 . Total data rate : 0.75 bits/pixel .

-

-~
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Figure:4.2.1-2 Example of block vector-quantizing the

-"FRAT picture using approximately 1.3 bits/pixel, with vari-

ous blogck sizes. The picture is processed as four non-over-

: *lapping square 128*128 pixel sources, each coded using K re-
_ construction vectors: .a) 2 by 2 'blocks, K .= 32, 8

bits/vector component. NMSE : 0.84 . Total data rate :
1,31 bits per pixel b) 3 by 3 blocks, ‘K = 128, 6 bits/vector
component. NMSE : 0.68 . Total data rate : 1.21 bits/pix-
el. . : ' _
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Figure 4.2.1-3 Example of block vector-quantizing the
"FRA" picture using approximately 1.7 bits/pixel, with vari-
ous block sizes. The picture is processed as four non-over-
lapping square independent 128*128 ?ixel sources, each coded

a) 2 by 2 ‘blocks, K = 64 ,
8 bits/vector component. NMSE : 0.57 . Total data rate :
1.63 bits per pixel b) 3 by 3 blocks, K = 256, 6 bits/vector
.component., NMSE : 0.55 . Total data rate : 1.73 bits/pix-

el.

'
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- 4.2.2 Computzng Txmeafor Quant1zer De51gn

The computing time reguired to generate a qua&t1zer as pro-u
" portional tgfﬁ'(4 2-1). 1t was observed 1n f1gure9 4.2-1 to?
3 that large block sizes reguire a larger K £or 3:constant
quant:zatlon error ; thus large block 51zes tequ1re greater'A
computing time. Comput1ng time requlrements are presented
in figure 4,2.2-1 for var*qus-block sizes vand‘@egq—square-

s, error values.

2.0 S
i B 4byl Bleck
L2

(R ;
.8 2byz
. A Zpy2
1.6 4 o, 3py3 ",
3 \".‘. ' O 4 bya -'f” :

~ O 4bys "

NORMALIZED ~ MEAN-SQU ARE - ERROR
o

, 1. K X
044 ™ ' - 4 X ‘,'} E \
. ‘7 7 1“ ) . : A .
o, vos T o T a5 20
L. --NORMALIZED .. CODING COMPUTWG11ME : "
Figure 4, 2.2-1 Percent mean- sgua:e -@rror vs, wraining
time for various block configurations. In each. case' the

value of K was varied to obtain bit rates from 0.5 to 2,0
bits per pixel. The_"FRA" téa1n1ng set was used.

L1
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Figure 4 2. 2 1 shows the computer tzme verxat1on\for var-

r~ -

ious error'rates, not data rates,& sxnce picture qual1ty is

of greater 1mportance.f¥ Pof -a, ffxed‘error' fage, the data

:‘rate var1e5xas shown infigure 4.2- 3 e
. '!\ Y Q ) . '\

The 1mprovement broUght by large blocks is costly. in com- ;

put:ng time : for blocks size up to nine p1xels, “the next

A

klarger block s1ze requ1res 0.2, comput1ng t1me unifs more,

for the same mean- square errér (but lower bit Ee}e)a : 3

Simple schemes can reduce training time ; for eiemple the

average number of 1terat10ns to produce the pzctures of £1g-

ure 4.2.1-1°to 3 was 20 {for a QED (3.2.3-1) of 0. 0005). By,
lxmzt:ng the number of 1terat1ons to 10 .each curve of f1g-‘
ure §.2. 2-1 will que down approx1mate1y to the next smakler .

block configuration curve,. w1th mxn:mal 1mage degradatlon.a

Q1
cussed in sectipns 4;3 and 4.4.
v o

Other techn;ques to further reduce tra1n1ng time - are dlsj'

\

4.2.3 & Summarx ’ N

' The*cod1ng tlme as def1ned 1n (4 2- l) includes quantlzer de-
;1 \
sign, quantlzat1on and cod1ng. Decod1ng complex1ty is inde-

_pendent oﬁ the block 51ze. However, “the codxng t1me 15 rel-

~at1ve1y 1arge and: proportlonnal to the block 51ze.

]

If cod1ng t1me is of no concetd, the optimal block con-
‘ Seo
f1gurat10n 1s three by three p1xel blocks. . Otherw1se the

.'use of two by two p1xe1 blocks reduces the comput1ng tzme ato
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the\expense of loss in compressxon {(up to- 0.2 bzts/pxxel)

For the same bit rate, two by two cells requxre a value of K
less than half that of-three by~three cells (seev figure
4.2.1- 2), ‘thus the computzng time - 1s reduced by the same

amount, but at the expense of some subjectzve distortion.

4.3 TRAINING SET COMPRESSION

Cohsidering the conceptual simplicity of vector quantization

o

and the rather low data rates obta1ned 1n the last section,
the performance ach1eved is qu1te remarkable. The only dis-

adyantage is the high comput1ng time necessary for qﬁantizer

" training. It is possible to obtain a 50 percent computing

time decrease by limiting the number of iterations; but even

th1s is . 1nsufficient. A cod1ng time of minntes is almed

for, tlbe able to compare vector quantxzatwn to transform
-

techniques.

In this section, other schemes to obtain faster training

time, with minimal'image degradation are-investigated: de-

_correiation of the vector -luminosity components and redun—

dant vector e11m1nat1on by ‘way of hlstogram technlques.

4.3.1h.3fntra%vector Decorrelation ;

"uThe computing time of the K-Means 1terat1ve tra1n1ng algor-

ithm,? is proport1onal to NP * D * K (4, 2 1) K sets the
} .

compress1on ratio, chosen as a functxon of D and- the 1mage

soprce's1ze (figure 4.2-3), hence only the factor NT * D {

. R .
‘ ‘
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is independent of the compression ratio and can be modifigdzfr

- to obtain a faster training time.
: : i :

:Cp:reiation exists ét tio levels in-ﬁﬁe'#éctor iiét,' Ler_l
éueen vector ¢omponents and between the vectors themselves.:
Correlation in pixel blocks runs very higﬁ, _beqauéejof the
typical high redundancy existing in imagery f45], - ﬁany de-
_correlation functions exist. A ;ell kﬁpwn group ig unitary
fransforms: Hadama;d.fiﬂl, Fourier [15], Cosine llé], etc.
Unitary tranforms and clustering wusing an unweighted @isf
tance measure, are linear ope;éﬁions : hence 'traip;ng’dﬁ

tranformed data would not modify clustering results, providg-. - -

ed that initialization is exactly the same for cdrfelated' -

and uncorrelated data.

The advantage of decorrelating the data, . céméé’ftdm the
property of unitary transforms of compactlng the energy of a :
vector in the first coeff1c1ents. The least 1mportant coef-
”£1c1ents can be simply 1gnored for traxn1ng, thus effective- -
ly reduc1ng vector dxmens1onal1ty and tra1n1ng tzme. ' Fdr
example,, a 50 percent training time saving is obta:ned by
u51ng only half of - the transform coeff1c1ent5 generated:erm
16- dzmens1ona1 luminosity vectors. The number of coefflf. '
cients‘to be used for training: dépends'on the original vec-

tor dimensionality.

The Hadamard transform is chosen as a decorrelat1on func-.

tion because of 1ts computlng s1mpl1c1ty, requ1r1ng only in-



3

teger add subtract and shzft operatxons. B Unitary trans-

forms order the transform coef£1c1ents by order of frequen- )
1cf, or sequency ‘in'the case of the Hadamard transform, cor-
responding approximately to the energy content offthe.coef-'
ficients. Thus the last coeff1c1ents are of small energy_

content, hence of l1tt1e 1mportance.'

LMC1ustering‘can further be improved -‘by .using a_?eighted
distance.measure': i.e. bﬁ\weighting each transform‘coeffi-‘
cient - according“to its importance. A weighted distance
. measure. requlres D supplementary operatlons (divisions) tor‘

each vector at each 1terat10n. ' An alternate way 1is. to
| we1ght each vector component, before cluster1ng, by. reéuc1ng}
‘thh transform coeff1c1ent s dynam1c range accord1ng to the1rf
, 1mportance. The hxgh eriergy coeﬂﬁxcients will conserve -
u‘thelr fuIl resolution, unfie the low. energf coefficients a
lower resolut1on.‘ The use of an unwe1ghtéd sum type d1s-
tance measure, during K-means cluster1ng, will automatlcally.
'take into account each vector component 5- importance. For
-.example, a dlstance of four 1n a sample space divided into-
256 grey levels, corresponds to a d1stance of 1 for the same

space ‘at 64 resolution.

Although‘only a certain -number of transform coeftxclents-
can be used for training, .all of the ‘coefficients are used
for calculation of the representat;ve vector, at the last

training iteration.

i
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Grey level representative vectors are regenerated us:ng:
Ehei.xnverse Hadamard transform. : The Hadamard transfbrm:}
coeffxc:bnts are only used for faster processxng and not forrﬁ

'tranmlss1on.

Results, for a. two by two block’ confzguratlon,_ are pre-'
sented in the next sectxon, where only three dut of four Har.'
::damard coeff1c1ents are used_for training. - The_result;ng..

‘degradat1on is minimal." .The reSults also include the7foi-_‘
'lowlng preproce551ng scheme 'redundant vector elimination‘ny,

hlstogram technlques.

