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Preface 

ln carly 8(~]Jlcmber /991, a first draft of titis t/test::; was given to me as thesis supel'­

"is()1' fOl' Ml'. Ronny Quesnel. On Sunclay night, 15 Septembcr 1991, Ronny hall a 

fa/al ftulomobtlr nccùlcnt. The topie of this thesis 18 one in which Ronny had lt11-

bo'ttudrd ln/(~"C.'it and cnthusiasrn. 1 pleclged 10 see Ihal the thesis be completcli 10 

s'llb7ll18sio1L and fo1t/ullhe process of pl'eparing the thesi.s for submission one of con­

sidcrnbJ(' f'1l1o/um und one which could 110f have been sllccrssfully complcled wl1ho1l1 

Ihe asslslancc and conslanl support of Ml'. Salvatore Ton'cnte, rcsearch assislanl alld 

Systelll Ad11lill/8fralol' of Ihe INSL lab, and a tiral' fneTld of Ronny. 1 can only hope 

Ihal in the 1'( II/SIOn pl'OCCSS and ln the w/'lting of the abslmci, 1 l'cmained faithfllt to 

Ronny'.., 8/Jj/C which IOllched (lU of us and will neve1' be forgotten. The sub)ect of Lhis 

Ihrsi8 i.~ a (I/.llirllll OIlC, and 1 can only assure rcaders Ihai Ronny's conclusions have 

bccn sltb~/anlial((1 by a mthe/' large population of InformatIOn Nelworks and Systems 

Labo/'lliory colfmgllfs which vicwed his images and p1'Ovidcd him with their subjectiue 

cvaIIUllwn .... -{)I'. Saluatore D. Morgera 
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Abstract 

The goal of this l'esearch is to impl'Ove the su bj('ct.i\'e q"ali\.y of l'pal world Î1llélg('I)' 

encodcd with spatial vcctOl quantizatioll (VQ). 111l\lloved suhj(·ct,iVt' ql1é1lit.y illlplic·:; 

that a hllman perccivcs lcss visually objpctionahh' dist.ort.ioll whc'II lookillp, al. t.1H' 

coded images. Through study ofseveral hasic VQ Sc!WII\('S, UH' issllc's fil Il d<lll1<'11 téd tu 

achieving good subjectivp quality arc IIncovpr('c! (11)(\ clddn'ss('c1 ill t.ltis wor\.;. V('c!OI' 

quantization is very good at rcproducÎng qllélsi-lIlliforlll l,(·xt.uI'(·s ill ail illlil/.'.,(·, bill 

has difficulty in reproducing abrupt change·:; il! t,pxtlln's (('(I/.'..('s) illld fille dc·t.ail illld 

can cause a block effcct which is subjcdively alllloyillg. ,\ s(·('()\)d gC'IU'I,d,ioli ('odillg 

scheme :8 dcveloped which takcs certain pl'Opcrti('s of tif(' hl1111é1.ll vi~lIé1l sysl.e·1I1 i 111.0 

account. A promising Il1cthod which is devploped utili:l.('s Olllllis(·ie·lIt. liltit.e· ste,te' vq, 

a new quadratic distortion measure whirh penclli;t,cs t.\H' ll1i~J'('pl('S('lItilt iOIl or ('dp,f'~. 

and bl'ightness compensation bascd 011 Stev('ll' s POW('!' law. The pl'OposC'd sni, j(.( t.i VI' 

VQ is comparcd with scveral c1assical, fin;!' gelH'l'a!'ioll VQ 1IJ('t.h()d~ . 
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RéSUIné 

CC'He rcc/]('r( Il<' a pour hut d'améliorer la qualiti> ",ubjective des images encodées par 

quantifinll,ioll v(·ct.ori{'lle, L'accroissement de la qualité subjective des images signifie 

qlll' l'('.t./,(' hUlllain \)(,l'('('vra moins de dist.orsions désagréables en regardant le& images 

coM('s, C<'f,t(· ouvrage d(~voile I('s points fondamentaux qui régissent l'obt.ention d'une 

hOIllH' qualité subjective en prés~I1tant. plusieurs méthodes de base en quantificat.ioll 

v(·ct.ori('II('. La quant.ificat.ion vectorielle ('st. ulle m~thodf' qui donlle de bons résultat.s 

da.ns la r<,!>rodllct.ioll dc' tcxtmes quasi-uniformes composant une image, Mais, le 

codage pal' quantificat.ion vectorielle peut d;fficilement reproduire les changenlPllt.s 

hl'llsquel1l, dans la t.cxtl1l'C (contours) et le fin détail de l'image, et peut même causer 

1111 {·frd. de' quadrillage·, dans la reproduction de l'image, qui est déplaisant à la vue, U 11 

systi-tl1e de' ('odagf', de deuxième génération, est, développé qui prend en considération 

I('s propric'>t.(~s du syst,('lllc opt.ique humain, Une méthode de codage' prometeuse est 

\1c~v<·loJ>J>é(· qui ut.ilis(' ll!l(' approche omnisciente en quantIfication vectorielle par état.s 

lilllit.(~s, 1111(' 1I1('8U)'(' de' distort.ion quadrat.ique qui punit les contours énonés d'une 

illlag(', cIV('(' 1111 systè'llle COI1l\H'nsatoÎle d"intensité de l'image basé SUI' la loi des puis­

satu'es <1(' St.('\'('ll. Ellfin, le système de codage par quant.ification vectorielle présenté 

dans cd. ... ouvrage est. cOlllparé à plusieurs autres systèmes de codage de pl'f'mière 

générat.ion, cn quant ifi('ation vectorielle, 
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Dedication 

1 w1il bcsf remcmbcl' l!lm for the ll11cly al/d frit I/dly la/~· ... 11101 1/'" hf/d l0!lt /lit /' lit 

was a/ways (1It111l ... w81/c about discOIJf'rill,q l/f w tllIlIg ... , nol only aboul fI('udt 1/11" 11ft. 

but a/so abolit liff in 9('1/c/'(/l. 1 am p/'OlIrI 10 br ('()II ... id('/'('f1 hi .... {l'/( IId IIl/d ('O/lIlIYU', 

and 1 shall /.or'cp fond 1/lCI1WI'ics of him fm·cl'f/·. 

Pal/'ick Lif' <'hill ('Iwoll.!.!, 

Rouny ma ... (l fJ1flf'd .'iludcrli and a f/'u T/t! 10 ail. Wt 'lf/Ii II/(/IIY /l'O/ltl, l'fil 1 1//01111 III .... 

workm,q lo,qrthcl' bllt olle of I/ls 111081 rT/dU/l'lIlfI qllf/li/II ... 10(/ ... IIIt Ilftll ... 1//( f/1/d ",Olt 

dc vim'c" fhal he b1'01t9hl 10 t'vay da!J lift . 

~li('h(1('1 ~1.I~t IIIC' 

1 will l'ememb(l' ROl/ny a." (( !/al'dwol'lmtg tll,,1 fil 11-10 1'1 1/9, 1I/(11I·/(1I/tl1. lit W"." dt d,­

caled in h/s 100l'k and dclc/'1Ill1lcd '0 (·01/ .... lalllly I11I/JI'O/1( 1I1/1/",,'lf a ... (/II /lH/II"dllf/1 0/1 

the olhel' hand, llollTl!J rI('VCI' nfll."icd 10 hdp 0111,,1',0; "'''0 /lndul /1/. .. (/ ....... , .... hlll('(, }'O/l 

will be l1ussed. A Il l'el'O/I', Illon (lml. 

AII)('/,I P;"I~ 

Ronny had al! Ihe qualillf:,'; c,';,<,t.:lIlwl 10 c.rcd /11 hi .... wOl'k (/nt! ltI Ilf,. Il, (llu'"!!.,, 

belie1Jed fhal teaching othe",'; he/perl him b( a beLlU' p'T'.WJ1/ 1)('('(/11 ... ( 1" 100 wOllld h",." 
in the proccs~, //e a/wa!Js w(llIlcd 10 b(' III( br 'il IL( roll/d ,,,; allrl 111/'011'1" IIII.~ Ih, M,'" 

Ronny will cont1ll/le to sha1'f hl" kllowlulg( (Jl/d hdp o!l,,'1' ... 10 ['((u·h fil rI/', ,. 111 Il,, l" 

wOl'k ... Ronny, yOlll' :,pin! will a/ways b( wtlh 'Il."' . 
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Chapter 1 

INTRODUCTION 

Image comprrssion is essential for applicatiolls :-lId. as 'l'V t.lëIIlSllliH:-ioll, vidl'() ((111-

ferencing and facsimile transmission of pl'inled m,d.c'rial as weil as will'\'(' pic! 1\\'('S ilJ"(' 

stored in a database, su ch as al'('hiving mcdical image:;, fillgerpl illl.:; illld drllwitlp,:-,. 

Now, with tlte incrcasing use of images as a cOllllllunicat.ioll llH'dill/ll, illla,t',l' ('01111)((· .... -

sion t.echniques which ofrer a favorable t.l'ad('off vis-à-vis l'<'plodwtioll qll.tllI.y, ,,101 a,!.!,!' 

rcquil'cmenls, and computational complC'xit.y arc' Il('('ded. '1'1)(' ('(':-'(',11 rh COlllllllllli1.y 

i8 cUl'rently investing considerable time in the cbigll of adval\('(·d illlrl)!,<' (OlllPII'S:-.ioll 

techniques for new and evolving applicat.ions. 

Image compression techniques can be c1assed as [osslcs .... éllHI Im ... y. 'l'If(' 1'01'111('1 

technique permits perfcct reconstruction; wherras t.h(· lat.l.er tee IlIIiquC' d()('s ilOt. dlHI, 

consequently,offers heU.el' compl'eSsiOl. perfonnallc('. ),ossy !'('chniqlws proclll(,(' <li:-.­

torted image signais, and tll<' level of distortion lIl<'y illtloducc dep('lIds 011 tlw rl!rll'(l( -

teristics of the signal, the amount of compression t.hat is achi('vC'd, and 1.1)(' distOltioll 

measure that is llsed. This work concentrat.es on a Jussy kchlliqll(' alld "l'Ovidc·s ill­

sight into thr dcpendence between compression pf'rfOI'llIc\.If('e and suhic'div(' qllillit.y 

of the reprodllccd images. 

Compression techniques can be l'Oughly categori~wd inf (J wavdorrll, !>n'C\irt ivc', 

-
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Hlal.iHti(·al, and t.ransform. Each of thescs classes can be furt.her subdividcd based on 

whet.ller t.he pal'arnetcrs of Ul(' coder are fixed or whcther they change as a fUIlct.ion 

of Uw data that. is being cod('d (adaptive). Also, schemes llsing a mode) of t.he human 

visnal syst('1IJ as a d('~igTl stéll·ting point. arc c1assified as second generat.i"'lll techniques. 

The (,()lIlpl('s~ioll performance of t.hese techniques is expected to be mu ch higher than 

t.hos(' lIsillg more standard fTwt.hods. Reviews of pict.ure coding techniques can be 

found in [8,9, 26]. 

Wavefol'lll ('oding is a discrete-time discrete amplitude represent.ation of the signal. 

Once 1.11(' sigllal is sampled, its amplitude is quantized to one of N levels. Each level 

is rep)'{'sentc'd hy a binary word thal is lransmitt.ed to t.he decodel', which in turn 

(,ollvcrts t.h('s(' hinary wOl'ds 1 () discrete amplitude levcls and reconstructs the image. 

When t.lw sillllpled signal is one-difTwnsional, the t.echnique is the weIl known pulse 

('ode modulat.ion (PCM), but when the samples are groups of pixels fOl'ming vectol's, 

t.lw tcdllliqu(' is call('d vedor quant.izatioll. reM is a good technique to describe 

images, hut. is Ilot weil suit(·d t.o image compression. Vector quant.ization, on the 

ot.l)('1' halld, ('ail yi(·ld very large compressions and is a promising ITIethod in that 

r('sre< 1.. 

ln basic pn'dictivc coding systems, a prediction of the samplc to be encoded is 

made frolll prt'viollsly coded dat.a t.hat has bcen transmitted. The error resulting from 

t.he s1\ht.l'act.ioll of t.he predict.ioll from the value of the sample i8 quant.ized similarly 

as in WclVefOl'l1J (·odillg. TI\(' plcdictor must use only data that has becn transmitted 

t.o t1H' d<'coder, 1)('('éllISC the decoder must to be able to calculate the prediction on 

it.s OWII 1,0 rc,!!,ell<'rat(' the clI('()ded signal properly. DifferentiaI pulse code modulation 

(DPCI\1), which is pl'cdicl.ive peM, has been developed fol' image coding. Sorne 

Sc!IC'III('S include hUl1Ian sensit.ivity curves to quantization noise and perform fairly 



CHAPTER 1. INTRODUCTION 

weB in the range of 1 1.0 2 bits pCI' plxel. 

In transform coding schemes, t.he original illlagt' is dh'ich'd iutu suhpirt,llI't's, wil Il 

each of thesc subpicturcs transformcd into a set. of ('()('Hici('lIls Tht' pl illlèll',)' Pllr­

pose of the transformation is 1.0 reprC'sent. groups of stat.ist.i('ally tif/JI 1/11,1/1 pit 1 \11'(' 

elements as a set of roughly IIIdCpFlldfnt Ll'allsfol'lll ('oellicit'lIls. '1'11<' ({)('''ici('lIls ('011-

tain suflicient. information to rcconstruct the original imagt' \Vil Il t.\H' IIS(' of ,III 11\\'('1'''(' 

transform. The coefficients are quallt.i7,C'd and ('odc'd for t l'élnSlllissioll. At 1 II(' \'('('pi VI'I', 

the received bits are decodcd illto tl'c\,m;('OI'Ill ('()('flici('lIts 10 \\'hidl t.11t' iIlVI'ISI' 1 .. <1118-

fonTI is applicd to l'ccover iIltellsiti('~ of pidu\'(' ('\('111<'1118. 1\losl of 1 III' l'IIlIlpr<'ssioJl 

is a l'esult of dropping small coefficients and (,o(\l'st'ly <il ,\IIt.izill).!, Ot.!ll'I ", <1:-' J'(·qllil't·(1 

by the pictlll'e quality. The important parame\'C'l's t.hat. d('\,t'l'Il1ill(' tilt' pt'l'fOI'IIIi1IU'I' 

of transform coders are the size and shape of tllC' !illhpic t.llIl·S, tilt' tyP(' of tl'<lllsfor­

rnation used. alld the selection of the tl'allsmiUed ('()('f[j('iell!.s ,1IIt! t.Ilt'1I (1'léllltizatioll. 

The most popular tl'ansform method is the discJ'(,t(, COSII\(' tl'ilnsiol III (\)( ~T) whidl 

gives very good l'Csults at 0.5 to 1 bits pCI' pix('1. Sigllifi( éllll l'f('or!. 18 !o('wwd 011 !.Ilis 

rnethod, and il. is evolving as olle of t.be good dloiCt's fol' \righ »1'1 1'01'1 1 liI 111'1' illlap,t' 

compression coding. 

Statistical coding is a sl.taightforwal'd appli('ation or rélt.('-dis!.ol't.ion t1lt'ol'y ('alll'c1 

block codzng. These rnethods use statisticfl 01 t.!w ~1g,I1<d ~ttClt a~ [l'(''I"C'IIC\, of ()( ('1111'1'11('(' 

of syrnbols or patterns of syrnbols. In Huffmfln (()ding, titI' IIII"gr' ~il!,n;d i~ dividpd 

into small blocks of cqual size. A hlock can takc' dlf!C'J('IIt. valllt,s and cl prohahility 

measure is assigned to each of the possible valucs. A variable Il 'Il,!!,!. Ir t'odr' i~ Il'''11 IISt'r! 

to give srnallcr lcngth codes to those blocks which are more likPly, 'l'Ill' ~IZ(' of t.11t· 

blocks cannot be large, as the size of the code book reqllired fol' t,))('il' SI,("',I~!;t' wOllld 

be too large. Therefore, many applications use the deppnerat.l! cafl(' of ft singk pixel 
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hlock. In Uw Lernpcl-Ziv algorithm, strings of pixels are matched to strings that were 

transrnitted in the rcecnt pasto The position and the length of the encoded string 

if) transrnitt.ed to the decoder. The string length can be very large, in which case, 

good comprf'ssion is obtained. Statistical coding techniques arc, in gcneral, lossless 

techni(IUCS and achicve only small compression performance for most test pictures. 

Also, becausc of the rigidity of the techniques, it is very difIicult to add other criteria 

baspd on human subjectivity. Bence, these techniques are not considered as serious 

contcnders fOl practical imagc compression s~'stems, but are useful for t.he compression 

of scalar co('fficient.s having a limited range of values. 

'1'1)(' p,oal of t.his f(lsearch is t.o improve the subjective quality of images encoded 

wit.h spatial V<'ct.or quantizatioll. By increased subjective quality, wc mean that the 

view<'l" p('rc('iVf's I('ss objection able distortion when looking at the coded images. Vec­

t.or quallt.iz;lI.ioll is a gcneral technique in the sense that several variations of the 

hasic sdwlIJ(' exisL. Through the study of the performance of the basic scheme, we 

JH·('Sent. t.he difficultÎ('s tohat need to be addressed in order to design an efficient image 

compr<,ssiol1 Sc!I<'IIJe. We will study sorne advanced vector quantization schemes, and 

show how t.h<,y us(' t.h<, cltaracf,eristics of the image signal to improve the quality of 

coded images. Wc will also include in the design, schemes which consider the psycho­

visual operat.ions pcrformed by the eye and the human hrain on the visual field. The 

combinat.ioll of t.hesc tcchni(IUCS should improvc the quality of t.he coder, so that the 

eud tiser cali appreciatc the subjective differeIlcc. In this t.hesis, we do Ilot consider 

coding colllplexit.y and hardware case of il1lplemcntation. These factors are important 

t,o ('ollsider fol' any application but. cxt.end beyond the scope of this thesis. 

Y('ctor qUélntl",ation and it.s possihle variations arc st.udied in Chapter 2. We first 

present a bri('f survey of the vector quantization techniques proposed in the literature. 
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We then present in greater detail the basic vect.or quant i7.at.ion Reht'nH' and t \\'0 ('x\t'n­

sions of interest.: predictive vector quantizatioll and finil<' st.att' v('dor qllant iif,élt.ion. 

In Chapter 3, we SIl .dy the visual psychophysics of t IH' hlllllélll .\IId <I('\'('lup sdlt'Il\('s 

based on those observations. Wc first explain t.1l(' physiologicdl plO('('s~ 1)('lIillll 1I\lIIIHII 

vision. We discuss only the carly visioll proecss which o('('\\\'s ill tilt' l'Y(' alld ill t IH' 

first few neuron layers. We then present. a modPi for the hright.nt'ss pt'rcl'ptioll \»\'O('('ss 

and present how such psyehùvisual informat.ion is illdlldcd in slIhj(,ct,iv(' s('c!lar <111<111-

tizers proposcd in the litt'ratmc. Wc thcn dcV<'lop a nt'w dist.ort.ion IIwaSIIJ'(' IMs('.! 0\1 

a more subjective criterion and a schem(' ut.i1izinl!, 1.1)(, hright.lH'ss I)('rn'ptioll pro('('~s 

of t.he human visual system. In Chapt.er 4, Wt' prt'st'Ilt. t\w ('xpt'rilll<'llt..d sillllliai iOIl 

results obtaincd with the proposed techniqucs t.ak('n individually, é11ld 1,1\('11 cOlllhillt'c! 

together. \Ve diseuss the subjective quality of tIlP coded illlélg('S <lIId tilt' illlpliC'élt ion 

of the proposed schemes as thcy are prescnt.cd. In t.he conclusion, W(' slIlIlInariz(' t.11t' 

subjective improvements obtained with t.he pI'OpOS(·<I t.('dllliqll('s all(l (liH('IISS fu\ \1It' 

work. 