4.5.2' Redundant Vector Elimination 7
It is:typical to obéerbe large smouth areas {near pon$£ant ;”
‘grey"lezel values) in netural_imagery;- Vector quantizerion
tends'@o smooth out these.areas -and produce é;iénr'felee
contouring (fiqure 4.2.1-1 to 3):-‘,'Since these.uectors are
smdothed out impiicitly; -”theglconfribute very little ' to
.quantizer dee{gn;r Thus a non*negligible;amounf‘of redundant
vecfors existe in naturel'imegery Depend1ng on the block;

szze, more or less redundant vectors exist,

By way of h1stogram technzques, redundant vectorS‘can bet
'replaced by a frequency count. | The number of tra1n1ng sam-
ples, NT, ‘1s effect1ve1y reduced thhout ‘any loss of infor-
'natiQn and accordxngly clusterxng time .1snalso _reduced.

-

Higtogram techniques, can elso_quant1fysdata.“ This is pnssi-



,;‘-ble by fxrst lower1ng ‘the- data resolutxon (reduc:ng the num-¥ .

-

. D v
ber of grey 1evels), and class1fy1ng each vector in one oi‘ﬁ“
h1stogram reg:ons or blns,_ L correspondlng to the number ofﬁ_fﬁ,“

grey’ leyels.., Th1s corresponds to part1t10n1ng the vector'”

D

f'Space into L equ1va1ent adjacent b1ns. All the vectors 1nnﬂﬁ

: a bin‘are' replaced bfla vector whose componenﬁs correspond.

to the most 51gn1f1cant bltS of each orxg1na1 vector compo?

nent. The number of vectors, in each bin’ 1s represented by aﬁ
'fréoUencv count.f' For example, 1f 1nstead of using 256 grey‘_
levels per vector.component, 64 are u;Ld' then G;D cla551f-5
ying reglons are. produced 1nstead‘of the . p0551b1e 256 ‘¢14
64 grey levelslzs suff1C1ent to represent the vast majorlty -
of p1ctures [30] w:th m1n1ma1 degradatzon. | Correspondxnglyr
thls pre quant1zat1on scheme 1ntroduces neglzg1b1e degrada‘f'
t1on. It is only at resolutzon below 64 that errors 1ntro-“

duced by the hlstogram preprocess1ng begxn to be too lmpor-‘=

'tant

.. The following gréph'shows the average number of different
vectors,.for varlous subp:cture sizes, each vector component

quantlzed to 64 grey levels. ~ . .
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v ' It is observed that for an 1mage of 256 by 256 p1xels, an -
average,redUCt1on of 51 percent in number of tra rng'sam- '
ples is obtained. S Lo - o=
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This preprpcess{ﬁg technique is gseful only if the histo-
gram.generatrqn time is small, | A,ﬁeet his;ogrem.geaeration
algorithm is hashing. fhe aléoritﬁﬁ ﬁroposed 5& Narehdra et
al. [43]‘§s used for the simulatf@n. TQF computing time is

negligible,

1f the preprocessing technique of section 4.3.1 is qpmt .
bined with histggram preprocessing,' much higher savings arg,
obtained. This comes from using only a fraction of the
transform coefficients, resulting in even fewer indépenaent
histogram vectors. For example, if coding is p:rformed on a
128 by 128 pixels logal sedrce with two by two pixel- blocks,
a 36 percent saving is obtained by histogram preprocessiﬁg;

A further 13 percent saring is obtained if the histogram

;preproceséing is performed on only three out df'fouf rrans-

“the follow1ng graph

form coeff1c1ents. A further implicit reduct1on of 14 per-
cent results because tra1n1ng is performed on only three out
of'four coeff1c1ents. hence resulting in a grand totaltof a
63 perceni cbméuting tiﬁefSaving; This training time reduc-

tion is obtained with minimal image degradatlon, as shown 1n
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F1gure 4 $ 3 2 ¥4 Degradgtlon brought by hlstogram prepro--
cessing and Decorrelatzon of the traxn:ng -samples, using. -
only three out of four transform coeff1c1ents for tralnlng._
‘The image used . is 256 by 256 pxxels quantxzed -u51ng two by
_two p1xgl[blocks. o .

Image redundancy 15 present at two levels in. the vector
"11st, as dxscussed earller.o The redundancy ex1st1ng ‘in the’

vector-llst does not waf?\from one block size to another._‘,n

"What varles is the dlstrlbutlon of rgdundancy at each level'
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i.e h;gher dxmens;ona11ty vectors w111 produce less redun-"
dant vectors but .contain more 1ntra-vector redundancy.f Thus
tra1n1ng t:me savzng would not vary from one “block’ 51ze to

another.

-
-

It‘ﬁas'been ehoﬁn';hef-large.trainlhg. tiﬁe_teduction is-

obtained by way of redundancy removal : ife.“preprocessing,l
‘_with minimai image degradaiion;' The redundancy rémoved re-
sulted in reducing the NT * D factor ©of equation . ; 2-1.
.Ways to further decrease tra1n1ng t1me are presented in the
next section, where the varlable K of equatlon 4.2~1, is ef-

fectively reduced for_a fixed data rate.
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4.4 LOCAL somacz gtmrr:zxrxon S |

It was prevzously observed that et least 64 representatxve
vectors are_.rethred to ebta1n_a_ good. qual:ty/compressxon
ratio, for 256 by 256 piétures.-\ The associated comput1ng‘
time is’ relat1ve1y large, espec1ally for large blocks.; -Al-
though preprocessing techn1ques 'can, reduce the ‘computing

time .by more than 60 éercent, it .is still 1mpraetica1y'
llargeﬁ In.this section theldomputing time is further re?
duced by hodifying the variable-h .of 4.2-1. "z This is';l
ach1eved by quantlzxng an -image at the local 1eve1 In othr-
er words, the 1mage-1s ~partitioned 1nto .small non- overlap—n
bing subpictures and each is processed as a=sma11 indepen-
dent source. Thie'scheme_also reduces memory requiremehts,

'since only small image 'sources are processed at one time.

The rationale behind this scheme is that if KjQuantize-
. tion regions are reqdired to'represent a‘complete image, -
then a smaller number of reg1ons, k', is requ1red to code a

small subpicture extracted from the or1glna1 1mage.

Again two approaches can be taken.in coding each local
source : adaptive or non-adaptive quantization. ‘Ndn-adap-
tive quantization 1is still rejected for. the’feasons. dis-
«cussed in section 2.7.1. ' |

If the image is subdivided ‘into NS non- overlapp1ng local

sources and each source 1nd1v1dua11y quant1zed us1ng a f1xedi

number of levels, K', then the total number of dlfferent re--
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The total 1mage tra1n1ng t1me, exciuding initializatlon;;a

‘n
-

_1s now. equal to -

"CQMPUT'ING' TIME ‘= -$°%* NS * NT'.* D * K", - (4.4-1)

A . . 1.
- . . . -

where $ is-.a constant of proportlonallty, and NT' the av-

erage number of tra1n1ng samples per,local sourCe._‘ It alll

vectors generated by a decomposition process. are used as\

' tra1n1ng-samples. then the factor*NS'* NTF is equal to NT-

“-‘the total number of tra1n1ng samples used when globally vec~ -

. tor- quant121ng a p1cture.

}_Iflhistogram éreproceSSing lis performed then NS‘ *'ﬁT"l
will -be Slightly‘larger‘than NT , Because local processxng )
does not eliminate inter;subpicture redundancy- ‘Local pro-
cess1ng is thus expected to .require a factor. NS * K', larger”

than_K, for a same data guality. St1ll the. compress1on ra-

ti6 is expected . to be hlgher for a locally quant1zed image

because the codeword length,' log, K' will be smaller than

. log2 K , even if the overhead NS * K' is laréer'than K. .1In_

any case, K',is‘smaller than K, and the tra1n1ng time is re-

duced by the factor K/K' approx1mately Other advantages of_

processing on such a small’ scale are dlscu55ed below.

'construction vectors representxng the globaI 1mage 1s NS *';‘
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Defiﬁe PGFV) as a globel‘sample dist;ibution'functioﬁ-fn“"
A

111nteﬁsxty space obtalned by sampllng p1xe1 blocks Gver ‘some"

. spat1a11y large source g, for example a p:cture of 1024 by

: 1024 plxels. PG(V) can be expressed as a mixture of Iocal\\

il M ]

wf_sample d1str1butzon functlons PL{V) obtaxned from sampl;ng
. plxel blocks w1th1n small spatlally local sources', (e g.,, i6 °

_by 16 plxels) guv1ng

PG(V) LT E PL (V) .. (4.3-1)

C NVG . . i , -
L e g- )
i

where NVL"and NVG are the number of vectors in L and G re-

.fepeéfively .Sources G and L are, depicted in ‘figure 4.4-1(a)-.
. and typlcal d15tr1but1ons for PG(V) and”PL(V) are shown in
:f1gure 4.4-1(p). - | |

' A ' - - - ’ v

: ——GLOBAL :

. N A :
LOBAL o i’ : E

o T - ocaL
. - '&( E
LOCAL

‘D
Ci
. PIXELI - PIXELY

ta) by {c)

, ?1gure'4‘4 -1 Global vs. 'Local sources, (a} Spatially
(for two pixel blocks), (b) Distributions, (c) Conditiona}

VD1str1but1ons.