------------------------------------ -
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Chapter 2 

VECTOR QUANTIZATION 

ln t.his Chapter, wc present. vector quant.ization as a source coding technique. Vector 

quant.ization is a v{'ry gcneral and versatile information encoding method. For t.his 

rcason, we also discuss sev{'ral of its possible extensions and variations. We then 

dcscrH){' in more detait, memoryless vect.or quantization as a basic technique .'\nd 

presC'nt two ot.her techniques, mean predict;ve coding and finit.e-state vector quan­

t.i;l,at.ion, whiclt also attempt. t.o utilize the inlwrcnt memory (or redundancy) of the 

picture signal. Wc explaiu how the encoders and the decoders are designed and de-

saibe cOllnllonly IIsed t.echniques to optimize them. Fol' convenience and readability, 

wc use VQ as an acronym fol' both vector quantization and vector quantizer. 

2.1 Survey of Techniques 

A fundanwllt.al l'esult of Shannon's l'ate-distortion theory, the brandi of informa­

t.ion t.hC'ory devot.ed to data compression, is that hetter performance can always he 

achicvcd by eoding vectors (blocks) instead of scalars. This holds even if the data. 

somee is mOl/ory/es ... , i.e., consists of a sequence of independent random variables, 

but. great<'1' performance gains can be obtained if the source samples are correlated. 

6 
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This theory has had a limited impact. on syst.em design in t III' IMSI hC'CéIlISC' it c\()(,S 

not provide constructive design terhniqucH for vecto\' code\'H awl t,radit.ional scalar 

coders orten yi<'ldecl satisfact.ory I)('rformance wit.h a lllinimlllll or (olllplc".;ity. Bc.fo\'(' 

1980, very few pa pers were published 011 t.!w sllbjC'ct of v('ctOl' qualltiz.tl iOIl, ullt.il t.!w 

vector gencralization of an algorithm fol' opt.illlllm (ksil',11 of sCillar ((nillltiz(,l:" [I;J] 

was developed hy Linde et al. [7]. This algorit.hm tunwd out to 1)(' of lIIt\jor il\\por­

tance in vector quant IzatiolJ and led to several IWW d"veloplIwnf,,,. Sinn' t 11<'11, vC'dor 

quantization is increasingly uM'd in t.he design of a varid,y of syst,C'lIls. 

This section i8 cl succillct. surV<'y of the basic d('~igll algol'iUllll alld llléllly of ib 

variations and applicat.ions. WC' begill wit.h t.11<' silllplt'st !.pe!lIliql\(', t.ltl' 1lH'lIIolyh,ss 

vector quantizer which is the nt Il 1 t,idi llH'lISiOll,ll ('xt.c'nsioll of pli bc' cod(' IIlOcl 1\ l,Il iOl 1 

(peM). Next, vdriatiollS of the r).::.3ic VQ which 1 ('dll(,(' (olllpl(·xlt.y or \IWIIIOl".V ,It. t.\)(' 

expense of a hopefully tolerable los8 in pC'rfOrtllêlllc(' al"<' d('seri IwC!. Wc' t.!J('1I cl i~(,l\SS 

VQ with memory: feedback vectOl quan\'i~('rs slleh as pn'clict.iv(' VQ alld fillit.('-stal.e 

VQ. The reader is rcfetTed 1,0 [10,1.5, :W, 21, ~H] fOI mol'(' cOlllpld(' SIIrVC'ys of VQ. 

A vector quantizcr can be defined as a mapping Q of él k-dilllf'lIsiolléll Vf'( tOI" S(l,I("(' 

]Rie into a finite subset Y of mie 

Q : mie ---t y = {Yi: i = 0, l, ... , N - I} , (::!.I ) 

where Y is the set of reproduction vectort'i and IV is th(' nllllllwl" of V<'Ct.OI ~ in Y. 

This set of reproduction vectors is commonly talled tll(' co<!pl)()ok ,Hld (';1(" of t.Il<' 

reproduction vedors is a codevector. VQ cali also he S('('II ,IS <1 nJlllhillatloll of I.wo 

functions: an encoder, whi('h rccciw's the inpllt VC( tOI X and 11,('11('1 at('~ t Il<' addl'I'~s 

or index of the reproduction vcct.or specified by y = Q(x), alld " d('f 0<1(·1' wlli( h Il~('~ 

this address to generatc the reproduction vedol' y. If a di1>!,(Jl'tioll rtlf',l~lIn' d( X, y) 

which represents the cost associated with rcproducing vedo .. x by Y 1:. (lf'fill('d, "hm 
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u){~ hcst. rnapping Q is the olle which minimizcs d(x, y) [1.5]. The most common 

dist.ort.ion IIWélSlll'C is the squareJ-error dist.ortion given by 

10-1 

d(x, y) = Ilx - yll2 = ~).l'3 - Y3)2. 
3=0 

(2.2) 

Til(' VQ, d1ll illg t.h(· encoding prncess, recf'ives a sequence of source vectors and 

genNat.(·s il seqlH'IIC<' of challlwl symbols or indices. Thcl'e is one index generated fol' 

evel'y input. Vl'ctor. The dccodcl', when rcceiving the channel symbols. outputs the 

codev( dOl Y t.hat (,oll'C'sponds 1,0 the reccived index. ''''hile the decodel' can 1)(' easily 

impl(');wnt (·cI hy ft t.ahle lookllP or a ROM, the encoder is far mor{' complex and must 

cOIlt.<lill UH' d(·(·()(If·r it.sC'lf as weil as a source veetol' mat.ching plOccdure. 

SO\ll'(,(' (oding using veetor quantization requires a large computational effort at 

UH' (·l1co<l(·1' 1,0 :-'('a! ch the whol(· cod ('book in 01 dC')' 1.0 identify th(' nearcst. Ill<ltchillg 

l'('productioll V('ct.or 1,0 t.he illput veetol'. Several :-,chcrncs have bcen proposed t.o 

improV(' 011 t.Il<' (ompl{'xity of full search vector quantization. One such f>cheme is that. 

of t.1'(·('-s(·al'Ch('d VQ, whel'e codcvect.ol's arc situatcd at the leaves of the tree and the 

ot.I\{'l' lIodes eOlltaill some information that guid('s the encoder through the tre('. For 

exan:ple, ('(\('h nocif' of a brnary trcC' coulcl contain a hypcrplane that cut.s th<:> \'cetor 

spac(' of t lied lIod(' i1l two. 'l'Il<' e\lcoder tests on which side of the hyperplane the input. 

v(·etor lieH and 1110\,(,:-' dowlI the tree to the corresponding children node., iterating the 

pron'ss \lnt il il, l'cachet> a !caf, al. which point il. has selcctcd a codevector. Starting 

fmm t Il<' top, f his Illdhod tcssplates the whole input veetof space into Vomnoi regwn:'l. 

The maill ad\'ant.age of tre('-s('arched techniques is that they reduce the Ilumber of 

t.ill1es t.hp distortion funct.ion is compute<l from N to log2(N), but achieve this at the 

('xp('\lse of illc"I'~\sf'd IIWl1lory requirements (usually douhle) to store the codebook. 

Ap<\rt. frolll tr<·(,-h<lHl'd Il\cthùds, Hom(' schcmes attf'mpt to reduce the amount of 

proc('ssing l'cquircd t.o comput(' d(x, y), while others try 1.0 arrange the code book in a 
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preordered fashion 80 that only a 511b8et, of t.he whol<' codchook 1I1'1'11s 10 1)1' s('arc!lI'd 

once a simple fcature is ext.ractcd from 1.1)(' input v('clor. (',g" 1 h(' 1\01'111 of x, Sill( C' 

the goal of this thesis is to in('l'cas(' the sl1hj('ctÎn' qllalily of 1 hl' l'IICOclillp;-c1('codillP; 

system and 11011,0 sp('('d up the' cllcoding pro("('ss, W(' Il\clII ion tlJ('sc sdwlII('!'I olll.\' for 

the sake of cornpl('tcncss. IHi t will Ilot d('!'I('I'i hl' IIH'1ll l'ml 1\1'1', 

Several proposcd VQ sch('rrws do 801lH' pr<,pw«·ssill).!; 011 1 Il<' illpul \'('( 101''' }'(·fo\l· 

encoding th('m wit.h wctor qualltir.atiolt. Typic,dl.\. a 90111/..,11(11)(' I('chl\iqlll' i:-. U!'I(·II. 

Th<.' sampl<.' l1H'all of each illput \'('ctor is ('01111>1\1('.1 alld 1.1\1'11 suhl l'il< \t''' l'roll 1 1 hl' 

vector, TIl<' error vcetor obtailled is call(·cl t Il(' sh'lJH' V('( tOI ,111<1 is (·lIco(lt·d \Vit h 

a memorylcss VQ. Th .. sampk meall, which IS céllI('d t.he !!,dil\. i!'l Il illlSlllit.kd 011 ,1 

si de information channel usi IIg standard scala l' ('0111 p)('S!'Iinll 1 ('ch Il iq IH'S, Not C' 1 h,II 

sometimcs the varianc(' is also rCl\1o\'cd frolJl 1 he illpul \,('('1,01. 1 l'all:-.follllillP; il illlo cl 

unit-variallc(' zero-llH'an vectol, c\nd t l'clllSlJlit ted tl\(' !'Iilll\(, W,I.\' tl\(' s<llllpl(' 111(',111 i!'l. 

The main goal of this t.('cllnique is 10 try 1.0 \(·<I\lCt' 1 lit' POWI'I of 1 Ill' !'Iip,lI,11 1.11,11 is 

vector qllanti1.cd. thelefore ohtaining h('U('r pcrfortllélll(,(' ,It. cl lix('d l'élll', '1'1\1' U!'ll' of 

sicle informaI iOIl, howcver, Illay h(' h<,neficial 01' ilOt.. For \'('l'y h i~" qll<ll i Iy ('1\( oc! i Il,!!,. 

residual gain/shap(' VQ will !>('rform Vl'ry weil, hllt. al t.!J(' ('XI)('Il'>(' of 111~I)('r l'clIps dlll' 

to the si de inforlllation, For ver.v !'IlIIélll hil 1 (lI ('!'I. 01 fOI sIlI,"l \'l'ctOI dill)l'Il:,io",>, 1 lit'\' 

usually pcrforIl1 poorly Iwcélu:--c th(· !'Iid(· inforlllal iOIl l)t'colI\(''> P"'\',"I'III, 

Otllcr techlliques try to improv(' Uw qllalit..y of Il](' (ocl(·I)()()k 10 (11,1 aill 1,..1.1('1 

performance, III classified VQ [11], li\(' illput. vedors arc' c1,t~~ifi(·d 1111,0,1 f(·w ~lIh.i(·div(' 

categories \\ihich, in t mil, separat('s thp training SP<jW'I\C() IJllo il fc'W !'I1\"!'I(·ql\(·IJ(·('~' 

The categories ('ould inc\udc sharp edge, shacling edgl', fiaI. ol('iI, ,lIld 1I11'<('c! gr.uli(·lIb. 

The latter mainly contaÎns vect.()r~ which call1lol. 1)(· ('Iclssifj('d ill ,illY or t.\t(' 01,1\('1' da~~('!'1 

and most likcly consiste; of vecto!'s !'e[>n's(,lIl,ing 0 hip,h vi~llOl ae t ivil,y, l,III, wit.ltolll, ,1 
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c!ear (·dge. '1'1)(' hllb~pacc's al'(' uSllally sdecteclusing obj(clLVC criteria like the variance 

of the' block, Il)(' f'c1ge' htrellgth of inclividual pixels in the block, a combination of these 

two, or a more' COl'1pi('x procedure. The important faet is that the training sequence 

is split into suhjed iVf'ly sirnilar vectors. The number of subscquf'nces and t.he number 

of coc!f'vf'( tors allocat('c! to ('ach is a difficult probl('m that nf'pds tu Ile addrcssed by 

the' c!c'siglJ('r. 011(,(' tI)(' suhspan's are weil clefinc·d, smrtll codebooks are clesigned for 

('aeh of thc' classc's alld Illc'l'gc'cI t.ogf'tlH'r 1,0 form thc final (~)d('I)Q(}k. The C'tlcoder can 

perfol'III t!J(' sailli' c la:-sIficrttioll a:- dlll'illg the codehook de'sigll PIOCC'SS ane! choos(' tht' 

appropriat(' (odc'hook 1,0 ('ncode the input vectol's. 

Anotl\C'1 :-cht'llIc', proposee! by Goldbel'g fi al. [21 J, int.rodll('cd the concept of 

an adapt.ivf' (,oc!e'book. As images are encoded, small portions or t.he tot.ality of 

the C'od('hook al(' l'c·plc'nislH'd. The new codevectorh help the clecoder to adapt 1,0 

spatially or t.('mpol'ally varying images. This technique' has the disadvantage that 

Ilot only en('odlllg, hut. also code book design proccs:"ing. have' to be perfollned by t.he 

('II coder. '1'1)(' d('('oclcr also becon1!~s more complex as it. needs to llpdat.e t h~ codehook; 

a r'OIlHidC'l'ahl(' incrf'as(' in complexity if we compare it. to a ROM implf'm<::nt.at.ion. 

SCVf'l'al olllC'l' t.<'chniquC's can be classified into the category of feedbad' techniques, 

or ('qllivalt'lItly. ('oding scllf'lIwS with memory. The simplest approach is predictive 

('oding, wh('I'(' éllI c'stimélt(' of t.ht' illput. "edol' is comput.ed hased on the pa st infol'­

llIatiol\ t.hat is él\'ailahlf' 1.0 hoth t.he encoder and the decodcl'. Thf' prediction pro('css 

('(mlcl n'qllil't' SOllH' sicle il\folmation 1.0 b(' SCllt to the decoder, but often does ilOt. 

OIlC(' tll(' illput v('ct.oI' estimate is obtailwd, it is subtracted from the input vedor, 

and t11f' ('IICOc!C'1' pro('('SS('S the rcsidual errol'. As in the case of gain/shape VQ, the 

main pur post' of t his schel11(' is to rcdllce the dynamic range of the input vectors, but 

wit.hout. t IH' IIS(' of sid(' information. Predictive cading schem,~s usually perform better 
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than nonpl'cdid iv(' Rchf'mes, hut the roding 1)('1' fo 1'1 1\ il 1\('(' c!('IH'IHIs 011 1 Ill' ,\t'Cllr,ll'.\' uf 

the predict.ol'. 

Anothcl' <tuite diff(,l'cnt t('c!tniqu(' lo includ(· 1lH'IllUly is 10 IISt' <1 Jillilt .... I//It \'t't 

tOI' quantizcl' (FSVQ). FSVQ scllpnws hav<, Iwo altl'lhlllt's: a st'! of statt':. \Vith ,III 

assoclated cncoder 10 cacl! Olle, and a IH'xl sI aIt' fUllct iOIl 01 st'! of 1 l'clllSil iOIl IlIlc·:-" 

The codcbùoks for each of tilt' (,lIcodt'rs cOlllain, ill 1 Il 0:-' 1 ('''S(·:'. 1 lit' S<lll\(' 1I111111"'r ot 

codcvect.ors N, :-'0 that tlw transmissioll rate d('pelld:-. olll\' 011 :\' •• lIld Ilot 011 1 Ill' 

states thclll:-.('Ivc':-,. The cod('book slOl ,Ige' reqllin·Illt'lIt. hO\\'(·\'t·l. 1111'1(',1:-'1':-' lill(',III\' 

with the HUllIber of ),tat('s. Tll('s(' 1('c!lIIiqlw)' <In' Il:-.1'1'111 \\'111'11 t III' sOIlt'( (' :-.i).!,11 il 1 di:-.-

plays several diff('l'cllt ('halact('ri:-.ti('~. They al(' \'('l'y \\,('I! :-'\Ilt(·<1 to (·ll<'od(· l\1"r1,1)\ 

field proccsses. Tlws(' codillg t('dmiqll(':-' cali ah,o 1)(' \'it'w('d ilS din'( te·" .f!,1 .. ph ... , lu' 

ca.use of th('ir state-to-!>tat.f' tréln:-.it.ioIlS, cllld ('ollid hl' (olllhiIU·d wit.h poplIl,1I S('<l1 (h 

optimization algorithllls ~llch a:-. 1 II(' Vil('l'hi Algoril hlll. Tht',\' <11(' 1111'11 "tll(·(1 dl///!Jul 

decisioll on wltich l'<'produ<.tioll \'('ctOI' 1,0 ),('I('cI, Thi:-. illtlOdll(,('s clll ,.ddil iOIl.t! d(·ld\' 

i nto the encodi Hg of several v('(\ ors, bu t ('IlSIJI'('S ')('11.('1' 10llg III Il il \,('1 d/!,(' d ist 01'1 iOIl 

bchavior. We will d('scribe FSVQ in grt'at('r dt'tail ill S('ct 1011 ~,I.:! 

Up to now, aH techniques cl('scrilw<! Il),(' \'('('Ior:-. of id('111 il ,d clilll('II:-'lIm:-. '1'11<'1(' 

JS, however, a technique callf'c! !tu/Yll'rhlca! \,('t'lOI' <jllalllizatioll \VIIi, Il ,tltf'lllptS 10 

incorporatc v{'dors of ll1any diff<'l'cnl. dil1WIISiolls ill III<' ('lICoclill,!!; pro«·), .... or «1111~f', 

at least olle cod t'book is 11('('<I(·d for ('ael! of 1.1)(' ~lIppO' let! dllll(·II:-.ioll:-' III jllla,!!;(' 

coding, the techniqucof quadtn'(' d('colllpositioll i:-. ort('11 lIs('cI 1.0 .f!,(·IJ('I',tI,·:! /'~, 1/,1, 

8 X 8 and 16 x 16 vectors. Flat ar<~as of an image' al(' t 1«'11 t'lit odet! Il:-.ÎII).!; I .... J.!,(· \'('clol'" 

and low bit. rates, whereas highly d(>tail(·d ar<'a), éLl(' ('llcodt'c! lISllIg ... lIlédl VC't lOI), alld 

higher rates. For similar overall rat('s, titis ~(I(('1I1(' hé1~ ')('1 te'\' :-.pal i,d d(·flllltioll ,111<1. 
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thf'rdor(~, (,lIwding qllality, thelll standard coding techniquf's. 

This (,ollJpIC'l.C's 01ll' SlIrv('y of VQ tf'rhniqlH's, wherein wc bricfly dcscribf'd tllf' 

t.(·(·hniqlJ(,s and cla1-Jsificd t.h('1TI into Rcvf'ral catcgorif's. Each category tackles one 

él.SP(~ct. of t.JJ(' (\c-:,igll of a VQ system and show:, how complex and divel'sifif'd veetol' 

quantil':a.tion sy:,I,('lIIs ran gel. We will now present. in dctail three of t Il{' above 

t('chniqlws, IIU'III0' y 1 (':'S VQ, pn'dictiw VQ, and finiu· state VQ. 

2.2 Memoryless Vector Quantization 

Memol'yl('ss v('<'I,or quantil':atioll is the vertor generalization of peM. In this section, 

wC' d('s('I'ibf' 1.\1(' lIlat 1l<'llIatical r<'pr<,sentation of the encoding and decoding l>roc<,sses 

as W('\1 a1-J t.\wir d(,~Jgl\ plO((·duf'{'. 

LeI, {x,} 1)(' a st at.iOIléIl y di~('1'et(' t IIne ~wqtwn('(' of h'-dimensiollal vectol'S X, E mie. 
Ali N-If'Vf'1 "('dol' qllélnt.iz('1' cOllsists of éI cod('book 01' reproduction alphalwt Â 

{Yl'Y2'" "YN} ,1Ild a Illapping Q : mie -+ Â 01', equivalelltly, a partition S 

{S",.t.,'2, ... ,,~'N} of mie surh lhal Q(x) = Y, if x E S,. In fart, a VQ is usually 

an ('ncod('1' lIIapping of IH Ie into binary vectors or channel symbols and a df'cod('J' 

mapping from t II(' channel syrnbol!, to Â, but fol' the IH'rfol'rnanC(' analysis, onl)' the 

Iw\ppillE!, Q is i rnport an/.. 