PO N
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dbserve that it is reasonable to expect a low average.
., humber of clusters of 1nterest per local source relative to

the number of clusters within the .global source. Thus,
clustering at the local source level is initially easier tq

implement because there are fewer .clusters and fewer train-
ing samples to cluster simultaneously. '
L

Consider some local source L' with c¢lusters C1 and C2.

fypical PG(V/Cl), PG(V/CZ), PL'(V/Cl) and PL'(V/C2) are

shown in figure 4.4%1(c). The larger spread in each global
conditional distribution is dle to averagihg over many local
d15tr1but1ons, each with correspond1ng various’ perturbatlonsu
'due to cluster var1ance. | Therefore, at the local Scale the

tra1n1ng samples of a given cluster ' tend to, form tighter

' groups whlch’are more separable. o : :

The greater,\separability of clusters within a local

o
source would permtt faster convergence or a more practical

advantage, perm1t the use of simpler cluStering algorithms
while 5t1ll preSerV1ng separab111ty. Thus clustering at a
spatially local source level is not only important for prac-— i
tical implementation reasons, but it is .also an advantage

“from ‘the'standpoint of clustering quality; although it

'should be clear that small local sources will“not'support a

_larger number of clusters for the same est1mate of accuracy. . K

\
A Y b

Figure'4;4f2 shows the average ,numberrpf iteratéons-re-'

quired for convergence, for the "FRA" picture‘ (figure o
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' creas1ng source 51ze and K“

K'+ As expected,xthe number\of 1ﬂcrat10ns 1norease w1tH*1n-
. ?; Of course ;he number 5} 1tera-
txons for convergence qxll fluctuate

diffenent data sets. ,““ }3' S

around the average. for

/

ITERATIONS 10 CONVERGENCE

NUMBER of

r

65536
(Pixgls) *

312768

O 4CS5C BIS2 ° . 1g3gs

IMAGE SOURCE SizE

.

Figure 442 Number of‘lteratlons reguired to- neach con-
vergénce for various square local source and various values

of K'. The "FRA" picture was ‘decomposed usxng two by two ’
blocks. Parametric 1n1t1a112at10n was wused 1n all cases
with ' "c" equal to two {(see section 3.2.1.1). ‘The other test

pictures produce equivalent ‘results.
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" 3.1-1.b), as e functlon oﬁ local source size in pixels and

e



cal_vector quatlzat1on.

%3 ) small : less or equal to 512 pixels

T
-~

-
-

seekxng 101t1a11zat1on is- best for local sources 'of 256 by

~

256 p1xels, parametr1c 1n1t1alxzat1on with "c” set, to tuo

standard devzatxons produces sl1ght1y fastér convergence for‘

] »
local sources of 32 by 32 to 128*128 pxxels, -decomposed'in
twos by tvo blocks. The~ super1or1ty of parametrlc over-

mode seek1ng 1n1txallzatlon is attr1buted to the poor prob-

-

'abxlxty denszty est:mate produced w1th small tra1n1ng sets.

A" smoothing of the h1stogram would Ye necessary to produce a

- better est1mate at the expense of more computzng time ;. thus

the 51mp1er parametr1c 1n1t1allzat1on scheme is useq for lo-

LI

4.4.1 Optimal Local Source Size

?'The best .subpicture structure is next analysed for two by

two blocks, in terms of data Qua11ty ‘The local source size

- was var1ed from 256 plxels to 65536 pixels. It waSFobserved

- that a-square or. rectangular subplcture structure is unim-

portant for local sources larger "than or equal to. 128*128

pixels: The optlmal structure for. smaller subp1ctures is a

_square confxgurat1on. The results are presented using three

categor1es of local source s1zes'

1) large : greater or equal- to 128*128 pxxels
2 ) medium : less than 8192 and greater than 512 p1xels

. D s 5 AP
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A Although it uas dxsbovered in sect1on 3 2 1 3 that mode--



e Tt s
PR S

. f__\

it i e g L e g e e R L

NORMALIZED MEAN-SQUARE - ERROR

]

The same quantlzatlon algorlthm K~means clusterxng, was

.used 1n all cases,l wzth the Bucl1dxan d1stance measure and

-

.parametrxc 1n1t1alzzatxon, u1th c set to two standard'de*

viations. ',

Local guantization is expected to yield . better results

.subjectively‘sinCe a d1£ferent quant1zer 1s ‘implicitly @g*h;

L

s1gned for each local source. o oA

) ,
B 16384 ¢ e ¢ 3536
. Size

o
O
- .J._‘....'l.._
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Figure 4.4.1-1 Typical normal:zed mean- square error vs.
"data rate for various local source sizes and various K'. The
overhead or codebook, is included in the data rate. Two by
two blocks were used for decomposition.

4
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If aﬁ 1m?ge is d1v1ded 1nto Ns ~equal-sized subpxctures
'ahd each is quant:zed us1ng the same value of K', then BR
(4 1. 1-3) calculated for one local source corresponds to the

BR of the ent1re 1mage._

‘hs can he obserred from-’figure 4.1.1-1 '71arge local
_sources are opt1ma1 for cod1ng at data rates above 1.4 bits:
per p1xe1 wh11e med1um local sources are best adapted for_.-
data ratés below. 1.4 hxtslper pfxel.,' Small local sources
are'inefficient for any data|rates, becaose the overhead‘is R
”~relative1y‘too ihportant; Furthermore; at mediom data_rates
a slight streak1ng effect not measurable by the mean-

square error cr1ter1dn is v151ble.

The sav1ng from one local sourte category to another is
.not very 51gn1f1cant 0.1.bits per p1xe1 The main advan-_

tage of using small local sources comes from the faster con-'

vergence ang the small K’ /K factor. whxch reatly diminishes
‘the total training time; small local- socfébgﬁbrequire.four
times less computation’ time than large local ' sources ; as o

can be'obserVed-in.figure 4.4.1“2.

~ By combining the preprocess1ng schemes exp1a1ned in the
5ect1on 4.3 thh local soursp cod1ng, only minutes of com-
put1ng t1me are requ1red to code :a,256 by 256 p1xe§‘fmage .

'usxng local vector quant1zat10n._
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Figure 4.4.1-2" Computing time requirements for various

local source sizes, for various values of K'.: Two by two

-

blccks were used fcr the decomposition process.

4.4.2.1 Photographic Interpretation of Results

y .4

Photographs of lo¢glly vector-quantized pictures  are

shown in Figure 4.3.1-3 and 4. By comparifg figure 4.4.1-3

to figure 4.2.1-2, one notices very little additional sub-
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Jectxve apperance deéradafidﬁ 'dUé~to. USing'Vsméli“ lbcal
fsources. Furthermore no subp1cture blocklng effect 15 v151-

bleeven at b1t rates of .y b1t ‘per p1xe1

Figure 4.4.1-3 Example of local vector quantlzatlon of
the "FRA" picture at various bit rates. The. picture is pro-
cessed as 64 non- dverlapping square 32 by 32 pixel Sources,
each coded using K' reconstruction vectors. a) K' =8, . 8
. bits/vector componeﬁt NMSE : 1.,22. Total data rate : 1.0
bits per pixel b) K' =16, -8 bits/ve¢tor component, NMSE :

- 0D.762. Total data rate : 1.5 b1ts/p1xe1 - -

LY

-¥
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‘Figure 4.4.1-4 Example of local veétor'jqﬁéﬂtizétioh of ; <
the "TAB" picture at various bit rates. The picture is preo- .
- cessed as 64 -non-overlapping square 32 by 32 pixel sources, .
each coded using K’ reconstruction vectors, a).K' =8, 8 Y
. -bits/vector component. NMSE : 2.85. Total data rate : 1.0 -
‘bits per pixel b) K" 16 8 bits/vector component._ NMSE :
1. 48 Total data rate .5 b:ts/p1xe1 .
The 1nvest1gat10n cf local source s1ze was 11m1ted to the
= . _ r
use of twc by‘ two blocks, tov ‘obtain’ a ‘m;n1mal overhead5 T
) : . . -- . .. ;. . 1-"__.,. ,-: .
: s
: S SR &
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garger blodks Ze.g.,three py three) produce a- poorer distor-~
txon/compreSSLon rat;o relatxve to two by two blocks, be-

cause of thEII lnon trivxal overhead when usxng small local

.L.y ': ol . i ; -

N oW

:-4:4 2 Adagtlve Local Source Quantlzatlon

' In quant1zatzon rof . local sources the number of clustérs K’

© was a constant throughout the entlre 1mage. However, since

<

most 1mage data are h1ghlx nonstat1onary [45], 1t is desira-
ble to have a varxable 'number of represéntat1ve vectors per -
local source-adaptlvely determlned to meet the quality re-
qu1rements for the data of each specific local source. For

example, one local source may consist of data for which onf;

-

two.clusters are necessary to meet’ the quality requzrements,
uhxle another local 'source may reqU1re sxxteen clusters.
L

Bather than use 51xteen clusters for each local source, it

is preferable to use a m1n1mum of clusters for\heach local

}, source.u By adapt1ve1y settlng K! for each local source, a

-

lower,average of K' can ‘be used and thereby reduce the total
e & . . ‘

data rate. :

An adapt1ve clusterlng algorxthm could be used for adap-
t1ve1y quantlz1ng each local source. - A well known adaptive

clusterrng technlque 1s the ISODATA algdr1thm *[25). This

. cluster;ng algorithm deletes, Bplits or comb1nes clusters at

each 1terat1on accordlng to ‘a u5er s spec1f1cat10ns. This

results 1n a varxable number of clusters, K', according to

-,'i ? " -Q‘n\j , 3~1 "'! N



the local source statistxcs.f The uéEr supervxs:on 1nvolvesﬁff
determ1n1ng the lower and-upper 11m1ts, on the'-number of 53
’_\clusters generated per local source, and the thresholds for

deletlng,:sp11tt1ng and mergrng of clusters. . These thresh-l

"olds and 11m1ts 1deally allow the user to def:ne the quallty

trequxrements 1n terms of 1) d m1n1mum number of elements Te-

-':war1ance 3) m1n1mum 1ntércluster d1stance, and 4) ‘the m1n1—

ndy P

user spec1f1catzons are _constants and need to be specrf1ed

only once for the ent1re 1mage.f

T4

Extra complexlty is introducedﬁby adaptive9’local uector-

2

"ouant1zatlon, it comes ‘from two. sources, 1) the added com-

plexit&;of'the. adaptlve cluster1ng algorxthm,' 2) the in-

creased data: system complexxty resulting from -the var1able o
~codeword (logz K* ) and codebook size from one local source

‘to another ‘and 3) the heurrst1cs 1nvolved 1n determ1n1ng the

clusterrng parameters for each 1mage.type.‘- Increased data

Wﬂ\ complexxty is necessary,‘ -to ensure that the Qng-‘

range average bit rate equals the channel capac1ty,'and hat

i':at no time the buffer overflows or. underflows. A controller

:'15 thus‘ needed whzch g1ven the constralnts-of 'bufferssiaeh

-rcomplexlty.__i'

’qu1red for dxst1nct representat:on 2) maxzmum 1ntraclusterf[

mum and max1mum number of clusters per local source." These.f

'fpand output b1t stream rate, will aliij’nore or 1ess bits: to

be<allocated to any gzven subamage depend1ng_on3 subimage
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For ﬁhe'“simulation of adaptive local quantization, the
s1mp1e K-Means cluster1ng scheme,'with parametric intializa-

tion (c= 2) 'is used. It is preceded by a measﬁre of local

~ source . "busyness" (denszty of s1gn1f1cant scene details) to

determine, based on heurlstzcs, the proper number: of clus*

ters required to encode . the ‘subimage. Once the appropr1ace

number K' for a local source 15 determined, it is used by
the K-Means cluster1ng algorLthm to produce K quantization

levels.” K' values are limited to powers of two, for full

- use of binary registers.

The heuristics involved, are determfned as follows : a

large number of sample local sources are extracted from the

test images of figure 3.1-1. The subimages are analysed

subjectzvely to determ1ne the appropriate number of clusters

. to encode each local source. ‘Next the statistics, or "busy~

‘ness", of the sample local sources are correlated to deter-

mine a set of thresholds. ‘The set of tpresholds are then

"used in classifying a local source into one of C "busyness"

classes. ' The measurements are picture dependent, thus in
= i
this case only opt1ma1 for the plctures of f1gure 3.1-1. 1If

-the compress:on rate must be varxable, then the repartition

of the K' per local source will be made according to the

cpecified bit.rate.

~ The "busyness™ or activity index can be measured in many
| Y .

different ways. Many non- information preserv1ng compress1on



"L\

llé

technxques [16,46, 47 48 49,50) have proven the vxabllzty of

~ adaptive chzng._

ergy measurement,

They used an act1v1ty index based on: en-

varlance; mean luminosity value Qf‘the'lo—'

cal source, number of independent vectors or some other com-

plicated fulé,.Such as directionélity and fineness [50].

Y

The stat1st1cs used for act1v1ty 1ndex measurements are :

the mean luminosity, variance ‘and number of 1ndependent vec-

tors generated at a resolut1on of 64 grey levels.: The fol-

lowlng set of c1ass1fxcat1on'

.determined for

"FRA" picture.

thresholds were subjectively

sources extracted from the

—— TR AR R T R e . . e A M S S S G T S SN S W M W e T e S S S S S I S S

Activity K'

Class
Number
1 2
2 4
3 8

4 16 | . » 400

32 by 32 local
Luminosity Luminosjty
Variance Mean .

< 30
> 30 .AND < 85 > 700
> 30. AND < 85 < 70
> 85 AND < 400 > 65
> 400 AND < 3000 < 70
AND < 400 . < 65
AND < 3000 > 65
> 3000 -
thresholds

‘Table 4.4.2-1 ‘Decision
cal 32 by 32 p1xe1 source,’

of 5 "busyness”

class.

Number of
histogram vectors

- ———— . —————— - -

for classifying a lo-

from the "FRA" picture, into one
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Samulat1on results prove that sl1ght1) better qua11ty re-h

productlon 1s obta1ned under the mean—square-error cr:ter:-

oﬁ, for any data rate. ' The zmorovement, is of the order of
0 1 blt 'per plxel The‘ followzng graph presents the re-

sults. o T ' T .

7 ‘ o N - SR o T
1'8- ; o C \ ; -
: Lo . . : T H 32 by'3lz Pixel Loce) Scurce

p o
= 1 E- ‘ ] - T
i N - . A 128 by 128 Pixel Loca! Source
.. T " :
1_-"-' :',., Adaptive
= 4-7_‘: 32by32 Plxel Locat Scurcr
o ' : "
.
U
z .2
<X
o K
<= : 2
O
D ) ]
LJ »
™~
a‘ 0.8-
=
= .
g o6y
. r
!
!
o

st Tos " Tio - s 20
o ' . DATA RATE (anperpmen

F1gure 4.4.2-1 Percent Mean- Square Error vs. Data Rate
for adaptively varying - K' for each lgcal .source of the FRA
picture., 32 by 32 local sources and two by two pixel blocks
are used, The results are compared to coding of 32 by 32
and 128 by 128 local sources, with a fixed value for K'.

Even if the activity classification process is optimized
and automatized for any image type, this order of imprové;
ment is considered not to be worthwhile for the inherent

. buffering probiéms-assbciated;with adapti§b thcoding:of-lo-
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cal sources ; thus no further investigation is undertaken on

‘this codidg'op;ion,

\

‘4,5 THE S-TRANSFORM .
A powerful image decomposition technique is.obtainéd‘by com—

bining the S-transform [{27] with vector quantizétion.

The S-ttansforﬁ decomposes an ihage'in é ,step;ligg mén-
ner. - At each step the image iéipartitiqned_in;o blocks pfw
a*b pixels.- .Each block is then Hadamardftransfozgpd{~ ‘The
mean grey level values of éach block areﬂ'tﬁen assqmﬁled to
form a copy of the origiﬁai picture at }ower‘spatial resolu-
“tion. The difference coefficients from each block are
.aligned into a &é‘by‘b - 1) dimensional vector. : The decom-.
position prbcess is' reiterated on the lo;ef -;esolution im-.
~age., The p:oteés stops when only a singie mean grey level
remains: correspoqding;to the ovérali mean_gfey:ievél_of the

original image.

)

Decoding reconstructs the image, producing first a ‘coarse
. agproximation tﬁen in a stepﬂljkgtmanﬁer a finer and finer'
approximation. This reqoﬁstruc;ipn scheme allows rapid
bfowsing fhrough75£acks of high _resqlﬁtion pictdres-on slow

display systems.

At eaclr step of the decomposition process, a iisp.of dif- .-
ferenge-qpctogb and a matrix of grey,level_values.ié-gener-ﬂ

atgg. The matrix of grey level values is a coarse represen-
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‘s tation of the picture decomposed. It "1s used for further
' E : R ? o

decomposition. * The list of vectors is compressed by vector

quantization = - ." SR : .

.The coatse _picture §btéinéd ;ftér'a- dqpompdsi;ion g;éb,
sti;i cbntaiﬁs moétlof the visuali}nformation of the origi-
fnallpiptdrg, .'but much lesé.reaqhdancy since it is a 5bx b
smaller.-: Thé d;crease'in Eédundancy”is demonstrated by'the

variancg.of the difference coefficients . of each step. The

LT

" results of the -fdlloding-table_ were obtained from the-.s-'

- traﬁférm‘-deéompdsition of the "TAB" picture, " of ‘figure
3.1-1.c, using two by two'blqcks.'

1. -
TS N T e T ——————— . . i

. Picture Decomp. ﬁumbér of Variance of difference
matrix size ° . step - vectors .coefficients
(pixels) - - Ver, Hor. . Dia.

256 by 256 1 16384 24.5  60.1 3.0

128 by 128 2 4096  T66.4 121.5  11.8

64 by 64 . 3 - 1026 100.4 134.6  27.6

32.by 32 .4 286  1s5.7 218.0  37.8

16 by 16  _~ 5 8¢ . 143.4  194.6 ~48.3
S'by;a 6 16 . 181.8  141.9  99.1°
& by 4 7 4 .85.5  13.0  11.6

aTébIé 4.5;1 Variance of. the Hadamard differencé coeffi-

. cients of the successive steps in the decomposition of the

"TAB" picture of figure 3.1-1.c. Two by two blocks were used
for decompositon and the Hadamard transformation produced a
sum coefficient {(mean grey level) and:three difference coef-

ficients,
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The var1ance of the dliference cepefficients increases up ,;
to the last step where only 4 vectors are produced,

L

It was shown in’section 4.4.2, that the variarice vas a.
faxrly good measure ‘of 'busyness 5 i.e. vector space-densi*

ty ; thus each successive step of dedompos:t:on would’ re-

“ .. quire mpre_repreeentatlve vectors far guantization than the

'precedingz_but since the next step nf-decomposition produces
. : ’ i '

four times less vedtors‘than 1ts preced1ng step. the in-
crease in number of representatxve vector, K, should not be

‘exponential.