'l'II(' rat(· of fi VQ is giv(,11 by H = ! log2 N bits pel' input source symbol, which 

rs t.!\(' IIllllll)('1' of hinary digits t.hat must be transmitted or stored in ol'del' fol' the 

J'('('('i\'<,1' to p\'odllcf' Q(x). Fol' images, the input. syrnbols are pixels and a group of 

A· pix(·ls f01'1ll cl sOIll'ce vedol'. The number of codevcctors N in the code book varies 

from appliCétt iOIl 10 applicclt iOIl, and ranges gellerally between 64 to 1024 fol' image 

(,o<1(,l's. 
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Givcn a distortion lllC'aslll'c' d : mie x Â -+ [0,(0) aSSI.!!,nlll.!!, éI distortion III ('ost 

d(x, y) to the reproduction of x by y. t!t(, [>C'rfOI'IlHllln' of tilt' qu,III1 iZ('1 Q rail II!' 

mcasured by thc C'xpC'ctcd distort.ion [15J 

D(Q) ")[d(x, Q(x))] (~.:q 

N 

= L: [~[d(x,y,lx E S,}J/),.(x ES,). 
i=l 

whcre Ji; dcnotes tlw ('xpC'ctatlon alld Pr(X E ...... ,) i~ tll!' p\'()l)dl)ilit~, t!t,11 tlle' 1111'1\1 

veetor x is in subSpélct, S,. :\11 N-I('vC'1 qllcllltiz('1' is ~aid to 1)(· optilllai for ,1 ~1l'II(c" tI 

D(Q) is minimiZ<'d o\'cr 011 N-IC'vei qlléllltizC'rs. As in Lloyd's lIH'tltod [I:~l fOI k ~- 1 

and d(x, y) = (x - y)2, two necC'ssary cOllditi()n~ for optilllalit.\, <1\'(': 

1. Thal S he optimal fol' Â. which is {lccollIplislH'd hy IIsillp, il lIIinillllllll di~tol 1 IIlII 

or nca1'cst ncighbol' sc!C'('tion ru\<' 

(~,I ) 

and which resttlts in the <:clis S', Iwillg t hc' Voronoi rcp,ioll:-' of 1 II(' alph,dlC'l Â, 

2. Thal Â should he optimal fol' ...... , whicIJ is éH complislwc! Il.\' (ltooSIIl,L!; y, :'0 1 Itat 

wherc u is a vcetOI' in IH Ic and 1 = 1,., .• 1\', 

Wc assume that ail subspaces S, êtl'C 1I0lwrnpty, i,C'., thilt IJ,.(x ES,) > () V l, 'l'II(' 

obtained vcetOI' u is callcd the gcncrahzcd c(;nll'O/(f of thp sd S', with l'I'SJH'C 1, 1.0 d ,11111 

we write u = Cent(S,). 

These properties form the hasis of Lloyd's it<'ratiVf' IJwthocl éllld ib ~C'II('lillizilt iOIl 

for vectol's. The algorithm is fairly simple and g()(':, a~ follow:,: 

• 
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a) Starf. with ail initial codcbook Âo and set 11 = o. 

b) '·'iJld t.IJ(' opt.imal part.ition S'n fol' Ân. This is donc at thc encoder Ilsing Equa­

tion 2.'1. III fa et , t!w obtaincd partition Sn completely defines the optimal encoder 

giwn IJI(' d('cod('1' An. 

f) Find t.l1(' opt IIllal d('('oder An+! fol' t.he new partition Sn using Equation 2.5. This 

will de·finl' (olllplc·t(·ly the Ilew dccoder. 

d) AI t.(' l' Il ,II (' 1 )('t W('('11 s!,<,ps Il) alld c) until ::;orne convergence ('f'itcrion is met. Wc 

mi(' Ut(' (·xl)('('t.(·d dl:-I.orl.ion as él conV<'rgenre factor. If its rate of change falls below 

él c('I't.aill t.IlJ'(·:-hold. t·.g., 0.1 (Xl, 1.1)(' Iterat.ive pl'Oc('dure is st.opped. 

'l'hi:- !.t·dllliqu(' is (ollllllonly rcferl'cd to as the LHG algorithrn, namc<1 after the 

t.hn·(' éLlIt.hor:- who Pl'Opo~('d il,. [t is also sOIllf'tinws referrt>d to as the generalized 

Lloyd illgOlithlll (GI,I\). Th(' éllgorithm can 1)(' l'un u:-ing either th~ 'truc' expectatioll 

cOI·t'(·spoIHling 10 III<' known probabilit.y dist.ribution fllnctions, or ll~ing salllplc avel­

ag('s based on cl IOllg t.ypical 1 rainillg ~eqll(,llC<' ln the> latt.c·r ca~e. it. is as:,umed that. 

t.he' IOllg krill ,Iv('rag(' is ('quai 1,0 t.he expected value, i.e .. that the source is ergodic, 

whi('1t is 1/01 il l'f'é\sollilhle ilssurnption for imag~s. But., as was suggested in [15], if 

t.1l(' t.1 .. Îuin!!, ~('(IIJ('Il(,(' Îs J'('pr(>~(,lltativc dnd long enough, the encoder should pel'fol'm 

t\s \"'(,11 fOI signais wit.ltill t.h~ training s('qucnce as for signaIs outside of it. We are 

going 10 liS\' tnlillllll.!, ~Wqll('ll(,(,S ill this work, as il, is l'cil, that the statistical modeling 

of illlagt'li i~ 1,00 (ompl(';'; t\l\d (>1'011(' to illllacuracies. 

It. Itas 1)('('1\ pr()\'('n t.hat. t h(' LHG algol'ithm is optimal for the scalar case (k = 1) 

[1:1, I~] whpll il distortion IllcaSUl'e of the fonn 

d(x, y) = f(x, x - y), (2.6) 

wh('J'(' f ili a COI\\'('X fUllctioll of the CITOI' lx - yi, is used. No snch conditions have 

\'(,(,11 roulld for /.. > 1. The LBG algorithm is considcl'cd to reach a local minimum 
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only. The location of the minimum is highly d('pendent on t.ll(' init.ial codl'hook À. 

A procedure to properly definc the initial codcbook Âo is, t ht'r<'fol"<', \\('t'd('d. A:-. 

mentioned in [15], it can be selcc!.ed in a variet y of ways, from 10\\,('1' ra t (' ('od(·s lIsÎ ng 

the splitting technique [7], from lowcr dinwllsion cod('s \Ising t !t(, prodllct kchlliq\\(' 

[12], or by selecting N vecton, at random from t.he t.raining S<'qll('Ilc(' [il. The prodlld 

technique uses an optimum codebook designed for a smalkr dillH'IlHioll (Hlllalkr ~.) 

and replicat cs it for the lIew dimensions. For i 11~t.an('(', if il cod('hook is d('sip,lwd 

for I-dimensioll (scalal'), i t. can be replicatcd once 01' twic<' t.o yi(·ld il ~-d i 11l('II~i()lI(d 

or 3-dimensional codebook, rcspcct.ively. With t.his approilch, t.h(· LB(i alp,ol'itllll1 

converges to \'ely good local minimum and, most of t.lH' tinH', 1.0 tlH' glohal Illillillllllll 

[12], when the source symbols from each dimension are approxilllat('ly ind('!)('llIlPllt or 
each other so that t.he input vector spacc shows sOllle cirnt!al' :-'ylllllH't.\y. Ali illlag(' 

vector spacc is, however, not symmetric, and the pl'Odllct. f.c·chniqIlP shollid ilOt. p,i\'" 

good results. vVe thought. that randorn ~dcct.ioll of vcc\'ors wOllld ilOt. ('()n~i~I!'lIt Ir 

yield good codes and make cOlllparisoll bctwccII !.c<!llIiqu('s difficlllt.. A~ oppo:-,,·d t () 

the other methods, the splitting technique cali he justified qualit ati\'('ly. 

There exists another technique to design codehooks that is Illost ort.(·11 11~('d t.o 

design tree-searched VQ. It is the hyperplane !,psting lJ)('thod, whi( Il stillts hy ddillin,[.!, 

a hyperplane that cuts the whol<' input vectOI' SpcH'(' in \'wo. TI\(· ('(·IIt.roid of ('Hcl! 

region is used as the best l'l'prescntation vcctor for tha t. :-'11 hspac('. Each sil I>sl,I\('(' i:-. 

then again subdivided in two by a hypcrplane. The proccss contillll('S Ill1til ('1I01lp,11 

code vectors are generatcd. In t/w splitting I,('chniqll(\ w<' st aIt by finding Ut(' (,(·IIt.lnid 

of the wholc input sequence, the optimal l-codcvpctol' coc!C'book. Frolll titis (·('IIt.rojd, 

two new vl'etors arc created by adding cl, sIllall pertllrbation v('c!,or ( so t.ha!. YI = 

Cent(So) + ( and Y2 = Cent(So) - c, wllcrc So represent:-. the Plltif'(~ trainill)!, :-.d" '1'1)(' 

• 
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LBG algorithm lises thesc two vcctors as an iIlitial codebook to generatc a locally 

optimal 2-cod{'v('c1,or codebook. Each of t.hcse two codevcetors represent a subspace 

of ."'0, exactly ,IS in tlH' hypcrplane case. Splitting eaeh of the optimal YI and Y2 in 

two will giv<' fOllr wcton; that may be used to run the LBG algorithm again. This 

prc)('('SS is iteJ'(tf,(>d tlntil the desirco number of eodevectors is obtained. Based on our 

eXf>('ricnce, we are confident. that the splitting mcthod yie1ds good results. 

III t.his l'('s('arch, instcad of the usual squared-error distortion, wc use a weighted 

quadratic dist.ort.ioll lllC'aSl1re of the form 

(2.7) 

where W x is a posit.ive definit.e w('ight.ing matrix that depends on the input vector 

x. A dist.ortioll llH'élSlIr(' of this fonn -- t.he gain-normalized Itakura-Saito distort.ion 

was cOllsid<'l'c(1 III [7] for speech compression applications. Very few researchers 

hav<' t.ri<'d, to our kIlowledgc, to use such a distortion measure to encode images. 

Nok t.hat. t.1lC' dist.ort.ion measure of Equation 2.7 includes the usual squared-error 

dil-lt.ort.ioll 1I1('t\S\lJ(' as a special case when W x = l, the k x k identity matrix. The 

d('vdopnwllt. of our disto)'tioll measlll'C will be completed in Chapter 3. We now 

prC'sent. ho", t.h(' LBe: algorithm is applicd to a quadratic distOl tion measure, but 

11('('(\ ln d('velop sOllle illlport.:lnt relations first. 

WC' aSSlIlIH' thal. the rnatrix E(Wx ), where the expectation of a mat.rix is the 

mt\tl'ix of 1,11<' compol1cnt expectations, is positive definite a.nd, hence, inverti bIc. The 

following wdor is, thereforc, well defined 

(2.8) 

\oVe also im\1lediately have t.he following variation of the orthogonality principlc: 

(2.9) 
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= E[W xx)- E[W xl( E[W x))-t I..,'[W xx) 

= o. 

We now derive several results: 

a) Given a distortion measured(x,y) = (x-y)twx(x-y) with W x posit.ive'c!prinitc· 

for ail x, then 

Cent(S) = E[Wxlx E st l E[Wxxlx E S'Jo (~,IO) 

b) Given a partition S = {Sb S2, . , .. SN} and a l'<,\)\'odud iOIl a lplléll)('1. Â = {Ce·nt.( ,,,,'1) : 

i = 1", , ,N}, and letting Q denol.e the COlT<,spolldillg <tl\allt.i~(·r, t.!\('11 

(~.II ) 

Proof of a) 

Abbreviate E['lx E 5] to Es['] and defillc y as ill (~,~) wit.h I~s l'('pl<ln'II wit.h I~'. 

Then for an arbitrary u, 

Es[(x - u)twx(x - u)] 

Es[((x - y) + (y - u) )twx((x - y) + (y - u))] (~.I~) 

- Es[(x - y)twx(x - y)] + (y - U)t/~'S[WX](Y - u) + 

2(y - u)Rs[Wx(x - y)). 

The right-most term is zero from Equation ~.10 and, therel'or(', 

with equality if u = y. This characterizes y as the .centroid of S', 

Proof of b) 

Observe that Equation 2.10 implies 

N 

E[Wx(x - Q(x))] == LPr{X E SiJEs,[Wx(x - Cen1.(S,))] = 0, 
i=l 
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which, in t\lm, irnplies Equation 2.11. 

For the case of a samplc distribution defined by a training sequence, the centl'oid 

of Cl. set S' is givcn hy 

Cent(8) = CE wxtlC~::: Wxx). (2.15 ) 
XES XeS 

The nurncrator and the dellominator terms of the centroid can he recursively com­

pllt,(~d during t.he cl\coding process of the algorithm. Computationally, the most 

diHiclllt. pmI. is illV<'J'sion of the average weighting matrix. In some cases, W x is a 

diagol\al mat.J'ix which great.ly simplifies the calculations for the inverse operation. 

]<\)1' the c asC' of W x = l, we gel the more familiar forms of the squared-error case, 

Cent( 8) = E[xlx E 8] 

E[x] = E[Q(x)] 

(2.16) 

(2.17) 

FUI't.hcnnore, if W x does not depend on x, then Equations 2.16 and 2.17 l'emain truc. 

W(, hav(' seen tltat only a decodcr Â or a space partition.') = {SI, S2, ... ,8N} 

alld a distortion Ilwasure dtx,x - y) are needed in order to completely define a 

Illclllorylcss V('('tor quantizer. We presented a procedure to design a mernol'yless 

VQ wit.h a quadrat.ic distortion measUl'C, using t.he LBG algorithm and the splitting 

t.('chnique. Simulat.ion l'csults using this technique will be presented in Section 1.1. 

2.3 Predictive Vector Quantization 

In thc previous Section, we considered memoryless vector quantization. However, 

since consecutive input vectOl'S of an image are statistically correlated, bett.er perfor­

mance can be achieved if the intervector dependence is illcorporated into the encoder. 
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There exist several ways to inc\ude rnemory in the VQ. ln t.his section, t.hat. of 1)J'('dic­

tive vector qllantizat.ion is discllssed, whercas that. of fiuite-statl' VQ will 1", di~(,lIssC'd 

in Section 2.4.2. 

In predictive VQ [17], a prediction of a.n illla~<, i8 fOI'II1<,<I and the \'('sidllal ilJ1i1p,C', 

the error betwcen the prediction and t.he original, is \'l'dol' qUélntiz('(\' WIH'II élpplif'd 

to images, the prediction changes t.!:e distributioll of the r<,siduals c\S (,o1ll1lc\\'('d to 

the original. If the predictor is good, t.he st.andard (Ic-viat.ioJl of t Il(' input. ~('qU('II(,(' 

is smaller than the original, making il. easi('1' for t.ll(' VQ to l'(,pl'Odu('(' t.lH' illlllp,(' 

accurately. As mentiolled in [27], significant foding gaills ('ail I)('oht.ail\('d wit.h t.ltis 

technique. 

Unit 
Delay 

Codehook 
y,ii=l, ..• N 

~ __ U~n~,_ ... 

Vedor 
Predictor 

ENCODER 

{J nit. 
Delay 

DECODEH 

Y('('t.or 
Pn'di('t,()J' 

Figure 2.1: Predictive Vector Quantization. Block diagrams showilll?, t Ilf' hl 1'I1rt.1I rf' of tilt, 
encoder and of the dccoder 

The basic algorithm for predictive VQ Îs a vedor gcncrali~at,io\l of Healar pl't'·dkt.iv<, 

quantization. The block diagram of a predictive VQ Îs shown in Figllf'(' 2.1, wlu'I'(' X n , 

Jen , and xn are the input vector, the l'eproduct.ion V(~('tOI', arld tlJ(' ('~1.i\llilt.(·d wC'l.O\', 

respect!vely, and where en denotes the error vedor which is Vl'dor qualltil':(·d I\~illg 

codevectors Yi in the codebook Â. U, den otes the transmitteo chanrH'1 symho!s 01' 
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indices of tlw codcvcctors. 

We use very simple prediction in this rcsearch, since the study of good prediction 

schcmes is }wyond the scopc of this thesis. The simplest predictor would use the last 

transmitted reprod1lction vedor as an estimate. This method, however, introduces 

sorne artifads, in the forrn of impulsive noise, that are annoying to the human viewer. 

IIcncc, we elect<>d t.o lIS(' a pl'rdictivc mean scheme, where the predicted vector is a 

constant. V(,('tOI' whmw intcnsity is equal t.o the rnean of the last transmitted repro­

duct.ion V(·<tOI'. ThiH ensurcs that both the encoder and the decoder can create the 

prcdict.ed vectoJ' withollt the lise of side information. This method yields acceptable 

pf(~dictioll for slowly varying rcgions or near horizontal edges, but has the disadvan­

tage of poorly ('stimating vcctors arollnd vertical or diagonal edges. The residual 

image has a large)' standard deviat,jon than it would if d better prediction scheme 

waH \I:wd, but Hillce most parts of the test irnages are uniform, this prediction scheme 

yields l'('slllt.s whidl are acceptable for our purposes. What happens is that those 

vcd,orH Iyillg in uniform rcgions will get clustercd around the origin, thereby helping 

UJ(' vrctot' qllallti",cr t.o reprcscnt these vectors with fewer codevcctors, while using 

more cod(·\'('('t.oJ's {,o IC»lcscnt high activity regions. Furthermore, since the predictor 

doc's ilOt. rCll\o\'(' cdgc information From the original, an encoding scheme with a sub­

j('ctive ('Ilcoding criterioll bascd on the human vision of edges can be combined with 

a pl·(·dict. i \'(' scl\(,llw 1.0 yic>ld even better results, 

l'II(' (,lH'odcl for the predictive VQ scheme was designed using the LBG algorithm 

in tl)(' san\(' way as in rnemol'yless VQ, but the input vectors were preprocessed by 

thc prcdict.or hefore heing quantized. In this sense, predictive VQ is just an add-on 

feat.urc that w<' implemented on a memoryless VQ. We will try to use prediction along 

with other VQ schemcs and present the results in Section 4.2. 
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2.4 Finite State Vector Quantization 

In this Section, we will disCllSS a morC' gClleral t('chniqlll' 1,0 illdud(· 1111'11101'.\' illtn.\ "('c-

tor quant.izcl' system known as finitc-st.att' ve'd,or quant.ii':ill,ion (FSVQ). :\ /!,t'Iwrai VQ 

with memory can hc complctdy dcscrilwd hy a nuit.(· st ah' S()(\('(' B = {O, 1, ... , IJ - ( }, 

where each state b in B is associated \Vith a s('parc\\(' VQ: al\ ('II('od('1' Ob, .1 d('('oder 

p", and a codebook CIl, and having a set of mies gowl'lling t.III' Ht.cltt· trallsitiollS. 

The channel symbol spa cc U = {O, l, ... , N} is thp Silllll' a~ t.1..tt. of 1I\(·IIIOI)'I(·:-,s \'(~ 

and contains integers or indices pointing to cod!'\'('( t.ou.; in t.Il1·il 1'I'~I)('('t i,'(' «)lIt·hook. 