The .required number of representative vectors to code

each steb can not be determined by any simple means (section
4.4.2). - _The cOmpressxon effect of each step is studzed in-
dependently. "~ The three test plctures of f1gure 3.1-1, were

codéd using two by two blocks (Eor fast codxqg time), tand

"tator quantlzed by the K-means algorrthm Uéihé‘the Eucli- _"

'y Y

d1an distance and mode seeking 1n1t1alxzat1on (since the
:tranform coeff1c1ents are uncorrelated) ' Only four steps of.-
the S-tranform were pecformed.  No worthwhzle ga1n is ob-i
tained by veCtPr quaqtizing further"stepS} beceuse of ‘their :

low vector count..

The féllow{ng 6bservation§ ;ere,made - |
"—fs;é§ 1 Fine imege depqil,.Few representatiye vectors ere_
"‘necessar for this step, 8 to 16 is satisfactory,
- Steprz Coari%;;} | |

age detail.-The_vecter;set.frem this

step must be well representated;'3§ to 64



' / - vectors are necessarg

- Step 3 This step 1s of major 1mportance A patchwork—‘
effect occurs if less than 64 representatrve

Yectors are used.

- Step 4 Same: problems as in step 3 occur. To e11m1natefn-‘
.the block1ng effect, 64 to 128 cipsters are.

.. required. -
v o v
The. number of representsative vectors ass1gned to each

*.

step of the S-tranform, w11; follow the prevzous worst*case

‘observations.

. . " o ‘4 Cu , .
4.5.1 Bit-rate of a Vector-quaﬁtized S-tfahsfomed ﬁicture

R

','Ihe bit urate of a vector quant1zed S transform decomposed p.

1mage, must include the codebook from each step An example

‘of the b\t rate calculation 15 g1ven 1n table 4, 5 1 ;

Step Number of . l Number of bits . "
representative vectors - -per p1xel R
1 4 L6 1.00585
2 w64 -~ 0.39844 ;
3 ’ 128 0.15625
4 128 - O +. 0.07422
. o 1.63476
.Coarse image .. .+ 0.03125
matrix : | e ——————

1.666: . bits per pixel
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—— e i — o ———— ——— —  — —— . . I —————— g T " T w— A S S

Number of Codeword, "~ 'Codebook’
representative contribution | i
vectors _ (b:ts) - - (bits)
m———mem— e e mmm—e e : Smmrm—————— :
16 128 * 128 * 4 16 * 3 * § .
64 R 64 * 64 * 6 64 * 3 * 8
128 w32 % 32 % 7 128 * 3 * 8§
128 7 16 * 16 * 7 128 * 3 * 8
Coarse image ° 16*;16j.*-8 . o :
matrix - it ST L e
TOTALL ...... 101 120 - + 8064
TOTAL 2 .‘-:c---.urn_ocnoo . 109 184bit5
o - © 109 186 A
Number of bits per pixel“ S m=em—e-—--=-" = 1,666 Bits per
_ © 256 *256 - plxel

Table 4.5. 1 1 Example of the bit rate calgulation of 256 by,
. 256 picture decomposed using the S-transform.on two by two
-hlocks, and. vector quantization on the difference vectors
obtained at each step of the transtrmat1on.
E The dynamic range of Hadamard.;ransfprm coefficients,- in
this case, Qqu:ublés after ‘each tranformation step. . .Only
" eight bits “per representative vector coeffiqiént produced
negligible image degradation, since. the Hadamard transform
. . : Y
is very robust to round-off errors [51], '
Although at each step of transformation,-'tﬁe number of
representat1ve vectors vary, the maximum and minimum number
can be fixed. This sets an upper bound and a lower bound on

the outbut Bit rate-which can be used for a more effectlve

control of system output buffering.
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"'4,§:23 Trdnsﬁiséioh Timé; 

The transmission time*on a 1200 baud télephoné “line, " for

each step ‘of *the‘S—tranféfm image of'taplé "4:5.1-1, isas’’

,followé : 

Image . * ' Number of bits ' TransmisSion time
o : Co in minutes
"'--q_f-i"-" - —EmEmae— === "‘f "' ------------
PCM-image . ° ' 524 288 . 7:16.91
________;__,-__;._:-_-__-....;.._...f'_-__.. _____ o _..-f..'_.._'_l..'.._.'_ ______

S-tranform image

Base matrix = 2 048  0:01.71

Step 1 3 65 920 - 0:54.93
step 2 264112 - 0:21.76
‘Step3 10 240 0:08.53°
Step 4 . 4 864 0:04.05

Total transmission time ..........:i........ 1:30.98

——...-.'-——-———-——-—-—-——-.-————————-—.—_—-—-n.-————q—:----——-————_--—

. Table 4.5.2-1 Transmission time calculation for a 256 by
256 pixel image decomposed using 2 by 2 blocks and the S~
- transform , followed by vector quantization, 16,64,128 and

128 representative vectors were used respectively per decom-
position step. N ; - : '

Only 13 seconds:(base matrix + step 4 + step 3) of“trans-‘
mission time is Fequired to obtain the picture matrix of

Step three. The picture at this step bf':econSt;uction is

already clearly intelligible. .

1

/



v

ey S OV

Figure ¢.5.2-1 .Displayable pictures after each step of"
the reconstruction process, using a ‘total bit/pixel assign-
ment of 1.67 bits/pixel. a) step four , b) step three , c¢)
" step two , d) .step one : full resolution picture (only 1.67
bits/pixel .used). o ' . ' .




-4, 5 3 Photographxc Integpretat1on

127 ;

"-gThe S- tranforms decomposxton d* the 'FRA' and fTAB'-picfufes'-
"(f1gure 3 1-1.b and c)’ were vector-quant1zed ‘using differ-

' ent rep:esentatlve vector a551gnment.-

: The artlfacts prqduqed'by the quant1zat10n of tranfo;mz.'

coef£1c1ent vectors,i"is especxally vzs1b1e in figure
f;4 5 3-1 c : dxagonal edges are poorly represented ~This is.

. a by product of poorly quantlzzng the d1fference vectors of

step two and three., One_can not1ce that no false contour1ng
problem occurs ‘at 1 bit per pixel. - This is explained by the
masking effect of one step over ahpther;;e'dithered type im-
age is produced, The qualityl‘of the reconstructed picture

is not7as- gooa asethqse.produced in figure 4.2.1, for the

'same bit rate. - The compression is not  as efficient since

‘only three instead of four-dimensional vectors are pro-

cessed;‘i.e. a codeword represents-in the above simulations

three pixels, insﬁead of'fout;

Better‘coﬁpresSion resuits are expected if larger blocks
(four by four) are used for decompositon, but this at the

expense of more computing_tfme fbr'cpding.



Figure 4.5.3-1 Decoded pictures resulting from four
steps of S-tranform decomposition pon two by:two blocks, and;
vector . quant12at1on of the dlffe:ence vectors of each step. S
a) "FRA" picture,” coded us1ng only 1.05 bits/pixel : i.e.
4, 64, 128 representative difference vectors respective-
ly for step one through four. b) "TAB" picture, coded using
only 1.05 bits/pixel : i.e. 4, 32, 64, 128 representative
difference vectors respectively for step one . through four.
C) T"TAB" picture, coded using only.1.67 b1ts/p1xe1 s dke.
l6, 64, 128, 128 representative dlfference vectors respec~
t1vely for Step one through four.

-
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53{1n compress1on of up to 0 3 b1ts per p1xe1
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"i;."‘g pamronnmch coumnxsou 0, omn conpnesgmn TECHNIQUES

_— TVO vector quaﬁt1z tzon strategles,can be recommended. ‘A

fast codxng scheme would use tuo by two- p1xe1 blocks for de-

composxt1on and 32 by 32 p1xe1 local sources, Hrstogram

' preproce531ng and 11m1t1ng the number of-iterations to five‘

assures fast computab111ty, e. g. arouts one mxnute of com-
P

putxng trme to code a: 256 by 256 p1xe1 cture on a Vax-750.

A more ef£1c1ent 'scheme would ‘use . three by three blocks

for decOmpos1uaon .w:th decorrelatxon and hlstogram prepro-

cessxng, on 128 by 128 subpxctures. _Computlng time would be

10 tlmes greater than the preV1ous scheme, but with a gain

Progress1ve transm15516n is also posszble by using a com-

b1nat1on of the s~ tranform deCOmpos1tlon techn1que and vec-

R4

tor-quantxzatzon; . .

-

-

- ’ s . ) %, b

Test Here perﬁormed to compare the normallzed mean-

square error (1. 2 2,2~ 3) performance of vector quant1zat1on.

" w1th some well known compress1on technzques., The teohnzques

uSed for compara1son .are’ block Hadamard [14] ‘and cosine [16]
transform codzng (sect1on 1 3 2) and adapt1ve DPCH (sect1on

1 3‘1) The szmulat:ons were carrxed out us1ng the mono-

-~

Chrome test plctures of flgure 3. 1 1.

1
e b

' Block transform codlng 1nvolved taking the two-d1mens:on-

'"h al traﬁsform of 16 by 16 \p1xel blocks. The transform fre-

v

! . 2 T .
Y - . - . : _f- sy



-_3 quencfhdbe%ff&iea?ﬁzare Maxvquant:ied [2],:'us1ng a Gauss1an

g

v
i,

'3 -

dﬁst'“but16n mfdel.i. The-coeff:cxents are'quantzzed usrng a

r of levels accord1ng to their var1ance, .and

fa accord1ng to the" regu1red data-,rate [16]. . The mean compo-

Loa Vs
LS e

nent 1s;quant1zed-11nearly to 8 bxts.

-.r - . . -

'—-. “... A '\.'

a

“ hlocks..=3 predlctor 1s adapt1ve1y des:gned for eacﬁ hlock ”

nr

accord1ng“to the Jocal stat1st1cs.,_ 1l bit per p1xe1 1s used
in hod1ng the predictor-error sxgnal "and some ovethead for
-& -

rthe pred1ctor coeff1c1ents. The prck s1ze uas varied ‘from

8 by 8 to 32 by 32 plxels, to obtaln var1ous b1t rates,

.
4 -

v3- o ef. N e ~,. .
The " norma11zed mean-square error vs; total data rate
hY

- surves comparlng these techn1ques to vector quant1zatron are;\

shown 1n £1gure 4 6 1 ‘The mean—square-grror correlates

-well w1th squect1Ve guaixty 1n. th1s casg;_ apart from some

I

artxfacts wh1ch are worth notzng. It is observed that DPCM

. %i The adapttve DPCM techn1que is also-performed_ u51ng a*a .

L

performs as well or slrghtly better than vector quant1za-”

-~ \4’

t1on. Cos1ne-transformvcodang outperforms all other techn1~

'unes‘except -at around 1. 5 b1ts per p1xe1 where vector quan-

.tr;at1on u51ng three by three p1xe1 blocks 15 .best._t An,

11annqy:ng'blqck:ngrefﬁect 1s-vrs1b1e in. tranform coded pac- |

'tures,“ espec1a11y at‘ data rates above l 5 b1ts per p1xe1

uhrle a muddled effect appears at low data rates.f Vector-?a

quantized data produces a less n01sy p1cture than block
transform cod1ng, though false contour1ng becomes annoy1ng

LA T , " " ." « .
T e "ot e . S
S : i . .

~ e
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.at data rates be per pixel. . -The,samé type of be- -

haviour i's obtainé r the "BAT" picture.

. hd . -
. “ ) . - N - Y '\
ool B Coune Transtorm 16 by I6 Biack

v o ) . ' ‘ | Hudqmard Transform 16 5y 16 Slock

: ' . O 32by32 Pixe! Loca! Saurce 2 by2 Biock -
% ‘ ® fdoarive 2 by2 8lock . -

- 325y32 Pixel Locel Saurce
fa . . AN - Y |
= e o _ o A 128 by 128 Pixet Locel Sozrce 3by3 Block
1 . "
'&J A Adaptive DPCM
< | 5.
s !
o N
N !
:__t - 2 -
wld
- 1.0+
] |
! 1
N !
z Q&4
=
&
8 .
= O}E -
C.e
: T T u ™ TTT L T v - T
2.0

i 05 - (5
o : DATA RATE (Bits per pixel)
Figure 4.6-1 Perfomance comparaiSon of block transform

coding, adaptive DPCM coding and vector quantization using = . .
the "FRA" training set; ' o '

Although cosiné franform'coding outperforms vector quan-
tization, -it has the implicit 'diséavantage of requiring
variabie-iéngth codewords for efficient. coding (as does fhe

b

Hadémard'transform coding scheme).

8 %3.-\

'
-
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1F the decoder 1s assumed to be able to handle variable-
1ength codewords, then one mxght as well use postproce§é1ng
to further reduce the data rate us1ng entropy coding. Hil~-
bert [26]) provad that stat1st1ca1 codxng of.-the codeuord se-
nquence generated from a vector—quant1zed colour pzcture (the
- three colour components of -a p1xe1. are used as a vector) ,
rproduced a saving of 0. 3 bltS per pzxel. Although the sta-'
“tistics of the codeword_11st generated from colour vector
quantizetion is‘different fron .spatial vector quantization,

the same order of saving is expected.

Hence vector‘quantization ‘fares very well compared to
boeth adaptive DPCM and block tranform coding, “#ithout the
noise sensitivity of DPCM and the complexity of transform

decoding.
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Chapter.v. . .. .
L COLOUR IMAGE iCGDI“G o N

."
Digital cod1ng of colour- video 51gnals has received. 1ess at-

tentzon ‘than the cod1ng of monochrome video sxgnals. How-"

ever, .given the current widespread prol;feratxon ‘of colour

-

'-;elev1sxon systems and 'the'generel_ preference for colour
pictures versus monochrome, it is obvious that the efficient

coding of colour signals is of prime importance.

5.1 = CODING OF ‘conoqn TELEVISION IMAGES
A ooof qnderstanding of the human visual prooese has not
prevented the use of coding in broadcast colour television
_systems [52]. Efficient use is made of analog bandwidth, to
accomodate the increased information content of colomr sig:..
rnals. A colour television camera provides 51mu1taneous red
| green and blue line scans of a scene, according to the Naf
. tional Television System CommiSsion'(NTSCj receiver phosphor

primary system. . .

‘ 1
These are combined to form the scene luminance (bright-

ness}) according:to equation 3.1.1.

The luminance signal is transmitted 'along.with'two chro-

'‘minance signals I , @ that are linear functions of the col-

‘- 133 -
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our dxfference sxgnals R-Y and B-Y [1]. The coiour'di;:,.

ferences are normal:zed to form the s1gnals

) R - Y . _ :
U = —-———-- .= 0.877 * ( R~-Y) -, (5.1-1)
1.14 T 4
o s \y E | . . .
Vo= -momee- = .0.493* ( B - Y) . (5.1-2)

The normalization, wh1ch is standard for the NTSC."'PAb

.ahd SECAM systéms 1], was chosen xo 11m1t the max1mum ex-

cursion of the comp051te colour telev1s1on signal to the ar-

bitrary value of 1.33 times the excursion of the monochrome

‘televisioh signal. In the NTSC system ‘the I and Q chromi-

5ﬁance §ignaIs aro formed by ° ‘ oﬂ ..
I .= U*eos(33) = V*sin(33) - (5.1-3) .

Q = . U* cos(saii R sin(53')'§ (5.1-4)

Alternat1ve1y the I and Q 51gnals can be dxrectly related

to the R, G, B camera 51gnals by

“

1, = 0.596 * R - 0.274 * G - 0.322 * B (5.1-5)
Q = 0.211 *R - 0.523 * G + 0.312.* B (5.1-6)

For transmission the ¥,I,Q components are loquaos‘filf
tered uni—dimensionaly (along thevscan line). The luminance
s1gnal is 11m1ted to a bandw1dth of about 4. 0 MHz, while the*

I and Q s1gnals are bandl1m1ted to about 1.3 and 0.5 ‘MHz,
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'frespectiyely. _This seyefe bandlzm;txng of T and Q at the '

transmitter affects the frequency spectrum of the recon—, '

structed R,G,B sxgnals at the recexver, of course, but the -

-degradat1on to a human v1ewer has- proved m1n1ma1 because of

the poor spat1a1 frequenc? response of the human v1sua1 sys—"

The R,G,B drive sagnals are reconverted.for display ac-n
cord1ng to the reIatxons E

v ) B e

- "‘~1.oob * Y-+ 0.956 %1 + 0.621 *Q  : (5.1-7).

R
G = 1.000.* YW~ 0.272 *1 ‘- 0.647-* Q '(5.1-8)
B

‘& 1.000 * Y - 1,1-06 * 1 + 1.703 * Q ’ (5-1"9')

iThe'Cootainate conversionrfrom the R,G,B colour space to

the Y,1,0 COlcur space can be cons1dered as a-three-dimepFﬂ_

:slonal transformat;on. The &on ersion prov1des an energy

compactlon between colour planes, maklng band11m1t1ng possi-

_ble.- " Adopt1ng this ph1losophy, t e near- opt1ma1 three-d1-l

mens1ona1 transform would be a Karhunen Loeve tra sformat1on5
wh1ch completely decorrelates the 3*N*M colour (T

mage compo-
nents. It has been shown [53] that the ¥Y,I,Q coorainate
conversion provides almost as high. an energy compaction for

colour images as does the Karhunen-Loeve colour coordinate

!cbnversion, with the advantage of simpler conputabilipy.

. The energy compaction of the Y¥,I,Q coordinate system is‘i1—5

ius;rated in Table 5.1-1.

ot . . ' A



' Test Coordinate Percentage ':Pércengage.ijércenta e

Image - System ' energy -in energy . 1in' -energy '1in
' S first © , Second” third
component " ' component - component
BAT RGB .  2B.53 " 36.93 © 34,54
R 20 92.70" 4.63 .. 2.67
7 X ) SRR 7
" PRA RGB." . 31.56  ° 34.37 - .384.07. -
- Y1Q 93.50 . 5.23 . l.27

“Table 5.1-1 Energy' compacfioh . produced by ‘coordinate
conversion from R,G,B to Y,1,Q systems,

i

'The R,G,B compbnents' of a}n#tural picture,.aré highly‘in4
ltefonrrelated [i]. IB the Y,I1,Q represéntation, the Gmi-*
nqndg p}ané“ contains most of thé:picture's'eﬁérgy aﬁ; de-
taﬁi, vhile tﬁéw§ne;9y in the I and Qrplané is rather sparce
[1]. Correlatipn.between the ¥,1,Q components still exists.
Eveﬁ.by using the Karﬂunen-Loeﬁe transform, correlation be-
.tween theAplaﬁEs wiiifstiil exist, becausé of the non-Gaus-

sian nature of. picture statistics [53].