Consider a dat.a compression syst.em cOllsistillg of il S(·«IICII\.I.d lIlachill(' ~"Il, 1 hat if 

the machine is in state b, then il, uses t.ll<' quallt iZ('1 wit.h ('II('(HI(·J' Ob ,II\(I d.·('od(·1 

13". Its next statc is sclccted hy fi mappillg cal1('(1 t I\(' III'Xt.-st .1 te- 1'11111 t Ion 01' st.atl·­

transition function f such that, gi ven il st.a te' il alld c\ cha 1111(·1 s~'llIh()1 Il, t h(,11 /( Il, ") 

is the new state of thr machinc. Morf' prccis('ly, p,ivl'lI il SI '«111'11('(' of input \'('ltOI'S 

{Xn : n - 0\ 1, ... } and an initial state bo, th(,11 thl' Hllhs(·qlJ(·IIt. ~t;It.(· ~1'q"('II('(' ,'0,., 

channel symbol sec{ltcnce Un, and reproduction vcctor S('qU('IIC'(' Yn an' J'(,ClII'l.;IV(·!Y 

defined for n:::: 0, l" , , by 

Un = O'''n(xn ), bn +1 = f( lin, bn ). (~,IH) 

Since the next-state function dcpends only on the C\lm·lIt. sUIf,I' ftlld tilt' dlil Il III'! 

syrnbol, the decoder can track the statc of the cncodl'l' if il, kllOW~ !.lw init.ial sl.id<' 

and the channel sequence. The possibi!ity 1.0 US(' differellt qllftltt.iz('rs hase'cl on t II(' jla~t. 

without incrcasing the rate (no sicle informatioll) helps tll(' (0<1" 1.0 J)('l'fol'lJJ IwU"r 

than a memoryless quantizer of the sarne dim(~llsion alld I.tt.(', 

A useful propert.y of a FSVQ is thal. it can be us(·d in a diJ'(~ct.('d p,raph ('Iwoding 

system where severa! transitions are considered befof(~ il. decisioll 011 t!J(' minimlllll 
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Figure 2.2: Possibl(' paths in a directed graph with four states 
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c1islort.ioll reprodllct.ioll vector is t11.k('n. On(' examph·· of slIch a directed gl'11.ph is 

showII ill Figuf"(' ~.2 whcre cach ('Olumn of slllall circles represents t.he set of possiblf' 

st,at(·s and ('<tell linp r('lm'sent.s a state transition and has a codevcctor associated 

t.o il. This alT<tllgcment is refcned to as a labeled-transition representation bccausc 

t.Jw codevcctors correspond 1.0 t.ransitions. Instead of using the ordinary VQ cn('Oder 

which only looks al. tJ1(' currcnt input. vector in order to decide on a channel ~ymbol, 

a graph s('arch t('dllliqllc snch as the Viterbi algorithm cali he used to sC'al'ch for 

a minimullI cost pat.h t.hrough several levels of the directcd graph before making a 

d{lcision on a channpl symbol. This introduces an additional delay into the encoding 

of s(lver11.l Vf'ct.Ol'li, but. it. cnsures better long run average dist.ortion behavior. This 

I,(lchniqu(' is calhl trcllis encoding and is also rcferred t.o as lookahcad coding, delayed 

d<'cision coding, and multipat.h search coding. We point out that the Viterbi algorithm 

gives opt.imal )'('sults [24] for a directed graph with a finite number of states, but has 

a complcxit.y that increases with the number of stat.es. Since we are not coucerned 

with computational specd in this work, we use the Viterbi algorithm throughout this 

thesis. 

The general design technique for finite-state vector quantizers is reported in [19]. 

Tht're are two principal components: the design (Jf a set of initial state-codebooks 
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Cb and of a next-st.at.e function, and the' u~(' of cl vclliat iOIl of Il\(, LB<: (\Igorilhm 10 

attempt to improvc the stat('-codehooks. The laU('r Îs accomplisllI'd Ily il slighl l'X''""-
sion of the basic algorithlll prf's('nl.('d in [1.1] for tlll' dC'sip,1I of SI',ditl lll'lIis l'II('tHI('rs. 

The training s('qw'IlC(' is firsl. cnCt>d('d using 1 II(' FSVQ, ,Uld t h('11 ail 1 II(' ('\)(11'\'('( tOI S 

are replaced by the centroids of Ill<' trctining \'('dors which II\dp illto tltl'SI' cod('\'I'I'-

tors: howcver, the centroids are cOlldit,ion<,d on hoth t.h(' chc\I\IH'1 s\'l\Ibol alld t IH' 

state. Whilc those condit,iollal avcrag<'s an' likC'ly illlpossihie to comput<' ,\lI(d~,t kali\', 

they arc casi!y computcd hy rUIIJling av('rag('s 011 a 1 l'c1iIl illp, SI'«II<'II('1'. ll~illg 1 II(' S,IIII1' 

notatioll as for tlH' tnC'lllorylpss ('a~(" 

y"b = Ccnt(S'.,b) = { L W x }-I{ L Wxx}, (:!.\ !l) 
XES"b XES •. b 

where Hi,b is the subspacc which ('(mtain~ ail input. v('dors Ih .. t ,11(' 1I1,lpppd 10 /1b{/) 

when the encod('r is in state b. As with 1lJ('lIlory!('ss VQ, \lsin,!!, ('('IJf,roids 1.0 adj"s!. t.\\(' 

codebook caunot yicld a code with a large'r dbtol'tion é\lI<I ('V('lItllillly g(H'S t,u il local 

mlmmum. 

The design of the first componcnt, t!1<' initial sLat,p-cod(·IJOok alld t.!H' lH'xt.-stat(· 

function, is more complicated. We use two diff('J'('nt appl'oacll('s: a silll"I,'r, w(,11 

known method using trellises and a fOmp!('x, hut 1II0l'C pl'olJlisillg IIl<'thod 1'<'f('I'I'l'd to 

in [19] as the omniscient design approach. 

2.4.1 Vector trellis encoding 

A vector trellis encoder (VTE) is the veetor extensioll to t!w t,J'('lIi~ wélvdol'lll ('od('1 

presented in [14]. A good presentation of VTE systems may \)(' fO\l1l<1 in [I!)]. 

The most general case of a tl'ellis decodcr cOJnisls of il fillit.('-~t.élt(' machine drivill~ 

a table lookup codebook. Symbo!s arriving from the channel drive tlw finit(· st. ... !.(· 
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Figure 2.3: Vcctor Trellis Encoding System: Shift Rl.'gistcr Implementation 
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machine, which ill tUrtl selects the reproduction vectors from the codebook. In this 

section, wc' cOllsider the special case wherc the finite state machine is a shift register 

cont.aining t.1H' ni most l'l'cent channel symbols. The content of the shift register is 

IIscd to addrcss a HOM or a table index to select the decoder output. This decoder 

structure is easily implemented in hardware. The encoder is more eomplex and in­

c:\udes a FSVQ wit.h a ncxt.-state function governed by the shift register, and a search 

('Ilcodillg algorithm Ruch as the Viterbi algorithm. We call thi~ technique vector trellis 

quanti~at.ioll (YTQ) to differentiate it from the more general VTE method. 

In [14], ail <tlgorithm for the design of a scala!' VTQ for any number of states 

and fix('d illt('g<'t' bit rates is presented. Wc use the same technique, but modify it to 

fit t.he rt'qllirCIl1ellts of VQ and that of fndw1wl bit rates. We use a fixed bit rate 

C'llcoder, therefOl'c t.he number of transitions out. of each state is the same, i.e., each 

state-codehook has the same size. The next-state function is weil defined given the 

Humber of st.at,('s f) a.nd the number of transitions from eaeh state T = 21eR , where k 

is t.he dinwllsion of the veetors and R is the bit rate in bits/input symbol. If jn is the 

curn'nt content of the shift register a.nd in is the incoming channel symbol, then the 

next.-st.ate fllndiol1 is given by 

bn+! = ((jn « kR) + in) mod B, (2.20) 
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where« i8 the left shift.ingoperation and ll10d is the l1Iodulus o\)('l'ation alHl silllpl~' 

truncates t.he l'ight. halld siC\(' to gf't t.he right. 11I0st log2 H bits, 

Wit.h the next. state fllnction weil d('fille<l, ail init ial cot\l'hook is Il!,!,.tt'd 1)(,1'01'1' 

we can stal't. the it.<'rat.ivf' pron'dure of the LB<; a I/!;orit.h III , \lm\'!"'t'I', t IH' illit i,1I 

stat.e-codebooks cannot he ll'ivially illit.ializet\ ,llId ~ho\lld hl' dt':.i/!;!\I'd floll\ sIll1l1l,'1' 

codebooks, Snch a procedure has be('n pn'sl'lIl('tI ill [Hl <\lld i'i ('allt,tI, silllpl,\', tilt' 

extension, 'l'hl' new, largf'r decoder, is ('ollst.rl\('l1'<1 hy a<ld i 1Ip, ,11\ add i t i011<l1 :.t ,tp,e' 10 

the shift regist<'l' of t.h(' startillg d('(()dt'l. Th!, t'Xit'lI:.ioll :.1.\1'1:. 110111 a dt'(ode'l wilh 

register lcngth 1 and iIlCI'<'é1:'('S II, 1,0 1 + 1 J)()ill~ :-'0, 1 lit' 101 ,JI :.Ize· of 1 hl' e ode'III'o" 

must increase l'rom '2
' 

to 21+1 , Wf.' fil 1 ill t.\\(' 1\('\\' ('o<!t·\'I'ct.or:-. l,y dllplicilt il\~ II\(' \llcI 

codebook. Let the old codebook contain codeV/'ct.ors {y, : 1 = O. 1, , ... '2' - I}, 11\('11 

the cxtendcd code book contai liS codf.'vf.'c\.ol S y: 
, - 0 1 .)1 - 1 
1 - , "J."'- . ('2, '21 ) 

Because of the reglllar symlllt'trical structurc of 1 he silift l't'gistt'I' illlpll'IIlt'lItill iOIl, t.l1C' 

new codebook C' i8 identical ill behavior \'0 tll(' old coC!('lmok fol' II\(' firsl ilt'Ialioll (II 

the LBG algorithm, When convergell(,(, for t.lH' rq!;istt'r kllgt.h 1 + 1 IS o\'ltlillt'd aft('1 ,1 

few iterations, the extension can he rull again IIlItil t.11t' siz(' 01 t.l1P cksiJ('c1 ('otlt·hook i:-. 

reached. During this procedure, the Ill\ml)('r of tlélllsitiollS l'lolll ('(tch ~ttlt(· '/' alwily~ 

remains the same, and the nu mher of stat(·s i II( J('a~t'S (clou 111(,:-,) c\ t. l'VI'I y il (·rat.ioll. 

Hence, the initial codcbook should have T cod('V('dols cllld il :-.illp,\c· ~t("(', 

Given that a k-dimcnsioual YTQ with /J states étlld 'f' t.rélll:-.it.ioll:-' pN st.at,(· 1I(·(·d:-. 

to be designed, we follow thesc steps: 

a) Design a codebook with T codevcctors using the memoryless VQ approadl. Ini­

tialize B to 1. 

b) Multiply B by 2. Extend the codcbook. 
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c) Find the minimum averag(' distortion encodîng of the training sequence. This en-

coding illdu('('s a partition 011 tl](' training sequence so that the vectors of the partition 

œil correspofl(lillg to a. certain codevect.or cali he c1ustercd togcther to define a new 

codevedor t.hal. will f('plan' the old one. Sorne rule has to he defined for zero size 

dllst(~I'S, i.('., co<!!'V('dors that werc not used during the encoding proccss. We use the 

wdevect.or of the larg('st. c1ustcr that originates from the sarne state as the zero size 

dllstN as t,lH' !WW cod('vector. A small perturbation is added to th(3 new duplicated 

cod(,VC'ct.or 1.0 ('iiSII 1'(' t 1 lé! 1. 1. he sta t.('-codebook do!'!'; Ilot con t.a i Il t \\'0 i den tical vedo!'s. 

Jf il, so haplwlls t.hat ail the clusters origillatillg from a state-' are empty, theTl thr 

codevect.or~ l'rolll the T larges!. c1ustcrs of the whole codehook ar(3 used. 

d) Compllt.(' tilt' average distoltion. If the average distortion decreases by more than 

a slllall !>('rc('lIt.ag(' of the previous average distortion, thclI go to c), e\se go to e). 

e) If 1,1)(' filial cod!'book size is Ilot reached, t.hen go to b). 

These st.eps l'OllIhining th(' extension and the tHG algorithm, always assure at least 

nOIHl('('I'('élsillg av!'rag<> dist.ortion at every iteration. Simlllation results will he showll 

in Sectioll ·I.~U. 

2.4.2 Omniscient finite state vector ql1.antization 

'J'his method is presf'nt.ed in [19, 16] and is the most promising rnethod for the desigll 

of Il<'xt-state fun('tions for a labcled-transition FSVQ. We rcfer to it as the Omni­

sci('nc, FSVQ or OFSVQ. The design procedure for an OFSVQ with B states and rate 

R = llog2 T, whel'e T is the lIumber of transitions from each st.ates and k is the 

dimension of t.1lt' vPctOl'S, consists of four steps: 

a) Use the t.rainillg sequence to design an ordinary rnemoryless VQ with B codevec­

tors, ont' fol' eélrh state of the OFSVQ. Denote the resulting codebook by C = {c( b) : 
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b E B}. Wc l'd'cr to t.his VQ as t.ilt' statt' lalw\ VQ. Tht' co<l('\'('( lors ill Ihi:-\ :-\\'('rial 

codebook arc céllled state lalwl Vf'ctors. \V(' colIsi(l<-r tiw FS\'Q 10 ht' in IIIf' Idt',d 

state b if the last input vector, whCll qUéllltized with Iht' st,tll·lalH'1 \'Q. gt'\:-\ 1II.lppt·d 

to c(b). Note Ihilt this codt'book (Incl Ihis 11011011 (lI' :-.tillt· :-'1·11'( lioll clJ(' Il:-.(·d ollly 

in the quantizc>r de'sign proCt's:-.; Ih('y will 1101 bt' piUt of Iht' q\l'Illli!'('\' Ih,\I will 1)(, 

implemented. The' state label VQ i:-. u:-.('d for :-.lcll(' s('II'('\ iOIl ill Ilw lIIil i.ll /1,11(':-,:-\ <11':-'1/1,11 

procedure, and lat!'r for ncarest rwighhor dt'lt'llllilletlioll of 1 Ill' lH'xl-slalt' fllllClioll. 

When the final dt'sigll i:-. (,olllplt'\('(1, Ihe :-.Iak 1,,1)('1 VQ i:-. di"ccll<kd. 

b) For eélch st.a te' li, d('sigll (li 1 i Il i t.ial r('pl ()(llICI iOIl «lIkhook Cb ::::: {rJb( 1/), 1/ E li), n:-.-

ing t.he Illcllloryk:-.~ VQ df'sig,n algorithlll fol' 1 ht' t raitlitl/1, :-'111,:-'('<\1\('11('(' (Olll\lo:-.t·d of .dl 

suecessors to \'cctOI'~ fol' which UJ(' slcll(' lalH'\ V(~ ('1100:-'(':-' h, 1 lied 1:-.,1 III' slIh:-,p<\lIt'lIt l' 

wherc the inverse' lIIinimulllllot.al iOIl IlH'all:-' 1 hat t.1J(' (1' ,\'i('ldill~ 1 II(' illdil ,1\('" Illillilllllill 

is the choscH statc, Thus, each ('odt'book CIl i~, c!t'..,iglH'd \'0 plOvidt' gool\ \)(', fo l' Il 101 Ilf (' 

in the following finilL' still(' IlIrlchilW, Civell X n alld d ('IIIWIII ..,1,111' '~n, d('II'IIIIIII(' 

the next stat,e Sn+l of the machine hy applyin).!, t.lw ~1 ,tt,(' la\wl \'(~ 10 X" 'l'II<' vq 

eorresponding to tlte next state is t\WIl u:'f'd 1.0 ('[Hml(' 1.11(' Iwxl IIlpUt. VI'( 101, Thi:-. 

machine is not. a truc FSVQ b('('itns(' t\w 1'<'('('iv('1' (dJlllot Il ilck t11(' id(';" ~t.at.(' :-'I·q 1 1<'1 1< (' 

from the initial st.ate and the channel ~><'qll('II<'f' alolu', alld, "1"1( (', il (',1111101 d('('(J(I(' 

the channel scqlwncc properly lIlIl('ss il, has SOI!l(' kllowl('dg(' of 1 II(' "t.a\l' :-.('qW'1I1 (' of 

the encoder through a side inforlllcüio/l chitllll('l. Tbi:-. fillit.(· ~I<tI.(· Illel('hilll' i" (itlkd 

an omniscient FSVQ bccausc the rc('('iV<'1' l't'qllrr('~ \Vital lIIight \)(' ((llIl'd 0111 Il i:-.('il'I JI 

knowledge to decodc t.he channel s<'querr( ('. 

e) The ideal state selection using the state lal)('l VQ is 1I0W appl'oxirnat.<!d ill a way 

that the decoder can track, hencc ohtaining an ordinary FSVQ. In:-.t.Nul of ('hoo~ill~ 



( 

t 

GIIAPTlm 2. VEC'TO}{ QUAN'l'IZATION 28 

the Jl('Xt. state as the st.ate label vector that best matches the current input vector, 

we sdpct, H)(' st ate with a lalwl hest rnatching the reproduction vector of the current 

input, V<'doJ'. 1 Il otl1<'r words. t}H' st.ate label obtained when quantizing the current 

output ('od('vect.or with t.he st.at,e label VQ, is Ilsed af> next state. This operatioll can 

tH! dllplical.<~d by the decoder. Thus, given the state labels c(b) and the decoders ;3b 

d('sigrl<'d ahove, wc dcfinc the next-state function by 

(2.23) 

Further, si 11('(' t,}}(' reproduction vectors and the state label vectors are knowlI prior 

1.0 the ('ncoding of t.he training sequence, we can compute the next state funct.ion and 

store it in a tabl(', h('l1ce specding the encoding proccss. 

(1) At.t.e'llIpt, to impnwe the statc-codebooks by encoding the training sequence using 

I.h(· givcll IH"d.-st.al.(· function and updating each codevector by the centroid of the 

training vect.ol'S assigned to il. 

The' élhov(' (\ Igorithm is called the nearest-neighbor omniscient design algorithm to 

('mphasi~e t.!}(' rad that the next-state function is deterrnined by a nearest neighbor 

or minimulll dist.ortion approximation to the omniscient finite state machine. Further 

impl'Ov('lII(,lIts ('(\11 he obtained by iterating stcps c) and cl) of this procedure with a 

:ital.<' lalwl updat(· procedme included in the codebook relabeling. We form the new 

stat.(· label VC'ct.o!'s c(b) by calculating the centroid of the set of vectors which were 

enrod('d \Vit Il any of the codcvectors whose ncxt state is b, 

(2.24) 

In othe!' \Vords, wC' compute the centroid of aIl source vectors which were mapped 

1.0 a st.at,C' t.ransit.ion brandI that terminates at state b. Continuing this procedure 
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usually improvcs the quantizer, bllt it can yiC'ld a worsC' quallt.iz(·r. III 0111 l'XP('I'I-

ments, however, a small inCl'case in distortion is almost always follo\\'('d hy ,\ P;\'('Ht('1' 

decrease in distortion in subsf'qucnt itcrations, so wc allow the \Vors(' qllêlnt.izN lu COII-

tinue the improvcmcnt procedure. When the won\(' quantiz('!' l'OIl\'('J',!!,('S to ,\ h('t tt'I 

overall quantizer, t.he itcrative proœdurc !tas, ill ('ll'l'cl., (':-\(('1)(',1 011<' !occtl llIillillllllll 

to another, better local minimum, Wc will refel' 1,0 titis \lro('('(hlr(' as t.lw it.(·rêl t i VI' 

nearest-neighbor improverncnt algorit.hm, In I.h(' followin,!!; ('!tapt('rs, !tO\\'('VI'l', \\'(' will 

use the terminology 0 FSVQ to dCl1ot.e tilt' o III Il isci!'1l1. d('sip,1l t ('ch Il iq II('S i Il .l!,t·IWl'id 

and refer to the nanlf'S of the particular variations 0111,\' wll<'l1 l(,cpliJ('d 1'01 dari!y. 



Chapter 3 

VISUAL PSYCHOPHYSICS 

One of t.hc most. important objectives in the design of visual communication systems 

is that. t.hcy only )'('IHcscnt, transmit, and display that. information which the human 

eyc can sce. '1'0 t.ransmit. and display characterist.ics of images that a human observer 

eannot. pern'ive il'> a waste of channel resources and display media. We must under­

st.and, t,)\(,I'C'foJ(', how W(' can reprcsent pictures economically and transmit them with 

the millilTllllll accllracy rcquired by the human eye. In this chapter, w(' study sorne 

of tllose prol><,rl i('s of hurnan vision that are helpful in evaluating the quality of a 

('oc!ed picl,tI\'(, wlJ('n compal'cd with the original and help LIS in designing the coder 

t.o adlieV<' 1 hl' lowcst. transmission rate 101' a given pictl1l'c quality. This approach 

al,t.elllpt.s t,o lIIodel t.he hlllllan visnal system and uses the developed model as a pre­

filt.er on thc input. imag('s. The rcsulting images contain prcsumably less information, 

hllt., ne\'ert.ll<'lcss, aIl the information that is required for reconst.ruction of the orig­

inal images. Good coding gaills can be obtained when the coder, optimized on the 

l'l'cH 1 t,cred images, ('cm J'f'pl'Od uce them wi th fidelity. 

\Vhm furt.her comprcssion or lower rates are required, howcver, it is necessary to 

~t.lldy t.llI' fcat lIJ'('S ('ontailled in images to which thc human observer is most sensitive. 

ln ot.I1<'1' wor<ls. we Ilot only nced to use the transfer function of the human eye, but 

30 
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also the low Icvel processing of the human visnal systt'111 (IlVS) which is the l'('atmt' 

detection proccss. In image processing, fea.tu\'(>s can l'('pr('s('llt, for f'xalllpl(" ('t1pp 

strength and orient.at.ion, shading, texture, and colol' infol'Illat.ioll. JI, is w('11 klloWII 

that the stat.istics of pi ct. ure signais al'c nonst.atiollary alld t.hat. the l'<,qllil('cI fiddity 

of reproduction demanded by the h\lman eyc vclri('s from pict.lIl't, (,I('IIIt'lIt 10 pi<"llll't, 

element (pixel). Consequently, for mol'(' effici('lIt digit.al ('odillg, it is cI('sil ,Ihlt· to adapt 

the coding strategies to those local propert.i(·s (f(·at.IIJ'('~) of t.11t' pictllJ'(' sigllal which 

determine the sensitivity of hUnlan obseJ'V<'l's t.o qllilllt Izat iOIl lIoi~(·. 'Vt' ill tt'lIlpl 10 

include thescs subjective featurcs in t.he d('~igll of a "('clor qllitllt.iz(·1 

In this chapt.er, w(' present. as a ncccssill'y hackground Cl physiolo).!,ical d('script iOIl 

of import.ant parts of the HVS. We will cOllcentral(' 011 1.11<' low I('wl pl'o('('~sillg of 

the human optical syst.em (the eye, t.he photol<'('('Pt.OI'S, illld t.\w fh st r(,W 111'1 "(' ('(·1 b), 

particu]ar]y the brightness perception. We sd asid(' t.lw st.udy of «)Iol riS i t. i~ h"'yollcl 

the scope of this thesis. Then. éI method proposC'd for snll,\I' qllflllt.il'.flt.ioll wit.h fi 

suhjective critcria is presented. vVe also qUclJitat.iV<'ly disclls~ tll(' 1 ><'1' f 01 111.111('(' of t.lJ(' 

MSE as a distortion measUl'c and investigat(' why il. fails 1,0 1'10.111('(' sllh.i(,ct.iv(·ly 

acceptable results. 8ased on these observations, WI' d('v('lop il II('W cl ist OI'!.IOIl 1I\(',ISIII (' 

t.hat can be appliE:'d 1.0 veclor qualltizer dpsigll, 

3.1 Modeling the Human Visual System 

In this section, we present models of specifie parts of tilt' IIVS. W(' st art by givillp; 

a functional descript.ion of the HVS and then presf'nt the theory lH'hilld hrightJlf'HS 

perception. We conc\ude the section wit.h the 1)J·"'!lf'ut.at.ioll of fi slIl,j('ctivp ~('alar 

quantization sdwme. 
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Figure 3.1: Diagram of the cross section of the human eye. (}rom A.Netravali and 
B.Haskell, "Digital Pictures: Representation and Compression", Plenum Press, New York, 
1988, p. 153.) 

3.1.1 Functional description of the human visual system 

We present a functional description of the human eye as a background for constructing 

a phenomenological model of the visual process consistent with physiology. The 

treatment is not sufficiently detailed to correlate precisely the biological parts with 

modules of the model. More detailed descriptions can be found in [2, 18]. 

Figure 3.1 illustrates the principal components of the human eye. Light from an 

external ob ject is focussed by the cornea and lenses to form an image of the ob ject 

on the retina. Refraction occurs at the cornea and is also aft'ected by the varying 

thickness of the lenses. Since the eye is Dot a "perfect" optical system, a certain 

amount of spreading and consequent degradation takes place at the retina. Another 

source of degradation is eye movement. Of course, voluntary eye movements are 

necessary and enable us to track objects or to shift our attention from one object 

to another; however, involuntary eye movements of small magnitude also occur, even 

during steady fixation, and introduce a certain amount of temporal variation to the 

image. These involuntary movements consist of slow drifts from the point of fixation, 

corrective flicks (called saccades) at time intervals of about 0.3 to 0.7 seconds, as weIl 



CHAPTER 3. VISUAL PSYCHOPHYSICS 

1 
LIIHT 

~::~~ {§5~~!:5f~~~=F~--"~ 
FI BERS 

GANGLION CELLS (_ 

INNER 1 
sYNAPTIC ~ 

LAYER l __ 
AMACRINE CELLS 

SIPOLAR CELLS 
HORllONTAL CELLS 

OUTER 
SYNAPTIC 

LAYER 

RECEPTOR 
NUCLEI 

fiE(.EPTORS 
PIGMENTED 

LAYER 
(EPITHELIUM 

CELLSl 

33 

Figure 3.2: Schematic diagram of the retina showing the interconnections between recep­
tors and bipolar, ganglion, horizontal and amacrine cells. (From A.Netmuali and B.Haskell, 
"Digital Pictures: Representatior. and Compression", Plenum Press, New York, 1988, 
p.254·) 

as high frequency tremors. Although involuntary eye movements degrade the image, 

in general, they are important for maintaining continuous visibility of the image, sinee 

a visual stimulus that is stationary on the retina fades and eventually disappears. 

A schematic diagram of the retina is shown in Figure 3.2. The retina consists of a 

layer of photoreceptors and connecting nerve cells. The photoreceptors are curiously 

at the point of the layer that is farthest from the incoming light, and, therefore, light 

rays must pass through the layer of nerve cells before reaching the photoreceptors. 

The receptors contain photosensitive pigments that are capable of absorbing light a.nd 

initiating the neural response. 

The photoreceptors are of two kinds: rods and cones. In the region surrounding 

the fovea., only cones are present, and they are densely packed. The density dccreases 
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rapidly as wc move away from the fovea, v,hereas the density of rods increases. Cones 

are responsible for spatial acuity and CdVl vision at normal daylight levels (called the 

phot.opic range), whilc rods arc responsible for low Iight vision (called the scotopic 

range). Light absorbed by the recept.ors initiates chemical reactions that bleach the 

photosensit.ive pigments, causing a reduct.ion in light sensitivity that is proportional to 

the fraction of pigment blcached. A change in ambient illumination causes the amount 

of hleached pigment to rise and fall to a new equilibrium level, thereby providing a 

rncchanism fol' adaptillg to different light lcvcls. The IJVS can adapt in this fashion 

t,hwllgh a very large range of illumination levels (1013 to 1). 

As S('CII in Figure 3.2, photoreceptors make a synaptic contact with the bipolar 

Cl'Ils. A second synapse t.hen connects t.he bipolar cells to the ganglion celIs. Lateral 

interactions also take place by t.he means of horizontal and amacrine cells. The 

axons of t,Jl(' ganglion celIs form the fihers of the optic nerve by which the signal is 

transmitted to t.he brain. The opt.ic nerves coming from each eye meet, al. the optic 

chiasm, wlw!'e the' information is rout.ed such that the left half of the visual field is 

processed hy thl' right hemisphere and eonversely. The first parts of t..Je braill that 

)('rforlll pwn'ssing of the visual signal are the lateral g('niculates, which are two small 

rl'gions sitllat,('d near the center of t.he brain. The hulk of the vision process occurs, 

how('vcr, in the visual cortex which is situated al. the baek of the brain. 

Lat('ral cOIllH'ctions made by the amacrine and horizontal cells are responsible 

for amplit.ude' companding and spatial frequeuey preemphasis of the visual signal 

by m('diat.ing the sensitivity of the ganglion celIs to light. This effect, ealled lateral 

whibili01l, results in a. reduction of the signal from a celI when the neighboring celIs 

arc illmninated. 'J'he lateral connections result, for eaeh ganglion cell, in a receptive 

fidd wit.h an ('xcitat.ory region in the center surroullded byan inhibitory region, or to 
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the opposite, in a receptiv~ field with an inhibit.ory ('('nt.l'r and ail (·xcit.at.OI'Y SIIITOIIII(1. 

When excited, ganglion cclIs produce an dectric plllsl' (firillg) t.h,,1 plopagat,('s 1 hrollgh 

their axons (optie nerve). It is believed that. t.he informat.ion i~ n>ded in 1 lU' liring 

rate of the celIs, with the larger signaIs eorl"<'sponding t.o li\(' 1Il0St. lapi<l firing ralt's. 

A light stimulus exciting a ganglion ccli rais/' ... its fit'ing rat.(', bllt. any St.illlllllls in 

an inhibitory region tends to deuease its firillg rat.e, This illlpli('s 1 hat. a ganglioll 

produces its highest response when t.here is a light. pat.t.('1'11 in il s ('xcit.al ory 1'C'~ioll 

and none in its inhibit.ory region, The cCIII,('r-sIIITollnd pat.t.t·11l IS !-'.(·IH'I .. II~ cil'I'III,II'I\' 

symmetric or elliptical. Sillet, the dellsit.y of t.hl' 1('('('pt()l'~ I~ higlIPst. in tll(' l'o\'('a, t.!1(' 

size of the receptive fields is the smallest lIear t.he fOV('il alld ille 1 (',18I'S wit.h dist.illH'(· 

from the fovea. By combining t.he response of s('veral n'('('pt.iw fi('lds, !.iJ(' hraill is ahlt· 

to extract some simple features from the image, lik(' edg(' lH'i/!,ht., orit'lIt at.iol\, lt'IIp,t.lt, 

thickness, and curvature. 

3.1.2 Brightness perception 

We present a succinct description of the brightm'ss !>('!'cc'pt.ioll 1110<1(·1 of t.I)(' hlllliall 

visual system and discuss the abilities of t.he HVS 1,0 l)('ru~iV(' hright.l)(,s~ allel e OIlt.l'iI~t.. 

More extensive studies of the sllbject cali be rouud in [2, .\ 1 X, ;WJ. 

As seen in Section 3 1.1, the HVS mmpl is('s s('wral difr('I('IIt. hiolop,i( ,d pal'b ('Mh 

playing an import.ant role. Although t1H'1'1' IS St.I'OU,l!, ('vieh'lIe (' t.h,1I (',l( h flill t illt.(·l'iI( b 

with the othe!'s, most llIodcls that. are dev('lop(·d II~(' il ..,illlpl<' SIl( ('(,~~ioll 01 1,Iiu k 

boxes as a modeling approach for simplicity. '1'1)(' IIVS is l'ollghly divid('d illt.o t.lrn·(· 

parts, the optical system, the photo-transdll('('r~ (ruds and (()II(,~), ,llld Ut(' 11<'111 al 

connections. The l'ole of the optica.1 system is 1.0 proj(~ct il cI('ady foc IIss(·d illlag(' 

with an appropriate luminosity on the retina. 'l'he Image i~, hOWCVN, ilOt. l'eplOdll('(·d 
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perfpctly hut i~ blurrcd or sprcad. This effect can be modeled by a low-pass fil ter. 

The phot.o-transduccrs account for the logarithmic nonlinearities in the intensity 

adaptat.ion. As indicat.{~d by visual acuity experiments, the eye is cxtl'emely sensitive 

to (!vell the ~lTIallest amount of Iight. There are thresholds below which no vision is 

possible, huI. such a study is not relevant to visual communication media as images 

always fall above these thrcsholds. In this context, a more relevant question arises 

as 1.0 how the phot.oreccptors are capable of maintaining a more or less consistent 

rcsponse 1.0 éI very large l'ange of input stimulus intensities. It is known that the 

rang(' of inputs t.hat can activate t.he HVS is of the order of 1013 t.o l, even though the 

pupil area ('cUl only be varice! by a factor of 16 to 1. We saw in Section 3,1.1 that tllP 

lTlélgllitud(' of thp intensity impinging on the photoreceptol's is coded into a frequency 

of pulsps 01' firing rate at the output of the ganglion cells, These fl'equencies are, 

how('ver, (1'Iit.e limil,ed in theil' range, not exceeding a maximum of perhaps 1000 Hz 

[18], with 10 1.0 50 pulses pel' second bcing considered as the result of spontancous, 

ulldeterlllill('d aet.ivity. Thus, the coded frequency range is at most 100 to 1, from 

which W(' ohserve tl\('re is a significant cumpression from the input to the output. 

Si 11('(' lil)(,ilrit.y app('ars to prevail between the receptor potential output (synapse 

strcngth) and t.he \'('slliting coded frequcncy, it appears that this compression is a 

resllit of t.he phot.ochemical action of the transducers. It has been proposed that the 

l'('sponse \li il' l'elal,ed to the input intensity 1 by the equation 

'li = k(J - lot, (3.1 ) 

whcre A· Îs a constant, 10 is the absolu te thrcshold il1tensity, a.nd n < 1. Experiments 

hav(' showll that Il ~ 0.33, appl'oximately the cube root. Equation 3.1 is referred to 

il." Stt'''{'I1'8 powel' law. Although the value of 11 can vary from 0.2 to 0.5 depending 

011 t.hl' !.est. paUl'I'IlS and t.he subjcct envil'Onmellt, Steven's power law is considered 
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to he an acceptable way in which to mode! thp compression of t,lH.' inkllsit.y, and <1\1(' 

to its simplicity, it is used in many applications. 

Experiments to determine brightness percept.ion or tht' (Ont,rast. ~wlIsit.ivity CII\'\'C' 

as a function of spatial frequency reveal t.hat HI<' owrall l'<'SpOIlSC' of t II(' Il VS is " 

bandpass filter with a cente'r frequcncy in t\H' l'ange' of 2 to 5 cycles PC'I cl q.!,\'('C'. TIIC' 

response is asymmetrical in t.he sense that. 1.11<' high frc,<tlH'IICy at t<'IIl\<lt.ioll is st.c't'Iu'r 

than the low frequency atlenuat.ion. The' syst.em Cclii t.hell 1)(' lIlodt'lc'd hy il ci\:,n,d<' 

of a low-pass fiIt,er and a high-pass filtel'. The' rolc' of 1.1)(' hip,h-pass filt.c·r Îs 10 Illodel 

some of the lateral inhibitions that OCCl\\' 1)('t.wc·c·1l t.1lC' rhololf'c{'plors ,lIld 1)('1 WC'''" tilt· 

ganglion cells. The low-pass filter modds the "itnpC'l'f(·( t.iolls" of 1 II(' opt Î( .Ii sysl('III, 

It can easily he observed that the bright.lle:,s of ail oh.ic'<'I ("(·II • .tiIlS falll,\' COllstallt. 

despit.e very large changes in illuminat.ion. Fol' ('xcllllpl(" 'Ne a\'(' ahlc' t.u lIlaillt.aill t.llC' 

appropriate brightness ranking for a pipce of ('oct! and a sl)('d of whit.e' IMI)('I wllC'lI 

observed in direct sunlight. and under normal illdoor illUlllill<l1.iOII. TIIC' whitt· papC'r 

seems to he equally bright Hllder hoth viewill~ ('oudit iOIlS, illld, III l'ad., t.hc· whil(' 

paper uncler indoor illumination is perceiVC'd a!'> hright.C'r thall tllC' p\('( (' or c oal IIlldc'l 

outside illumination, even if the lat,t,f'r r('flcct.s Il\or(' ligh!. t.o t.llC' vic·wc·l'. 011(' w,'.v 01 

modeling this bright.ness constancy pltcnollwlloll is 1.0 pl<l(,(' 1 hc logill'lt IlIlIie p\'O('(':'S 

between the low-pass filter and the high-pa~s filte\'. 'l'hi:;; i~ i"lI~tralc·d ill FigllIC' a.:Ja, 

which shows tlte intcnsity profile of two image:;, olle \)('illg six l.ill)(,~ "J'i~lat.(·1 th"l1 

the other. Following the observation mentioned C'arli(·J', é\ hll ma Il ohscl'VPJ' ... ho" Id Ilot 

be able to distinguish the two images evell if t hl' illtc'llsity IH'ofi 1(· j:, V('I Y <tilf(·J'(·IIt. 

If, however, the inpllt wcre Hrsl procc!'>sed tlonlillc·arly hy il !ogarit.hmi< l'lIlId,ioll, 

Figure 3.3b would result. The size of the rectanglllal' puls(' is id('ntical in hoUI cas(', 

and this is aIl that would remain after the cnsuing high-pass operation. 11(,11«', both 

.. 
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Figure 3.3: A demonstration of the phenomenon of brightness constancy. The intensity 
profile on the right-hand side of (a) is six times that of the one on the left. If both of these 
are processed logarithmically, the result is (b), in which it is observed that the two patterns 
are identical except for the reference level (zero frequency component). (From T.Comsweet, 
"ViBual Perception", Academic Press, New York, 1970, p995.) 

objects would be perceived to exhibit brightness constancy. 

Brightness perception can be modeled, therefore, by a one channel structure, 

cascading a low-pass filter, a logarithmic like compression, and a high-pass filter. 

This model is weil known and is c&lled the multiplicative model. Another model, 

c&lled the photoreceptor visu&l model, use a feedforward two channel structure. The 

interested reader is referred to [30] for a comparison of these models. 

3.2 Subjective scalar quantization 

The brightness perception of the "VS is modeled based on a set of psychophysical ex­

perimental results, one of which is the contrast sensitivity curve or visibility threshold, 
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obtained by the just-noticeable-diff{'renre expt'rinwnt.. TIlt' main pl'O('('<1UI'(' of t !lis ('x-

periment is t.o record the sizc of the just-notiC<'ablc-diff<'rt'lu'(' sle'ps while' val'yillg t11C' 

background intensity and adjllsting the intf'lIsity of il slllall forpp;lolllld paleh 10 hl' 

just visible. The differenc(' in intensity bct.wcPII t.1\(' jllst. visihl(' t.(·st. pat.ch éllld 1 Ill' 

background intensity is callcd the visibilit.y t.hr<'shold. Th(' h<lckp;lOlIlId illt.(,llsit.y is 

varied through the whole range of visible intensit.it's. This eXp('l'illl('Ilt, d(·t(·l'lIIillc·s 

the sensitivity of the HYS t.o a small change' ill int,('lIsity fol' ail possihle' lIolllillal 

intensities. 

This test is performed with a constant background, hllt 1II0St. pid III C'S (Ollt.a i Il il 

complex, rather t.han a uniforlll, lumillann' hac"!!,rolllld. (1 is illlportalll, t.\1C'J'(·foJ'(·, 

to know how the visihilit.y t.hreshold of il t,f'st st.imulus dl.I\I;';('s will'Il it i:-- vic'wcd ill 

the vieinity of large l'patial or temporal changes ill t.h(· 11I1I1ill ... IIC C' of tIlC' had".!,lOtllld. 

It is welll:nown that t.herc is a reduct.ioll in t,lU' jus\. lIot,i('('ablC' visihilit,v :--1 1I11111i, i.(·., 

an increase in the visibilit.y t.hreshold, eaus('d hy ~pat.i(" or t,c'l\lpol,11 IIOllllllilorlllity 

of the background. This is refclTed 1,0 dS l1w.'ikll/.') of t.!1C' t.C'St. ~t.illlllli h.v cl 1l01l11llifol'III 

background. The test stil1\ulus is usuaJly d slIIall, Il<'al' t.hlC'shold ;,t.illlltllls, ",llC'l'c'<lS 

the rnasking pattern is weil ah ove the threshold of visihilit.y. Spa/lOI /I/(/.~/'·I/I.q, i.I·., IIJ(' 

reduced visibilit.y of a t.cst stimulus on bot.h sid(':-- of a lal',!!,(' ('hall,!!,(' ill 1.111' \)cICk,!!,l'OIIlHI 

luminance (e.g., il sharp edge), has brcn kllOWII fOI quit(· :--OIIlC' t.illl<'. TIJ(' visibilit.y 

threshold of the test stimulus incl'cascs l'apidly as the' t,('f,t ~tillllllll~ 1:-- hl'oll,!!,hl (los('1 10 

the sharp edgc; howevcr, the spatiallllasking (·rr,,( t dp( r('as('~ a~ th(· lJ('i,!!,ht. of t II(' (.c1,!!,(. 

is decreased. So the hllman 18 nwch more . .,C1l8illIJ( 10 f///onl,.;allOl/ IIO/M III /'((//0/1 .... of 

an image having a slo wly val'yw 9 backgl'o tt /Hl. '(' Ir is Il h('1I0Illl'II01l "cl" 1 )('('11 Il )('a~1I J'(·1i 

and results prescllted in [26J. Subjective nlrv('s ('cUI 1)(' Il:--C'd 10 d('~i,!!,11 a ",tI,jc·ct.iV\' 

differential pulse code modulation (DPCM) scalar qualltiz"I', wlJ('J'(' t11C' qllallt.izali(J11 
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Icvels are not distrihlltcd 1Illiformly, but according to the subjective curve so that 

each quanti~ati()n intcrval is given equal subjective importance. 