1 In‘the_following simulations, ‘the Y,1,Q coordinate system
is used for dgcbrrelétién of :the R:G,B components, because

of itS'uBiquity.in television broadcast systems,
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5.2 ' VECTOR QUANTIZATION OF COLOUR IMAGERY .

T ;Berlier*atteMpts-'in codkng%digital colour picturee used
un1tary transforms ﬁfor spat1al decorrelat1on of the Y 1,Q.
planes 153, 15], CompreSSton is. achxeved by either, eliminat-

1ng some transform coe££1c1ents (brlck wall fxlterxng) or“‘

J
4

quant1z1ng éach coeff1c1ent to d1fferent resolut1ons,ﬂﬁaC7
cordxng -to 1ts var1ance (exponent1al f11ter1ng) . Thxs tfpe‘,
. of compressxon corresponds 'to  two- d1mens1onal fllterxng 1n-‘2
stead of unl dxgens:onal fxlterlng, .used 1n,hroadcast tele-
'visﬁon.t o " ) |

Colour 1magery can be vector quantized, in a similar men-
ner. The 1mage is first spectrally'decorreleted by iay of
the Y,1,Q coordlnate systemsr‘n Each Y I Q plane is ;ectdrj
quant1zed 1ndependently, ‘as if 1t. were a monochrome image.
@he'lumlnance plane is exactly :thet: a 'monochrome image, "
hence the resultd_{rom-chapter1four‘ére'directly'applicaole.

.Theil ‘and Q planés c;n be ooarsely qguantized, because of

.
R+ \
e -

their lov energy content. o .
Anothe;';ector .quentization strategy’is to gquantize thev;
'coloure directly. Each colour image pixel ie‘ composed’ of ﬁ
three components. Each tr1plet corresponds to a CIE space’
colour. A pixel can be proce;sed as a three d1mensxonal
vector,. hence the name colour qudntizatlon.‘ Two authors
[26,39]'studied thie'ooding strategy. Although Hilbert [26]

achieved high compression rates, the spat1al redundancy ex-
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isting in eat_:fii Plane, is not efficiently reduted. Hjlbert
[26] by uéing statistical ebding; further increased the com-
pression ratio at the expense‘o£<_9afiab1e length coding.
Advantages of colour quantization are that a singie ¢odewqrd
map is‘required (insteed'of’three as in Y;I,Q:plane coding),
~and the use of decorrelatieﬁ transform functibnsrge.g. Y,I,Q

coordinate system)is not necessary.
na ! .

—

This coding scheme can be improved,’ by ‘vectorrgquantizing

both the colour and spatial information Simnltaneously :
i.,e. by combining in a sihgle vector, the R, G éhd.B compo-

nent intensity values from an a*b pixel block. _For a7tvoeby

two spatial block, twelve-dimensional data are produced,

four 1ntens1t1es from the R plane. four from the G plane and"

so on. Th1s h1gh dimensionality requ1res exce551ve comput-

ing. requ1rements ( section 4.2.2). -

Ln television broadeasting, the I andFQ signals are,se-

verely bandl:mxted because of their 10u energy content. The

SUbJeCtIVe error produced by the bandlimiting is small [1],

A 51m11ar "trick" can be. used for reduC1ng the coding time

£ 8
assoc1ated w1th vector qgant1zat10n. The data d1mens1ona}1j

ty is’reduced, by f:rst transforming the data 1nto the ¥,1,0Q
:coordlnate system, then lower1ng by fou the spatial rEsolu-
't{on of ;he'lowaenergy I and Q planes{™ hence M/2 by N/2 in-
“stead of M by N,piiel planes are brpceséed. The dimension-

ality is thus effectively reduced to sik for two .by two

e
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pixel blocks : four values from ‘the Y-plane, one from I,

=

and another from the Q plane. 'D"'zn (4.2- 1) is reduced by vl

half, correspond1ngly the proce551ng requ1rements a;:(ge—_

duced by half, . and an 1n1t1a1 compressxon ratlo of

=

0, is

.obtained. : The decoder generates the R G, B components by

first blow:ng up the I and Q planes, before 1nverse trans-

formation. | :

The quantlzat1on error produced by lowerxng the spatzal

' resolut1bn of the I and Q planes, is masked out -by the othef

components and by the compressed version of .the planes-: them-

selves. The subjectlve error is expected to be lower than

"in’the . case of monochrome picturé'coding, because of the -

-~ —

r
spatlal frequency 11m1tat1ons of the human visual system, to

colour [l]. Fzgure 5.2-1 111ustrates the block diagram of

the proposed preprocessxng for vector quantlzat1;n of colour

.

imagery. ﬂ S ‘ : L
; : SPATIAL
COORDINATE : RESOLUTION - VECTOR i
CONVERSION REQUCTION QUANTIZATION . Yo
. _ : .
‘ Rixy) SY¥y) s I o
G(K.Y) | (X ) |(Kl l) , . C‘ODED
— . oy —r " |—CoLaR -
. ' IMAGE
RRR-TERY y R
. B Y. _ QUJ). 1 Qlxy) .
w

‘_‘J

F1gure 5,2-1 Preprocessing of the R, G,B tristimulus val-
ues for vector: quant1zat10n
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The proposed preprocess:ng scheme 1ntroduces quantxzatxon
error in the_subsamplxng.process.- The ¥,1,Q coordrnate con="
"vetsioh produceé "teel'lnumbefs;l Subsampl1ng of a plane 1s.
performed by replac1ng each two - by two p1xe1 block by 1ts
average component value. - The’ subsamplxng quant1zatzon error

is barely notxceable Sub]ectlvely.,

Two ;610ur Qector quantization techniques are simuleteo :
in the folloeing subsections T ihdependeht Y;I,Q plene cod-
.\ﬁngzahd combined Y,i,Q coding., Both strategies ,uee'the X
and Q planes at querfer spatiel resolution, 'reducing both

computing requirements and the data rate by half.

The. colour test.pictures are :the colour version of the
pichure of figure 3.1-1. The .iterative K-Means clustering
'aigorithm‘is used for vector;épaceApaftitioning, initialized
by thej‘mode-seeking scheme since the_Y,I,Q components are

uncorrelated,

The perforﬁahce of the two coding strategies are measuhed
in terms of data quality and dateirate. The data'quality is
‘.obeervea_,subjectively;' and measured using  the relative
E mean;squere4error, of formula 1.2.2.2~1 through 1.2.2.2-3,

-,hetweeh.the originaI‘R,G,B tristimulus planes and‘the R,G,B
__pIanes of the.image approximation, )
The data rate is calculated accordxng to. 4.1-1 to 3, - for

-each plane. The I and Q planes are at quarter spatial Yeso-
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' ed by four..z . f',_f L T

_levels.

lutlon, thus the bit. rate calculated by 4 1-3 must be d1v1d-'

-In the following simufation _results, the. representatlve E

‘_vector components correspondxng to the luminance and chrom1-~ .

-_,hance-components are quantzzed-u51ng~ 256 - (8 bits): linear

- N

The codiné- time forft 1,0 1magery is approximately 1.5

t1mes that of a monochrome imagery, since the I and Q planes

‘have four t1mes less vectors to qguantize than a monochrome

image, and requ1re fewer quantization -levels because of

their low epergy content.:

5.2.1° ¥,1,Q Plane Coding . S

.In this sect1on, _each luminance-chrominance plane is coded

;-as if it were a monochrome image. This coding scheme is re-

ferred to as plane coding.' The data distribution of a local

- source determines the number of-quantization levels neces-

aary fbr_compressidn..-The_I and Q-planes,‘ofnlow energyare-?-o

quire fewer ‘quantiaationtlerels than the Y plane. Each

- plane is decomposed usxng two by two pixel blocks, and .32 by:

32 plxel local sources for cod1ng, for fast cod1ng t1me.

Proper analytical rules for. determ1n1ng thexnUmber . of
representat1ve ‘vectors for each plane cannot be formulated,

since the human V1sual process .of colour v1sxon is poorly

: understood-[53]; ' The Y plane be1ng the monochrome versxon'
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of a colour iﬁage, is known to requlre (Sectzon 4. 4 1) 1_} e
quantization levels per local source of 32 by 32 pxxels,7 or. ?”- LT

1.5 bits pe? pixei to achxeve good subject1ve reproductxoh..

L

)

- The I and Q planes requxre much less qu&ntlzatxon levels;_.

but _since thelr spat1a1 resolut1on is reduced ‘by four.

‘c

around 8 .quantization levels are used ‘per local source,v for.

L

a bit rate of 0.25 bits per pPixel per plane. ~ In this stuéylz

the chrominance planes-are coded using the same number of
representative vectors, although it is common practice to

bandlimit the Q plane more than the I plane‘ hh}-further

reduction in_ the bit rate of the Q plan€ 15 negl1gtble,“

since’ 1ts contrzbut:on to the total bit rate 1smso small.

-

Meén-sduare-error measures for the fbllowing rebresenta-
tive vector assignment are'presented 1 32-8% 8 , B8-8-8 and

8-2-2 for'the Y, I and Q planes respect1ve1y.