Another sirnilar proccdulc was designed in [6]. This procedure attempts to mea-

surc the suhj('ctive magnit.ude of the test stimulus (e.g., quantizat.ion noise) when it 

is above visitaI threshold. At every picture element., a spatial activity function, COli-

sisting of a w('ight.ed sum of horizontal and vertical gradients at. neighboring pixels, 

i8 cvalllat('d. 'r<,st. conditions are first set up hy adding a random noise of known 

pOWt'r only 1,0 pictur<' e1ementf where t.he magnitude of the spatial act.ivity lies in a 

«'rtain nalTow t'ange. The subjective value of this noise i8 then determined by com-

parisoll with a rderence picture in which white noise is added over the whole picture 

and vilJ'i('d in pOWN IIntil it appears equal in quality to the test picture. The noise 

visihilit.y funct.ion V(.r) is then defined as the ratio of the white noise power in the 

sllbjf'ctiv<'ly <'quivillcnt. r('ferencc picture to the power of the noise added to the test. 

pict.ul·(' only at t,hose pixels wherc the spatial activity lies in an incremental range 

al'Olind .1'. 'l'lU' obt.ained subjective curves aCCOllnt. for two fadors: the decrease in 

nois(' visibilit.y 1I('clr ~pctt.ial dct.ail, and the fad that, in most. pictures, few pixels have 

high spaticll ddatl, t.1lC'rehy J'('ducing the ove rail subjective importance of those pixels. 

'l'1\('s(' l'('slllts W('J'e also llsed to design subjectivc scalar quantizers. 

3.3 Distortion Measures 

ln SO\ll'('(' ('oding, the sqllared-error is by far t.he most often used distortion measure. 

l\'fost. of t.h(' t illl('. it is for historical l'casons since evel'yone has been using it, but why? 

ln this section. \\'(' will l'l'ovide SOrtl(' insight as to why the objective squared-el'l'ol' 

('J'it('rioll is SO lIhiqllit.o\ls and discuss its wcakllesses. 'vVe thcll present an alternative 

_ i 

i 
J 
~ 
Î , 

1 

: 



-

CHAPTER 3. VISUAL PSYCHOPH}'SICS Il 

which offers a degree of subjectiveness in the distort.ion m('aslln~. 

3.3.1 Squared-error distortion measure 

We saw in Chapter 2 that vedor quantization is a t.C'chniqll!' t.hell ('voh-c'd l'rom t.hc· 

multidimensional generalizatioll of peM, H('s('cU'c!wrs haV<' 1)('('11 \Ising !.I\(' sqllêll'<'d­

error criterion (2-11orm) for vedor quantizatioll prinnpal\y h('('clll~C' of it.s t.l'actahilily 

and ease of computation, Further, t.he squaIWI-{'ITor nilc'I'ioll ha~ elll illlllil i\'c' apP('c1I, 

as it represcnts t.he EuciideaTl distall(,(, 1H'lw('('1l 1"'0 poi1lls, ln siglla Il i Il,!!,, wll('J'{' 

waveforms are of tell cOlTupted by white /lois(', ~Ilch a (hst.all(,(· lIH'aSllJ'(' yic'lcls opl illleli 

results; howevel', probleJns arise' whell SOIll'(,(' <,odin,!!, ewel data C'()lIIpl(',,~ioll i:- IIl1' 

objective, Then, distortion is Ilot intro<1u('('d hy ail ('Xt,('l'Ilct\ SOUICl' clIlVIIlOJ'(', hlll 

by the qualltization process of the ('(}cod('r it~('Ir. This slIgppst:- t hell, sill('c' \VC' ha\'c' 

some control on how the diRtort.ioll is intl'odIH'('d, wc' :-holJld I\~C' cl dist,ort.lon 11\(,(\:-111'1' 

jointly tailored to the source signal, t.he (,rlcod(·r, and the ('lId IIsc'r, EVC'II in lip,ht. of 

this, the squarC'd-error cont.inues to he C'xl('n~i\'('ly IIS('<I III I\lO"t, SOIlJ'('C' (Olllpl'l'~si()11 

applications, For small diRtortioll le\'('Is, il still .t;iv(·s good l'I':-,ulb, hllt fol' lar,!!,(" 

compression rat.ios - and larg('r distort.iolls tll<' sqlldl(·d-("TOI (élll 1)(' V(·I.V ,!!,ood 01 

very bad, depending on t1w ~ol\r('(' signal, Ut<' e'I\('od('r-d('("ode'l (1I,lIewtc·list.in" alld 

the ultimat.c user or syst.em 1,0 which 1,\)(' (Olll pl (,:-,:,('<1 Slglle.! 1S d!'1 i \'('\'(.1\ 1 k"i,!!,lllll,!!, 

an optimal dist.ort.ion meaSlll'e thal l11ed~ ail 1.1\(':-,(' J"('qllirclIl<'llb i~ «(uill' d,ffie Illt, bllt 

it is desirable to include al, lea~t sorne of tll('11I t,o d('~ip;1l a 1)('11 ('1 distol tioll 1Il<'éI~IIJ'(', 

When applied to vector <jllantizat.ioll, tll<' ~qllé\J"{·d-(·nol <Tite'noll hil!"o élll élrI Vil III a,!!,c' 

over other measures; whell rUllning the LHe; algOl itlllll, the' e c'll1 mid e alndrlt i(jll~ 

simply become the expectation of t.h(' givC'1I group of V('( tOl~, 'l'Ill", alld t.ll<' filc t, 

that centroid calculat.ions fol' any distortioll llJ('<lSUU' wltich i:-. Ilot Cjuadlati(' ill /lattl/<' 
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hccomc extrcmcly complex, have prevented researchers from using other measures. 

Unfortunately, when applied to the vector quantization of images, the squared-error 

criterioJl introouces ail adverse effect that is called the blocking effect. What happens 

is that lIIinimum n)('an squarf'd-error (MMSE) vector quantizers are very good at 

cncoding regions of the image where there is a minimal amount of vis1\al activity. 

Sl1ch f('gions llsually occur in the background or on large fiat areas of the foregrouno 

and are l'cgions t.hat usually con vey Iittle information to the human viewer. The 

MMSE VQ fails lIliserahly in the cncoding of sharp connected edges and very fine 

c1d.ails of tll<' illlage. The hlockillg cffeet is easily noticed on diagonal edges, where it 

givcs risl' to a staircase instead of a smooth continuous edge. 

COllsiderablf' insight can he gained as to how this happens, by looking at Equa­

tion 2.11, reproduccd below: 

(3.2) 

whcre W]( is the weight.ing matrix, x is an input vector, and Q(x) is the codevector 

choscll by th(' quantizer Q 1,0 he the best representation of the input vector x. If W x 

is t.he idcntity matrix, as it is for the squared-error, we obtain 

E[x] = E[Q(x)] (3.3) 

which shows t.hal, MMSE quantizcrs are optimized on the first moment (mean) of 

the t.raining sequ('I1('e. Furthermore, the squared-error criteria does not take iuto 

accotlnt, !.IH' int,<'radions 1H't,ween pixels and the fact that sorne pixels carry more 

infOl"matioll 10 the' IIVS than others. As mentioncd in Section 3.1.1, the HVS uses 

1.0 gl'<,at. ('Xll'Il!. 1 II(' IH'ighhoring pixels in its low levcl pI'ocessing and shows different 

sell~it.ivily 10 distort.ion for diffcrcnt intensity 1C'"c1s and neighboring background ac­

tivit.y. The Ml\ .. lSE crilcl'ion tS, lhel'efol'e, not advisable for VQ of images. As seen 
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in Section 2.2, the quadratic dist.ort.ion mCllSlll'(' allows for hol li aclapl al ion Oll 1.Iu' 

input signal through W x and rclatively ('asy c('Ilt.roid (·éllculatlons. W.' \)('Iil'\'(' il is 

possible t.o use the quadratic distortion measlIl'(' to help r('dll('(' t Il!' hlocking l'trl'ct 

and improve the subjective quality of t.he cod('<1 illlag('s 

For most t.est images, the training scqU('IH'" consist.s or il Idl'p,<' rolll,ct.ioll of ill-

put vectors wit.h a low val iancc and with varyillg aV<'ragc int.ellsil i('~, and il slllélllt'I' 

collection of input vect.ors wit.h high visual act.ivÎt,y whic\t comprisl's v('dors slldl éI:' 

sharp edges, shading edgcs, and high variant'<' t.('xt.\II'('S. WllI'll IIsill).', ,\ l\1l\ISE VI'dol' 

quantizer and the LBG algorit.hm 1.0 design t.1H' co<l('l>ook, W(' ol>sc'rvl' t.lan\. n si).',lliri-

cant portion of the codevectors arc allocatcd 1,0 repl<'8t'l\t. t I\(' slow Iy "a l'yi IIJ.', v('r\ 01 ~ 

and much fewer to reprcscllt vectors with filon' dl'tclils. At. firsl., such ,1 <li8I.ril)\l-

tion of the codevectors may S('('111 leasonabl .. , si 11('(' lIat. an'as of 1 hl' illlaJ.',(' • li'< , 111011' 

sensitive 1.0 quantization noise t.hdll those étJ'('c1~ w)\('r(' 11101(' I>éIC k).',J011 Ild iI( t.ivit..\' i.., 

occurring. Helice, 1.0 have more V<'ctors t,o l'(·J>I('~('nt. noil'i(' !"I1·nl'ii\.iVl' portiolls of U\C' 

image seems desirablej however, this does ilOt. cOllsid(>r 1.1)(' ["ct th.lI, inclivicllla) vI'('lors 

have different i'ubjcctive meaning. It is t.r1lC' t.hclt "c!g('S cali s1lst.ain highc'J' I('V/'b of 

quantizatioll noise bcfore dny severe suhjc( tiv(' IIn;)ili\'llH'IIt.S 0('('1\1, bllt. ê\dl\,t! ('rr(·( b 

depend strongly on tll<' tyP(' of dist.ort.ioll t!tal. is illt.rodu('('c!. III t\lC' ('XIH'J'illwllb 

where distortion was introdl\ced ill edg('s, ollly Il)(' h('ight of t\)(' (·d!!,.. wa~ dist.ol't.(·d, 

and the orientation and contilll\ity of t.hc' c<lge was I)\'('~(·rvl'd. III t.!w LB(; alp;oJ'it.lllll. 

the clustering proccss for a MMSE VQ will preserve ,dl attribut,('s of (>dp/,s, if t1H' 

input vectors in the partition of the training seqlICllC (' wlli( h i~ a~~o('ial,(>d 1,0 a m<l(>-

vector aIl have similar edge charact.cl istics (h('ight, IIIt(>II~i\'y 01\ !>o\,!t !"Iid('~, positioll. 

and orientation). For a reasonably slllall 1lllIlllH'1 of (od('v('('to/'~ (' g .. ~,r)(j), 1.11 i.., i~ 

very unlikely to happen for most trailling S(>ql\('IICC'S éllId, ('VCII if él larg(>r 1I1111l1)('J' {JI' 
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codcvcctol'S is wwd, the small variations in edge height and position combincd with 

t.he averagiJlg (expcctatioll) process will result in a codevector with a slightly higher 

variance t.hélll lHmal, but missing the correct subjective edge characteristics, In other 

words, the averaging process cnforced by the squared-error attempts to remove edge 

informat.ion from t.he vcdo!'f; and to smooth the image, a procedure which is quite 

cont.rary t.o a good subjective encoding process. Apart from contours of the image, 

almosf. evcrythillg ('Is(', and including high variance textures with t.he exception of 

vel'y fine det.ails, can be r('produced faidy weIl with a MMSE VQ. 

ft. sholll<l 1)(' dmr that a crucial step in this research is t.<, design bet tel' codebooks 

t,hall thos(' t11ilt. art> obtaincd wit.h the MMSE criterion, In fad, wit.h a subjectively 

good ('o<lebook, ('ven a MMSE encoder (i.e., with a squared-error nearcst neighbor 

s('ar('h) ('0111<1 yide! acceptable l'esnlts, The key to a good vedor quantizer is to design 

a codebook in which the codevectors are representative of t.he t.raining sequence and 

calTy a lot of information ta the viewer, One possible approach is t.o use c1assified 

v(·ctor quantizat.ion, hut this technique only refines the vedors by using more appro­

pl'Ïate snhs('<!u('lll'es and avoids tackling the problcms of the squared-error dist.ortion 

ITI{'aSlIf<', 

A faet t.hat. furt.her complicates our task ta design improved codebooks is the 

absenc(' of glo\>rllly optilllum Hwthods for the design of the codebook, which force 

us to use it,('rati\'(' Ill<'t.hod:, like the LAG algorithm. This algorithm does Ilot give 

(,ollt.rol, during t.he design proccss, over the Humber of codevectors that should be 

ust'd. This ('hoin' llIust he made prim to the first iteration, hence we ~lave t.o define 

t,ht' lIumb('r of cooevecl.ol's for which the encoder will be designed before knowing 

ils pNfol'mall(,(·. Dming the design of the codebook, we have very little control on 

t.h(' dist.ort ion l<.'v(·I, and il. is dimcnlt to design a procedUl'e th;}.t will help reduce the 

' ... _------------------------~--~--
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subjective impairment.s of the codcd image. 

A new codebook design procedure i8 pl'opost'd in [251, WIHW éI hOt,tolll-IlP <lppl'o<l('h 

is taken instead of the tOp-dOWI1 approach of t Il(' LHG dlgorit.JlIll. This .t1p,ol'it IlIlI 

starts with the whole training sequence and it.el'élti\'(·ly m('rges t ht' t wo cJ()~(':-.t, V('dors 

as computed by the distortioll measure. The a Igori t.h III ('011 1 i nl\('S t,o IlIt'I'!!.(· V('rI ors 

until the desircd number of vector is reached or 1I1lt.il fll\'tlH'1' I\l('r~('s wOllld int.rodl\( (' 

intolerable distortion. The details and implf'IlH'lItat iOIl of this t,('dllliqllt' élrt' l'al 1\('1' 

complex and its development rails beyond t1w ~('()p(' 01 1 his \'llI'~i~. III 1 hi~ work. \\'t' 

use the LRG algorithm in ail tests. 

In order 1,0 design a good distortion ll\('aSIl\,(', W(' 1\('('(\ t.o look illl,o \'Iw i"lw\'('I\\' 

structure of images and try to understal1d \Vltat. is illlpol'l,lIIt illld \vhat. i~ ilOt. 1'01' 

our image comprehension aJ\{1 apprecia tion. Hf'éli li fI' S( ('II('~ (011 t.a i Il él loi of 1111'01'111,1-

tion and arc complex in nature. A humall ol>s('r\'('r (ail rapidlv dt·lt·ct \Vhal i~ t1". 

important information that is conveyed. Fmt IWl'Illol't" wlwlI luokinp; ,,1 a di~lt iz(·t1 

reproduction of the l'cal life scelle, il, is possible' to ('"slly I\I'\I'C 1 1 Ill' dl'I Cl'illl id 101lS 

based on a few key fcat.mes. The most importalll f('at1ll'(' i.., thal COlltOlll~ of Ihl' 

computer image be wcll defined, in th(' S('Wi<' that t.JH'ir positloll, ori('111 al iOIl, alld 

height be the same as that. of the original. Il is also f'xt(('III1·ly IlIlpOI télllt 1 hal Nlp,c':-' 

be conneded in th<> same smooth manllel .tS III titI' orip,lI'éll. ('0111,1 (1:-,1, will! Il i., 1 III' 

difference in visibility betw(!t'n textur<1I e!('lIlC'lIh of tht' IfII,IW'. 1., abo "" illll'OI 1 <1111 

factor. If il, is IJossible lo casily differentiat(· adj<!.1 <'lit lI·xtlllc·:-,. 111('11 1 III' (0111 1',,~1 of 

the original has hecn prescrvcd (provided that the' ~élllj(' cllsni,"ill,l1,ioll is po.,:-,ibl" ill 

the original scene). Finally, if the accmacy of t1l<' very fil\(, c1('t.(lil~ i~ I)J'('~('I \'('d, t 1\('11 

the reproduction is generally consider<>d accf'!>tabl('. M MSE Me·lIlorylc",.., VQ ('ail ollly 

reproduce contrast with gond fidelity. The CO!ltOlll~ and t.he fi.1I' dd,Llb (I1f' diHklllt 
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to reproducc. Roth of thesc characteristics can be described using edge primit.ives 

and image processing techniques (smaH edges for details and connected edges for 

contours). In tlw next section, we propose a distortion measure which attempts to 

irnprove t.1l(' r('pres('nt.ation of edges. 

The roI., of t.he distortion measure in the design of a VQ cannot be underestimated. 

II. is wit.h t,liaI. measure that. separation of the training sequence into clusters is done. 

It is Ilsed in tJlP comput.at.ion of the cent.roids to fonn the new codevectors. In faet., 

t.JI(· suhjf'ct.ive qualit.y of t.he code book is int.imatdy tied t.o the distortioll Illcasure 

alld 1.0 t.l1C' train i ng sequence. U Hfot tUllately, it is v('l'y hard to design cl distort.ion 

llleaSUf(' opt.imiz(·d t.o t}l{' low level processing of the HVS, as wc do Ilot yet fully 

understand il.. At t.his point., a combinat.ion of what. wc do know and intuition must 

he employed in our lise of a quadratic distortion measUl'e. 

3.3.2 Edge based distortion measure 

WI\(,l'cas hUlllall~ IInderstand l'tiges as !illes sepdrating contours, 111 t.he image pro­

C('ssing fit'Id ail ('dp.<' is ddined as a distinct. change in magnitude of the intensity l('vcl 

of an image. TIH'se t,wo ddinit.ions are not similar since the mathematical operator 

eomput('s ahrupt challgcs in the intensity signal at the pixel levcl and t.he concept 

of an ('<lg(' is Illon' of a conncct.ed boundary betwecn objects. Therefore, we make 

t II<' distillct iOIl I)('tween tll<'sC two concept.s by defining an edge LO be a t.ransition in 

c\.ll jl\la~(', and il lill(' (or contour) to b(' the' collnect.ion of many edgcs to fonn cln 

object I>olllldary. 'l'II(' <'<Ige fan have a height or a strength depending on how sharp 

tI\(' transit ion i::-. Lincs ar(' lIIore billary in nature, a pixel is either on a line 01' il. is 

ilOt. In t his S('lIS<', edges are wltat is of tell rcferred to as edgc primitives and can be 

lls('d (,0 pt'rform i mage segmentation as weIl as t.exture description. Thcre has been 
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extensive research in the last. twenty ycal'S performcd on llIat he'lIIatical 01)(,l'alors 1 hat 

could producc information about lines and edgps. 'l'II(' pl'()c('s:-;ill~ to ohtain t his ill­

formation is performed at il fairly low lev('1 i Il t he Il VS. For i IIsl,alln', t III' l't'Ct'pt i,'(' 

fields in the ganglion cells comput.e tll<' IH·irnit.iv(' (,dp.", (,I('III('lIt:-; th,lt tH(· cOlllhil\('d in 

the brain to obtain more precis\' information sueh ilS sln'lI~th, oriclItat.ioll, tl\lckllC'SS, 

length, and curvature of contours. Edge infonnal.ion, b('ing cOlll\l\ll,t'd so ('arly ill (1111' 

visual pathway, is b('lieved 1.0 he t.he most. import.ant. image' prilllit iv(' 011 ","id. w(' 

base our recognit.ion proccss. For pXélmpl(', if ail art.i:--t dr,lw:-- " IH'I':-'Oll III' :-l'('~ 011 il 

picturC' using only il fC'w lill('s, Il'C' willl)/' ahl(' tu 1('( oglli:œ t IH' IU'r:--oll, ("'('11 t hOIl!!," 

the amount of data cont.ained in t.h(' drilwillg i:-, lW('liIill)!;ly l'al \1':-:-' 1 h,llI th,11 ÎlI 1111' 

picture. This would imply tha\' liuf's cany much more illfol'lllctt iOIl ill tl\(' l'ici IIrt' thilll 

other image primitives. 