- ———— —— . ———— i —— — e —————— o — -

NUMBER OF ' BIT RATE % HEAN“SQUAR -ERROR ~

REPRESENTATIVE bits per pixel
VECTORS | |
Y ‘1 Q R G B
8 2 2 .. 115 8.1 . 4.1  14.0
. . ' ' ' Wy :
8 8 8 1150 . 5.9 3.7 12.0
32 8 8 . 295 . 5.1 % 2.2 9.

Table'S.é.i -1%,1 Q plane coding by vector quantxzat1on, b
of the colour "BAT" p1cture. Two by two blocks™were used -

«

for decomposition, 32 by 32 local sources for coding. The -

chrominance planes were spatlally reduced by four before
process1ng. O
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The use of the Y I,Q coordlnate system produces lovwer

f mean square-error for the green plane, s1nce it is well rep-

.resented by the lumlnance cpmponent uhlch is always effx—

- -

g o T T - a &

Y Photograph1o results are not presented s1nce the colour

.Ject1ve1yg 1t was observed that an acceptable colour picture

was obta1ned with only 2, 75 bits per pxxel for a compres-

s;on rat:o of 8.7 . The compre551on rat1o obtained is high-

'er than for monochrome images, because of the subsampling

 npr1nts do not properly reproduce dzsplayable results. - Sub-

process introducing a compression ratio of two. "Thus the -

effective compression ratio of vector quantization of colour

pictures is_the same as for monochrome  imagery ~( approxi-
mately 6.7). . Approximately 1.3 bits per pixel'is'required

to transmit" the luminance information, and a further 1.5

. bits per pixel'for the chrominance information of a picture.

.
.

'5.2.2 Combined Coding of the ¥Y,I,Q Components

Combjned codingi:of the Y,1,0Q conponents' involves decom-
posino the luminanoe-chrominance'picture into blocks-of tvo
by-@wo pixels. The chrominance planes are‘spatially rednced
by four, thus a chrominance coefficient is associated to
each two by two pixel block of the luminance plane. A vec-
tor is formed of four 1um1nance components and two chromi-

nance components, one from the I and Q planes respectively.

"
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This éix-aiﬁehsiqpel v&ctor is quantzzed‘p51ng the K-means

algorlthm w1th mode- seekﬂng 1n1t1al1zat1on. By varying K -

Ehe number of representatxve vectors, various bit rates are

‘:bbta1ned. - S 3 . ' N

Coding is performed using§32° by 32 local sources, for ’
fast processing time. Better results are obtained by using
7 larger lonal sourges but a% the expense of a large 1ncrease

in comput1ng t1me. Performance results can be Judged from

the follow1ng table.

i, 2‘: ’ S “ﬁ~!
NUMEER OF BIT RATE , '+ % MEAN-SQUARE-ERROR
REPRESENTATIVE bltS per pixel” et ‘ Y,

VECTORS R - G B

B . 1:13 - %.8 3.9 8.8

16 - 1.75 5.4 2.9 7.4

32 oy '2 75, 4.6 2,2 6.4

P ks

(XY

Table 5.2.2-1 Y,1,Q combined 'coding by vector quantiza-=
tion, of the colour "BAT" picture, The chromlnance planes
were spatially reduced by four before processing. : Vectors :
are formed .of four luminance and two chrom1nancq coeffi- R
cients, from a two by two pixel block. 32 by™ 32 _local :
sources ane used for coding. ' -

. ,iv v g

;K' . | é
Combined Y 1,Q component coding slxghtly 0utperforme

plane coding, accord1ng to the mean- sqdare error cr1ter1on, e
.. with the added advantage of producing a single codeword

list, instead of three as"in plane coding. Thig'resulfs in

. ' 4
=, -

N x
L . . .
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-ausfmpler deéoder'archifECture.' The sl1ght 1mprovement 1n“
~ mean- square error results from m1n1mzz1ng thzs cr1ter10n in

a mu1t1spectra1 sense, 1nstead of 1ndependentlz for each 3

L

T

5.3 -SUMMARY

Two colour pxcture vector quantlzatlon schemes remov1ng spa-

than.’8 were obta1ned with only lzmlted degradation in- bothf'

tial redundancy were described. These make use of the Y I,Q
coorainhze's?stem; One technigue involves cod1ng each Y,I
and Q plane as if it were a monochrome image. - The second

N

techn1que uses a vector formed of Y,I and Q components, from

- a two by tqp pxxel block . In both cases the I and Q planes-

areuspat1ally reduced by Tour fbecause‘of their low informa-

tion?confent. fpombined coding of the Y, 1,Q 1umfnance-chro-

minance combonents _from pixel blocks slightly outper formed

.»spatial plane eoding.'f'ﬁurthermore, combined coding of the

Y, I ,0 component produces a single plane of codewords; thus

wﬁmuer\d der arch1tecture. Compress1on ratios of more

"\.

cases,

Vecto?fquantization of colour pxctures compares favorably

a

Lto block transform coding. Cosine transform. codzng of col-

our’ p1ctures was performed by ceding the Y and subsampled I

and. Q planes as 1f they were monochrome p1ctures. The "morntk-

chrome transform codxng scheme was descr1bed in section 4.6.

Performance resulﬁs can be Judged from the follow1ng table..



 BIT RATE - .4 MEAN-SQUARE-ERROR -
bits per pxxel,‘ S . _ : ‘
R .. G B
1,00 - - 8.07 4.4 . 10.2 | g
1.50  ° 8.4 3.8 10.2% . °

2.00 ., 7.2 3.4 9.1

”

Table 5.3-1 Cos:ne transform cod1ng ‘of the colour 'BAT'

picture. The chrominance planes were spatially reduced by:

11ng.

~-

ngr before processing, 16 by 16 local sourccs are used for

Subjective comparison of“the ‘two colour, plcture vector

quantization techniques with the cos1ne transform techn1que,

shows the vector- quant1zed colour p1fture to be . again
"clearer" in appearance compared to the . transform picture,
although some false-contouring occurs at low bit E&tés (1.5

bits per pixel). . Vector guantization,proﬂuces a less noisy

picture since the’ quantizer.is designed to minimize the av- .
erage error ip a multispecfral.sénse, rather than trying to

minimize fhe aycrage‘.cr:orﬁ of each plane ihdependently;,-
N : ' :

Futhermore no blocking—cffect comparable to block transform

'cod1ng occurs in the vector- quant1zed pacture.

K

“

L
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| Chapter: VI ,
SUMMARY AND RECOMMENDATIONS FOR FURTHER RESEARCH

In th1s d1ssertatlon, adapt;ve vector quant;zat1on is inves-

.tlgated for 's1mp1e and eff1c1ent compressxon of p1ctor1a1'

. data. Adapt1ve vector quant1zatlon consxsts in desxgn1ng a

f
adaptxve vector quantlzat1on.

5quant1zer for each zmage source. Clusterxng 1s ~used for

;quant1zer des1gn.l fhe K-means 'clusterxng algor1thm is ex-

tens1ve1y 1nvest1gated a d s1mu1ated to ascertaxn "its use in

Bit-rate reductions by emfactor of more than_ seven and

ten for monochrome and colour plctures respect1ve1y, produce :

only 11m1ted degradatloo. _ The-comb1nat1on of progressive

transmissjion and vector quant1zat10n also prov1des good com-

pression results.,g

Although decodlng of vector quant1zed data 1s sxmpllstlo-

and makes use of a very small refresh memory, coding of a

256 by 255 pixel image requires minutes of.computing time on .

a VAX-750.

Vector quantization is limited for the moment to off-1line

.codlng applications, ”.An>importantlfield‘of applicetion.for

vector quantxzat1on is broadcast systems where the decoder

mus: be of low cost. V1deotex systems are one good example.

LY
]

[
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A _fast quantizer‘design.algorithm is required for prati-

caff;id real-time vector';ouant;?ations- A classification
scheme based on the Hadamard'transform is proposedﬁﬂ‘ An im-

age is decomposed'into four by four'pixel blocks. Each

hhlock of grey level values is first H marq_transformed, in

" either two or thiee dimensions for~a- tatic or a sequence of

. % images respectivel&.:. The sum coefficient, or mean value is

extracted and quantized to as few as four bits [41]. The,

‘ Hadamard difference ,coe£f1c1ents corresepnqing to contrast

measures, are weighted according to the mean lumznos1ty of

.the plxel block, " to take into account. Weber's effect [1].

Only the fxrst, most important difference coefficients are

used for clagsification, to'reduce vector dimensionalit
thus coding time. Classification is performed in two step

The fzrst step consists in replac;ng each coefficient by a

hzgh posxt1ve_contrast, low poszt1ve contrast, no contrast,

'\.

»label specj'yzng wh1ch type of contrast it represents :'i:e.‘

etc. . - This first step is performed.using simpIe“thresho;d‘fﬂ'

ing, The second step is the classification‘of.the pattern

" vectors. Each vector of transfopm coefficiehts,'represEnted

wby”a cdntraSt'pattern'rector 'of 1nteger labels, . is c1ass1-

£1ed uszng s1mp1e table ‘look- up technlques.' Each pattern

vector s then replaced by 1ts contrast pattern class num-

' berf

' .

The coded output .consists of a sum 'coe£f1C1ent for each

plxel block ‘and a contrast pattern label number. ' .It one
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vlsheS'prqgressive transm;ss1on,' then the S-transform tech-
‘ ! IS T

'nzque is used on ;the sum coeff1c1ents. e

iy

"damard transformatxon,': requiring ‘only .add,‘ subtract and
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