Wc noted that vcetOI' qualltizatioll has difricult.y r<'pl'Odllnl\,I!, (·d,l!,('~ (,OIT(·ct.l_v. 'l'III' 

VQ, being able to do almost. everythillg ds(' wit.h distinct.ion, sllOuld 1,111'11 also 1)(' 

designed wit.h t.hi~ criteria in milld. '1'0 COIT('cUy 1 ('llIOdllc(' l'dpp:--, t111' dl:,l,ol t iOIl 

measurc that wc propose sevcl'c1y p('l]alizf'~ tl\l' Illi~l<·pl(·~(·I\t.,tl.i()1I of ('d!!,(':-' II, 1'"1:­

emphasis on those pixels that lie neéll' ail ('dg(' allf! d('('llIplta:-iz(':-- 1110:-'(' th,1I alC' 

far from it; thereforc, the clemellts of tlw w(·ight.illg lIIat.1 ix W x IlIw.,1 ",IV(' éI larp,(' 

magnitude whell pixC'ls are neal' an cdgC' alld slIIall Illagllil uel(' ot.!lI'! wisl' H('callill/!, 

Equation 2.7, 

d(x - y, x) = (x - y)tw x(x - y). (:U) 

We observe that the diagonal clements of tlt(' llIatl'ix W x, WU, 1'(·I)\·(·~('IIt. tllf' w('ighh 

that. multiply (:t'i - y,)2. If we assume that the pixd ('!Tors (_l', - .'/.) do 1101 d('llI'lId 

on the other pixel erl'Ol'S (;r j -11,), for ail} =f- 1, th('11 Wc' (,tlll IIS(' il diap,olJ,d w('i~ht ill)!, 

matrix. Wc furthel' assume that, fol' c10sely lIIatdu'd v('ctOl'!-> x iLrtel y. adjiH'('JlI 
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Figure 3.4: Sobel OpNator Template for the Horizontal and Diagonal Directions 

pixl'] crrors have indepen(lcnt. signs and magnitudes. The distortion measure can be 

r('wri ttell as 
k-l 

d(x - y,x) = L wlI(J', _ y,)2, 
,=0 

whcre k is t,\1(' V('ctor dimension and 1V" is the weight associatcd with pixel J:i. Undel' 

t.hcsc asstllllpt.ions, wc have' rcdllced the prohlclI1 of defining the matrix W x to that. 

of defillillg t.1J(' pixel weights wu' The weights should correspond to the edge strength 

of individllal pix(·ls. SeVl'ral simple edge operat.ors that producc a pixel-by-pixel edge 

nlilp can he roulld in the literatul'c [18], Fol' our pUl'poses, whcre only an indication 

of tlw l'dg(' st.rengt.h is l'cquired, most methods arc cqllivalent. We use the Sohel 

0p('rator wlIich is il :l x :1 t('mplate that uses the center pixel and its cight immediate 

IIcighhors as sltown in Figur(' 3..1. The Sohel operator computes the gradient of thc 

illlage at. t.he C('rIt('r pixel ill the choscn direction and uses a small amount of averaging 

to reducl' t.11C' 1'Wllsit,ivity t.o noise, The gradient is directional and can be rotated in 

011(' of ('ight din·ct.ions: four of them being similar to the ot.hers by symmetry, ln 

onr ('as(" wlt(·\'(, ollly t.hl' rna~~nitlld(' of the edge is required, we compute only the 

hOl'iJ'.ollt.al alld VC'rt ical compo wnts of the gradient and approximate its magnitude 

hy cOlllhinillg t IH' t,wo com\>ollcnts as 

( 3,(i) 

wher<' .",,'H, S'v. (\Jl(1 G arc the magnitudes of the horizontal, vertical, and resultant 

~radi('nt.. respect i\'('ly, The' values of G vary from zero to several hundreds, whert> 
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larger values represcnt sharper edges. The edge lJIa)) of t.h<' falllolls pictlll'f' LC'lIlIa 

(cf Figllre 4.1) is shown in Figure 3.5, whert' hright an'as 1"('\H·('S('lIt. flat pOl t iOlls of 

the image and clarker areas represcnt cdges. Note t.hat. tll<' dark-t.o-hrip,ht ill\'('rsioll 

is performed only for display purpOSf'S and t.hat in t.h<' ('<lg(' lI1ap, tilt' st l'Ongc'r ('dl-!,c's 

have a larger value. Most sharp edges arc weIl d('\,('('t.('o and wc' colIsicl('J' t.his lf'sIlIt 
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Figure 3.5: Eclg<, Map of the IrmlP/' L<'lIna. 
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as satisfying for our purposcs, but several srnaller l'dg('~, lik(· d!'l.ailillg l'dg('s of t 1 If' 

face, are not well rcprcselltcd. Thesf' df'tailillg ('dg('!'!, although V('l'y illlpol'téllll fOI t./If' 

subjective comprf'hf'nsion of t.he pictlll'c. do Ilot prolhl< f' Idgll (·dg(· :,111'1111;1 Il:, wÎI Il t 1 If' 

Sobel opcrator. 
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'1'0 display lhe edgc map in Figure 3.5, wc have linearly adjusted the edge strengths 

sC) that I.hey fill the complete gray seale of the image (0 lo 255). Il should be not.ed 

t.hat., sillC(' t.he distort.ion measure is 1inear \Vith respect to the edge weights Wil' it is 

invariant to a Il.alt,iplicat,ioll of t.he w!'i~hts by a constant. In ot.her words, because the 

distort.ion lIH'a~lII'(' is IIs(·d t.o compare the clos('ness of matehing of the codevcdors lo 

the input Vl'ctors and bCCaIIS(' the centroid ealculations are n01'mah::ed with respect 

t.o t.hC' wpight.s, t.1H' ('lIcoding proccss is invariant to th!' scalar multiplication of tlH' 

weighl.s Wu by a const.ant. lIeIlce, t.he scaling that is applied to tIlt" weight.s in oreler 

t.o produ('(' li\(· ('dge lIlap image could he used during t.he encodillg process without 

aff('dillg Ut(' ('(·SlIlt,S. This propel'ty permits us to transform th(' value of the edge 

strcllgt.h~ in a possihly nonlinear fashion élnd to be able to vcrify if t.he obtained 

\V<'ight.s follow t.h!' hUll1fln subjective underst.anding of an edge map, by looking at the 

'l'h(· Irtng(' of values of t.h .. edge strengths from tlw Sobel opcrator can be quit.t' 

larg('. The stlt'lIgth of an ('dge is represcntativc of its energy, and it is commonly 

assumcd t.hal t.hp ellcrgy of an edgc is proportional to its subjectivc importance. 

Wc proposp an alt.ernat.ive which ditfcrs from classical cdge detection by making the 

supposit.ion t.hat t.he import.(\Ilce of an edge has more to do wit.h its informativeness 

t.hall it.:> (·IIt'rgy. 'l'hi:> approflrh has heell proposed in [29] and secms to yicld edge 

maps with \)(,tI('1' informat.ion (,oIltenl than t.he classical method. 

It. is a1'SllllII'<I t hat the informatioll carried by an edge is related 1.0 the frequency of 

0('('\11'1'('11(,(' of e<!ges wit.h a similar strengt.h. In extreme cases where the avel'age edge 

st.rC'llgt.h is <"10:>(' to zero, the large edgcs contain considerable information, whcrefls 

in an image where t.1l!' average cdge strength is very large (like in a high texturecl 

01' \'l'ry noisy image), then the edges with small magnitude (or, more precisely, the 
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absence of ("dgt's) arc thosc that. contain thl' mos\. us('flll illfol'mation. or WIlI'M" 

this argument ('an st.ill be applil'd whcll t,I\(' J'l'Iati\'(> fl'('qlll'"I'~ of ('dp,l's is Silllilél\'. 

but then thc method yirlds the' saille performallCl' as COII\'('lIt iOllal 1\11'\ hods. 'l'III' 

concept of relative frequf'lIcy is i ntilllat,('ly \'C'lat.cd lot \tell of i Il 1'0 \' III ,II iOIl ,IS d('li 111'.1 

by information theorists. Tl)('reforp, WI' CéllI ll~(' Il)(' ~('lf-illf()rtI,,1I101l 1111'(1:'111(' llll 1111' 

relative frcqu<,ncy (probability of OCCII\1'('IIC(') of l'ach ('<111,1', aile! IIS(' t !t,It ill 1'01'11 I<lt iOIl 

measure to set th(' value of the w('ights. III OI<!C'1' t,0 l'ilS(' tl)(' PI'O('(':'S. WI' :'iI'pilléllc' 

the raw dat.a of edge strellgths (1'('(\1 1\I11II1)('l's) illto <1 l'l'\\' (·cI,!!,\' j·I,I:':'I·:'. '1'1)('11 1111' 

probabilit.y of OCCUlTCIlC(' of l'adl class is (·asily ohtailwd h,\' (OIHllIltill/-', 1111' lti:,lo,!!,\'.1I1l 

of the classes. If N(cJ ) dCllOt.(·S the' IIl1rtllwl' of 0('('\\1'\'('11«'8 of d,\:,~ CJ III t III' pit t 111'1'. 

thel1 H(cj), the i1\formation carri('d h} Ill(' c1a:,s ('J' is giwlI h~ 

(.s. ï) 

where Np i8 the total Humber of pixels ill t.1l<' pietlll (', Opt.illl.llly, Il)(' ('!I)!,I' ( la"~I'~ 

should he detcrmined \Vith a subjective criterioll :-'lIch "hal, ('(t('h c1e18s h.I:' ;1 dilr('\('J\1 

meaning to tll<' IIVS. To our knowledge, stlch a PI'O('('<lIII'I' hel:' 1101 1)('('11 P\('SI'II\(o«l ill 

the literature, thcrcforc wc chose to approach t.h(· prohklll lJ('IIII~t.icall.v bv ~llIdyill,l!, 

the quality of the ('dg(' map illlctg(' visllally. W(' S('pelral(' 1,\)(' :,1'1 of .11I,·dp,'· :,111'1I,!!,1 h:, 

into 32 linear classes and compute tl\(' self-inronll;" iOIl fOi ('(le" (Ia~:" TIJ(' illlollll,1 

tiveness associatf'd with an edg(' c1éls:, 1)(,(,011)(,:' II\(' II('W (·dgl· \.I·igh!' 1'01 ,dl pi XI'\:'; 

described by that class. The new ('dge 111(11) tltat. is o},l,ail!('d i:, :,\tOWII ill hp,lIl'1' :Ui, 

We can obscn'l' that the dctails of the fac(' and t!IP hat .11'1' ('111."11(('" wh('11 IOIIIJltll('<I 

\Vith the standard edg(' map. Mo:,!' othel f('al.lln·s of 1 II(' ('dg(' 111<11' rf'lIIcli" l'ltt( 1 iecdly 

the same. 'l'hl' edge map fol\ows tl)(' int.llitioll of IIH' IIVS abOlit illll'''11 ,1111 ('dgl'''. 

almost as if th<, edge map WctS drawll by aIl art i:-.t, 'l'III' ('dg(' IIlclJl 1 hll., 01,1 cil 111·,1 h 

used to definc W x. For a givcn input veetor, tlll' ('Ol'l'I'l-lpolldillg pix(·I" ill 1. \ li' ('dgl' 
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Figure 3.6: Normalized Edge Map of Lenna 
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map image (orIn a V<'ctor which we calI a mask vector. This mask, or equivalently 

W x, is lIsed whf'l1ever that input vectof is t1sed. Since there is a one-to-one cOlTe-

sJ>ondance \)('tw(,(,1l pixels o( an image and pixels of the mask, the mask information is 

pl'Ovided t.o the' ('Il("odt'I' in tlw same way that the original image information is, there­

fore' douhlin!!, t Il(' st.ol'age l'cquircmcnts in the encoder for each image ill the training 

S('<! \1<'11 ('('. 

Th(' 1'01(' of t.his distortion measure is two (old: penalizing the misrepresentation 

of pixels Iyinp; 011 important l'dges and biasing the averaging process of the clustering 

algorit.hlll in t.he ('odcbook update procedure towards edges. The former is the most 
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important in the sense that. it. separates the training seqm'II("(' i III 0 Sil hjt't'I i\'d~' si lIIital' 

subsequences, which is a crucial step of th<, cod('hook design pl'on'ss. 'l'Il(' disl orl iOIl 

measure al80 has a charactcrist.ic that makes il. )lt'rform <'<tllally w('11 ill ail iI\(',,~ of ,III 

image. If the input vect.or contai liS both slllaH and largt' Ill" ... k \'"hl('s. 1 lit, di~1 orl iOIl 

measure favors those pixels wit.h a high mask valll<', hut. ir t.1\(' iupllt \'('dol' (ollt.aiw. 

only pixels with mask values of equal magnitude. tlwH 1.1\(' dislOl 1 iOIl Illl'ilSIIl't' \l('1' 

forms exactly as the squared-erl'or distort.ion fTwasl\l'('. This is II'IIt' wht'Il ail wt'ip,hls 

are small 01' when ail wcights are larg<'. So, if tilt' illpUl \'t'ctOI 1~ ill ,1 liaI ,lI'C',I or 

the original image, the propos('d dist.Ol t iOIl Il)('''~UJ(' pNfol'lllS lik(· 1 Ilt' ~qll"I,·d-{'rrol' 

distortion, which is fine, becausc we ~aw th,,1 the '-Iql"'ll'd-('IIUI ,II "'ll\pls lu IlI,Ih Il 

the average of the input v('dors. On tl)(' o!.lH'r halld. if t11(, illput \'c'clol' liC's in ,1 

very high activity regioll wlH'rc ail mask vaht('!-> élrt' hi~h, 1 Ills lIH'é"l~ t h,l1, 1 III' 1 c',l!;ioll 

is not traverscd byan edge and lt'pn'S(\l1ts ollly 1,('Xt.lIIP. ill wilidl (,dSC' Iltl' IHOpO:,C'd 

distortion measure react.R agaill like t.1l(' sq\J(\!p<!-prror llH'aSll\,(', Illil \\l(' ~"w 1 Il .. 1. Il''';­

turcd regions did ilOt. sllffer t.oo much flOllI th(' hlock dfl'('L 'l'III' WI,tglttc-d qllilllr,II il 

distortion IIl(~asure offers the same performall(,(' as t.1H' Sqllé\lt'd-t'II'OI' Irit.c·l'ioll ill ém'iI:' 

where MMSE VQ performs weil and att('mpts 1.0 ÎllIproW 011 t.1H' l·tI)!,!' \(·:'Olllt.ioll (llId 

to removc the block effect on those regiolls of tl\(' illput. illlagt' \\'111'11' il is IIIOSt. I\t'(',k«l, 

Simulation results using this distortion 1Ilt'(t:,\I\(' will 1)(, showll ill SP( t iOIl ,I.\. 

3.4 Previsualized Image Coding 

In the previolls sc·ction, wc desigllcd a quadrat.i(' dist.ortioll 111<,(1:'1111' wil h il 'illbj(·ctivl· 

criterion in mimi, narncly the faithful \'(·IH·()(ltH t.ioll of ('dg('''. 111 1 hi:, :'('1'1 iOIl, w(' 

discuss the use of brightncss perception as a Jl1'f'pT'O(,(''-SOl' w Il i( Il wOllld i ((('('('HS(' 1 lit' 
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pcrforrnanrc of vcrtor <Iuantizers. 

We ~aw in Sect.ion 3.1.2 how the HVS processes the light intensit.y of images. 

TIJ(' mult.iplicative lIIodel that was presented is the resuit. of three modules: a Iow­

pa.'iS module to accollnt. for the l'impcrfcct'' opties of the cye alld the finite spatial 

resolution of th<, photoreccptors, acompanding function like the logarithm or Steven's 

power law tu expldin the large range of input intcnsities that, humans can sec, and 

a high-pass filt('r to account for the lateral inhibitions and to explain the brightness 

constallcy plwnolllcnon. In [28], the multiplicative modei is applied to the original 

imag(' an(1 t.1H' pl'<'visualized image is vector quant.ized and transmitted to the rcceiver. 

'1'1)(' r<'("('iwr gellerat.cs tlH' apP"oximation of the prcvisualized image and an inverse 

rilt.er of t.IH' lIlultiplicative mode) is passed through t.he generated image to l'econstl"uct 

t.h<, compn'ss<,d image. The l't'sults shown in [28] are very encouraging. 1''01' simplicity, 

howcv('l', w(' USP only part of the multiplicative mode! in this research. 

TIl(' spatial r<,solution of vedor quantized images is aiways les::. than that of the 

original cllI(, 1,0 t.hf' aVf'raging proces~ that OCClI\'~ during codcbook design. In this 

S('lIse. t.h(' VQ is low-pass in naturc and we do Ilot J"f'(luire t.he first module of the 

bright.IlPss p(,l"n'ption mode! to enhance its performance. The ot her two stages can 

P1"O("('ss t.he' input image to enhancc the performance of the VQ, but we fecl that 

I.h(' ('otllpallding of the input. intellsity is the most. helpful one sitl("c it reduces the 

dynamic rangc' of thc input. signal in a way that is subjectively acceptable. The 

VQ, \\"hc'II operat il1g OH a stnaller signal space. yields better matched compressed 

Îlllag('s; hO\\I("'('I", Iwcausc of t.he expansion that occlIr~ in the recciver to con vert. 

t.he pr('vi:-;mdized VQ image back to the intensity dom ai Il, the quantization errors 

introducc'c1 hy t IH' VQ an' cxpandf'd as weil. Since companding is done so that the 

\lVS is kilS s('lI:-;iti\,(' to the new errors, the overall performance should be better 
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that without eompanding. Sn eh a compression of t.ht' input illt.('nsit~, Il,Is 'WO 0\ II('\' 

advantages. First, it reduces tht' numlwr of n'dors in t.!J(' ('ml('hook whict. 11<1\'(' 

the same sllbjectivC' visnal appearann' df'spit<, \ hl' fclet \ hal \ IlI'y ,\l'I' 1II,IIIII'IlI,I' il'all.\' 

different, and, second, it t'lia hIes tilt' VQ \.0 pwn'ss ('dp,('~ ill \ ht' :-;;\II\(' 1I\,llIllI'l ,IS 

the human brain secs thcll1. ln ot,}H'r words. !-I1)(lcial pl'Op(·rli(·~ of IllI' 1111111"11 \'isllal 

system like hrightncss constancy and cOlltrc\st sellsit.ivity will 1)(' pJ'('~('1 \'('(1. 

The companding law t,hat we use is Stf'vt'n'5 pO\V<'r IflW ill wlti( h WI' a~SIIII\(' 1 hall l\(, 

proportionality constant is unit y, ill which ('asC', t lit' hrip,htlH'~s 1)(,(,()III('~ JJ -::: (1 - lo}". 

The ahsolllt(' visihilit.y thl't'shold, 10 , will 1)(' d"I('IIlIIII('t! I"t ('1. TIJ(' \',d'H' or 1/ i:-. 1.,1"(,11 

as 1/3. No\\'. tht' intpllSity t.hell is plOj('c\ed hy 1II0sI \'islI,1I displa~'~ 1'0110\\' 1111:­

equation 

/ = O.299/(Y + O.F>S7U'Y + O.llillr, (:u~) 

where R, G', and 13 are the voHages appli('{1 \'0 t,)w J'('d, gr('C'Il, <tlld hl \U' r,I~' /-!,1I1l:-', 

respectively. The constant 1 depcnds on tlH' dwnlct(·lis\.ics of 1.11<' di.'ipl,tY illlcI Vilri(·~ 

bctwecn l.ï and :J 0 with a typical vcllu(' of 2.0. Fol' th(' ('dSI' of gray:-.('alf' illlag(':-', 

wherc the RGB ('f1ll1poncnts are equal. Equat.loll :u~ lH'f ()II\('~ 1 = ,,"Y. TI\(' volta!!/, 

applied to eélch gUII, IJ, i8 proportiollal 1,0 th(' \,ilItH' of t!IP pi:.«'1 .1', ill 1 II(' digit iz(·d 

image. The hrightll(,ss associatcd with a pix(·1 with valu(' .,., iH giv('II, t,\J('I'f·fol'f·, \Vil hill 

a multiplicative constant, by 

where Vo is the smalkst pixel value lita\' CcUI \)(' appli('d 10 1 II(' di:-.play gllll:-' 1)('1'11,,' t III' 

signal becomcs invisible llllder normal vicwillg (,olldition~. FOI 0111 di:-.plilY, 1'0 :::: 10 

and, = ~, so that B = (:c? - 100)1/3. \VI' ll!-l(' this cornp<llldiJ\~ fllll('l.ioll 11I1f1 il~ 

inverse Xi = (/33 + 100)1/2 to transform th(' original illlag(' fWIII 1 II(' pix('1 illl.f·JI.,it.v 

domain int.o the hrightness domain and hack to 1.11<' pixpl illl.('ll:-.ily dOlllilill. 
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Chapter 4 

SIMULATION RESULTS 

III tllis chapter, W(' present the results obtained when ellcoding images with the slan­

dard VQ techniq lICS, and then present l'('sults that use the inherent redundancy of 

the picture ~igllal. W<, Jiscuss the quality of the coded images both qualitativelyand 

quantit.;üiv('ly, '1'11('11, the l'esults ohtain('d with our proposed subjective scheIl1es are 

pn's('ut,pd (lnd compmcd with those of memorylcss vector quantization, Finally, our 

s1Ibjpct.ive sdwlT!(,s an' comhincd to the most promising squared-error VQ techniques 

t.o illustrah' how tlH'y interact and work together. Wc point out that the goal of 

t.his tlH'sis is Ilot t.o dCl'ive the most efficient VQ scheme for image coding, hut to 

d('fI\OIlSt.l'élf(> UI(' llIé1Il1WI' in which subjective criteria can be included in different VQ 

S('h('ITH'S. 

Ail of t.h(' ('lIcocling sehemcs prescntecl in Chapter 2 have their codebooks designed 

\Ising tilt' LHG algorithm. WC 1I0W outline the experimental setup that is used. 

Sinc(' il. is ilOt. possible. in general, to model real world images using determinis­

t.ic f\llldions or randolll proccsses, we run thc LBe algOl ithm on a typical training 

S('quPI\('(' of V('ctOI'S, ln other words, sinee the statistical properties of images al'(, 

lIlIknown t,o u:., \\'P 1I('<.'d to use sampled statistical averages in order 1.0 obtain the 

required ('''I)('rt.at iOllS, The choice of the training sequence and how it is generated 
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clepends on the application in mind. A large trainillg ~wq\\(,II("(, cOlllpos('d or St'\·t, .. t! 

ima.ges with cliffcrent characteristics is us(·cl to design uni\'('rsal {'II('od('\'s, i.t'" l'lI­

coders that can pro cess f'qually well almost any image; how{'\'('I" sillC<' 0111' illtt'Ilt ill 

this research is to improve the subj('ctivc qllalit.y of tll<' cOlllprcsst,d imap,t's, W{' oft{'11 

use smaller training sequences rC'c!u('ed \'0 one imag(' only. Tl\(' {'Il(Ot!t'l will tht'Il IH' 

used to encode the image in the training sC'qUCl\('{', This h<'lps \0 a1\lphf~' III<' SOlllt'­

times subtle suhjective improW'ment.s. Also, w(' sOll\ct.inws Il~(' \,('ry shorl \ rillllillp, 

sequences usi ng ol1ly a small part of ail image, i tI 01 d('1' 1 () g<,1 a I)t'UN i IIsip,ltt. 011 how 

the proposed schemes perform. Note t.hat in t 11(' Irltter Glh(" t.hp ('od{'hook alld, COIlS{'­

quently, the encoder become extremely spt'ciali:l,C'<1 \'0 tlH' tralllill!!, SPC)llt'Il(,t'. Scht'lIl1's 

with good p(?rforrnance over such small sets cali yield lllllC'h wor:-,{' r{'~lllls 011 l'II,!!,('J' 

training sequ(-'n~'{'s. Intuition and expcriC'llce tt·1I liS, howC'v('l', that. II is J'alf-!.r 1.11(' 

case. 

Apart from the size of the training sequenc(', HH' arrangPIllPIlt. of vC'('t,OI'S wit.ltill tlte' 

training sequence coulel be important. Fol' exalllplc, SclU'IIl<'S with lIIPlIIory 1{'«lIil'l' 

that successive vectors be corrclated to work weIl. '1' Il (·l'I·rol(' , illstt'ad 01 tilt' IIslIal 

left-to-right and top-to-bottolll l'aster scan lIwt.hod, which cali ('J'('llt<' Icll'/!,I' chilllge'S 

in signal charadcristics in bctwecn rows, W(' IIS(' il ~Iig,ht variatioll ill which l'oWS il 1'1' 

scanned alternatively from left.-to-right and fl'olll right.-to-I('ft" III t.his way, \.II(' top-tu­

bot tom structure is kept intact. This cnsUl'('s t.hal. ~lIcn'~siV<' W'( lors ill I.he· traillillg 

sequence are always neighbon, in the image. 

The test image that wc use most onen is the' félmolls illlage of L('III1'I, SItOWII ill 

Figure 4.1, used intcrnationally as ét bcnchmark. II. i:-, a grayscalt' illlrt).!,(' of ;d'2 / -IHO 

pixels with a dcpth of 8 bits (2.56 graylcV<'Is). L('fllla is a V('l'y good l.<·sl. illlilp,<' 1)('('(I1IS(' 

it has a good dynamic range of intensit.y and a wry gond contra..,!.. II. (,olllaill!'> 1rIé1l1y 
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Figure 4.1: Original Picture of Lcnna 

diffcl'ent t.('xtlll'CS wit.h diff('l'cnt degrces of visnal activit.y rangmg from low in t.he 

background t.o high in the fcathers. ft also contains thin Hnes and small dctails on 

t.1H' hal. and ill the ('ycs as weil as sharp curved contour lines. AlI thcse propcl'ties 

put. t.ogd.I\('1' make il. lI;fficnlt fol' a VQ sc he me to repl'Oduce the image with fidelity. 

Most. of t.1J(' tillw, the imagf' of Lenna is used alone t.o create the t.raining sequence; 

hO\\·('\,(,1' , w(' sOllwtinll'S use a sm aller image that consists of t.he right eye of Lenna 

wh('1l local (,(f('ds are d('~ired. When wc want to test a coder with more universal 

capabilities. we US(' il long training sequence of several images and use Lenna, which 

is Ilot in the training sequence, as the test. imagl'. 

----------------------- ~~----- -
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The vectors that we u~(' arC' srnall blocks of ,\ x ,\ pix('ls, ('l't'al illp- \(i-dillle'lIsiollal 

vect.ors, Thel'e are 15360 of tltose v('dors in t.ltt' t.raillillg S('tllH'II('(' ('011:-.1 IlIdl'd l'JUill 

the image of Lerllla, and silln' WC' (l('sign cod('hoob for whid, 1 hl' Illlllllwl' of ('odl'\'I'I' 

tors N varies from 2 1.0 .512, the aV('l"ag<' nllmhl'\' of v('dors of 11\1' t raillillg M'qlll'III'I' 

per codevector varies frolll s(,v(,l'al tho\lsands 1.0 :JO. III th(' laI tt'\' (',\SI', 1 Ile' ('(1111' 

book becornes art.ificially bett.er al. encoding t II(' imagl' ill t II(' 1 \',lIl1illg :-'l'<jlll'II( 1" ail 

effect that shows t.hat very long t.raining ~wql\('IIC('S 111 11 sI hl' IIsl'cI if 1 III' IIIIIIIIH'\' of 

codevectOl's in the codcbook cxcc('d .112. \Vt' oftl'II Il..,1' CI ('odl'!Jook :-.iz(' 01 Ih 

The l'csult.s ar(' present.ed in Ill(' fOl'l1l of PII'tlll'l'S pllllll'd 011 cl 1,1:-'('1 l'rinll'I will. 

the Floyd-Steilll)('rg dit.hcrillg algorit hm alld wil h t ,.\,11':-' gi\ IlIg 1 lit' I)it 1 .. 1(':-, ,\lltl 11\1' 

signal-to-noise rat.iŒ. The bit. l'éÜ('S Il C\\'(, gi\,(,11 111 hit:-. pn pixI'1 ,lIId élit' (ollll'"ll'd 

by 

( 1.1 ) 

where k is t.he veetor dimen:-.ioll alld Nb i:-. 1 II(' 111\1111,1'1 01 hil s l't'qllin·d 10 1't'f1l'(''''('1I1 IIIt' 

Humber of codcvector:. Nt (o\' Ihe 1I1111llWI of allow('c! 1 I,II'SÎt iOIl:' 1'01 a fillil(' :-.1,111' VQ), 

Also, we defint' a compression \'atio as th(' ~iz(' ill I,il:-. of 1.1", ol'igillal illlclP'(' divicll·d 

by the sizc in bits of t.he ('ompl'css(,d imag('. III 0111' ('aSI', si 11('(' 1 If(' ~()III ('(' illl,I~(' is 

always S bits pCI' pixel, tl\(' comprp!o>!'.ioll ratio for a giVl'II t.1<trJ:'lIl1"'~IOII 1'i11(' IS gl\('11 I),\' 

SIR. The signal-to-I\oi~e ratio that W(' IISI' i:. III(' l)('ak sigllal-lo-lIol..,l' lill10 (l'SNB) 

defined by 

(
')112 

) 
PSNH = IOloglO ~I' ' 

NI S " 

whcre MSE is the Illcan squé\n'd-('rror. 

(,I.~ ) 
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4.1 Memoryless Vector Quantization 

M('rn()ryles~ MMSE VQ is the ba~ic technique to which the othe, cmlers are compared. 

We prt~S(,lIt ['('slIlb for a variely of cOJJ\p['('~sion tatio'i with the image Lcnna as a test. 

image' and .t~ a trainillg S('<1 11(' 11('('. Th(· resultalli. encodeJ pictures are discussed to 

illnst.l'atp t1H' stu'lIgths and w('aknesses of VQ. Th('n, the results obtained on a long 

t. rai Il i fig S('q \1('1)('(' al'(' pn·!-'(·rll.f'd. 

-
No. Cod('v('dors Hate Mean Variancf' MSE PSNR 

origillal 8 124.28 2296 .. 1 

:! 0.0625 12~J.69 ),504.3 797.22 19.12 
1--- .. 0.1250 123,45 1968.7 295.62 23..12 

K 0.1875 123.62 2120.4 1 ïïA!) 25.64 
l() 0.2500 123.81 2169.:! 132.01 26.93 

1-' 
:J:! 0.:jI25 12:3.83 219.50 m.l.91 28.1,1 
6,1 0.;)750 12:3.78 :!220.:! 7:>.06 29.38 
128 0.4:175 123.78 22:JO.0 .57.08 30 .. 57 
256 0 .. 5000 123.76 22.52.2 4·1.4.5 ;31.(;.5 
:>12 0.5625 12:J. 79 2264.9 3:3.79 32.84 

Table 4.1: H(>sulb for t.he MMSE Memoryless VQ of the image Lenna. 

WC' <I('siglH'd <Iifr('!'('nt codchooks for the imagp Lenna, and the results are shown 

in Tahlp .1.1. 'l'II(' Iwo colunlll~ labeled Mean and Vanance represent the Illean and 

varialJ('(' of Il)(' dC('Oll<·d image, ft is easily obserw'd that. the MMSE VQ is able 

to l'('pl'Odll<'(' 1 Il(' fll('(l1l of 1 II(' original imagf' allllosl perfcctly al, ail the rat.es. TIr(· 

\,(lriatu'(', whi('h is an indication of t.h(· visual artivity and of the cOlltra8t, is a much 

b(·tt.f'f' Îlldicat.ol' of 111<' qllalit.y of the f'eproduced image. The PSNR is also a good 

indirat.or. It cali be ohs('J'\'cd lhat the PSNR increases byabout 1.2dB each time t.he 

mtmb('f' of ('od('\e<'lol's in the codebook is doubled, start.ing from 8 code\'eclors. Aftel' 
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512 codeved.ors. thl' incrl'ascs arc Sl'Cll to \w sma\l<'I', sin('(' tIlt' VQ is \'('iwhillP; tht' 

limits of its abilities. 

Figure 4.2: Picture Lenua encoded with a MMSE I1ll'llloryl",",!o. VQ u!o.illl!; ,1 ('()I\"book of 
256 codevectors. 

Figure 4.2 shows the decodcd image whell tll(' ('od(·book si~(· i!o. '2:)(; cod('v('( tOl!o. 

and the rate is 0 .. 5 hits pel' pixC'1. Even if t.11(' l'SNH is failly ~ood (11101'1' tllall 

31dB), we can sec several irnpainnenb arolllld t II(' l'dgp:,. 'l'III' ... I,IIIT(I!o.(· dr(,( 1 i!o. \'('1 Y 

noticeable on the contours of tlle hal, tilt' ShOllld('I. ,L1111 t Iw (I)('(·b '1'1)(' ~lIdd('11 

intensity changes of the background arC' abo les!o. pl'f'I'I:'(, t Il,111 t 1\1' 01 i,!!,illal. illld il lot 

of information has beell lost in (m'cise details arollnd t Ilf' ('y('~. 011 t Ilf' otill'I' Italul, 

the background texture is very weIl reproduccd. The foregroulld tc'X!,III(' j~ also w(·11 
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r(!prodllC(!d wllf'J'(' t!1f' gl'adicllt is smooth, e.g., on the shoulder ,Uld in the shadillgs of 

t.lw hat., but. moJ'(' di~t.ort.i()11 ir-. introduccd in high encrgy textures, e.g., in the feathers 

of 1,1)(' hal.. 'l'Il(' latter distort.ion is, howevcr, less distracting when compared to the 

block ('fr(·d. ft is ooviolls from titis analysis that edge definition is the hardest task 

for Cl VQ s<"l 1<' Il)('. W .. will stress, in the ensuing tests, the improvements that were 

oht.ailwd OVf'r Figurp 4.2 on those regions where cdge definition is lacking, namdy the 

('yes, tl)(' lips, and ail major contours. 

Figure 4.3: Pirturc Lcnna cncoded with a MMSE memoryless VQ using a codebook of 16 
COd<'Vl'ct.ors. 

The pict.III't, depict.ed in Figure 4.3 is encoded at a rate of 0.25 bits pel' pixel and 

is shown to bt'tt.er illustrat,(' how the block effect arises. Note that even at su('h a low 

, 
'\ 
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bit rate, shading i8 alrt'ady taking place as could \)(' SC'('I\ in t.11t' hackground, 011 Iht' 

hat, and on the shoulder. Also note thal the f('alh('rs al'<' 1'(,1 al i"ply w('l1 J'('pl'llclIl l'e'd, 

even if the block effcct i8 also visible tlwre. 

4.2 Predictive Vector Quantization 

Predictive VQ is a technique in which ail est,il1ldt,(' of IlH' IIIplil illlagc' i:-. lIIade' \\'itlt 

a predictor and the residual illlage, ol,t.airH'd hy ~lIhlra('tioll, i:-. \'1'( tOI qll,'lIlize'(1. or 

course, the dficiency of t,his te( hni'lllc i8 highly clppl'llclt'l\t on \ \\1' qUit'" \. ,1111\ t Ill' 

consistency of the predictor. In our case, sinn' \\0'(' al(' lIsinp, a sllllple' !ln'diclol. \\'t' 

cannot discuss t.he performance of prcdkt.iv(' VQ sdH'lllt's, hlll (',III di~( IIS:-' 1 II(' IOh' 

that predictive VQ Illight play in the dev<>lopnwnt of 1H't.kr :-'111, je'c't i \'t' t'III (ldt'I:-'. 

No. codevedors Rat<' Meall 
original 8 12,1.2~ 

2 0.0625 12:J.2,1 

" 0.1250 12:t 11 
1--

8 0.1875 12:J.37 
16 0.2500 123.'H 

t---
32 0.312,1 123..12 
64 0.:J750 12:J.:19 
128 O.4:n.} 12:L:;:J 
256 0.5000 1 ~:J..t Î 
512 0.,5625 12:JA6 

V Miall(,(' MS'~l 22mi.!l 

1991.!l ();II. ïï 
2161.1 2:;,1.71 
21:;()..J W().7ï 

-~-~-~- --

21 ~:J..I 12h.1'i!l 
- -----~--l· 

221:U 
22:1:1.11 
-.----
2:! I~,(i 
2~(iO.(i 

22h9.1 

9 t KI) 
~~-_.~ 

72 .) 1 
----- .. _----

."")(,,(iO 
._----~-_._ ... 

,1.1 :!'\ 
:12 ,I!l 

,===, 

~~.;,:u, 

~!},!'i:l 
----------

:UJ.(iO 
:J 1. ïï 
:1:1 O:! 

Table 4.2: Rc!.ults for tilt' MM51': prc·dictiV(> VQ of t.hp illlflJ!;1' 1,1"1111". 

The performance of our simple schcnlf' i5 d('pictec\ in Tahlf' 'I.l. TIH' PS:'-: H i~ 

about 0.2dB greater than that of MMSE m(,lIIolyl('~~ VQ at ~illlilal 1',",( ..... 'l'lu' I,H t. 

that the dynamic range of tl\(' input signal i~ l'pdll('('d by t!H' \lI-('(hr' i\'t' !'I( 1)('lIlI'. 
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(!xplains why t.1)(' rJwan !-lqllillwl-error i~ smallc'r. The encoded image of Lenna. at a 

l'at.(· of o.!) bits 1)('1' pixels is <;l!oWIl in Figul'C' 4.1. It can be observed that the contoUl'S 

il 1'(' il liul(, n1ol'r smootlw)' and the block eff(·ct is less visible, A more sat i:;fying 

irnpl'overrU'lIt, howevrr, is tlJ(' fact that the overall contrast of t.he image is increased. 

TIH' (·ffcd rnight. 1)(· difficult to observe on the printed images, but is easi('r to detect 

on tlJ(' monit.or sel'('('n. Wr beliflVC that this effect is due to the greater abilit.y of 

prC'dÏ<'t.iw· VQ to f('prC'sent sll1élll gl'adi<'llts and shading. '1'1)(' v('ct.OI'S in t.hose l'egions 

g('t, lIIapl)(·d 1.0 l'('!-lidllal V('ctOI'!-l of slllall amplit.ude and an' C'ncodC'd with more fin<'sfo,(' 

.IIHI d(·tail; I.h(·I'f·foI'P, slllooth tl'ansit.ions l)('tw('(,11 l('glons aH' better clI('ode<l. The 

slIhj('d IW' qllality of t.he ohtained image is greater than that of memOl'yless VQ. but 

t.!w 1>1'01>1('111 of correct. reprC'sent.at.ion of cUl'ves and fine dctails like t.he eydashes 

1'(·llIilIllS. 

ln OId(·1' t.o I)('t,t,C'1' illllstrate tlu' subjective improvements of predictive mean VQ, 

wc' IH'('S('nt ill Fig\ll'(' 4.5 the rcsult.s obtained when using a smaller image as il training 

seqlwn("(' and ,1 codev('clOl's. The result obtained with memoryless VQ is very block)' 

sin('(' only ,1 diffC'f('nt vC'clors arC' used 1.0 reconst.ruct the image. The predictive VQ 

illlagt" ch'spih' looking disorganizcd, reproduces much more accurately the gradients 

élIl(1 sha(I(·s. 'l'II(' houndaries are also hetter defined even if the blockiness still exists. A 

pl'('dictiw s<'ll('lIl<', tlwl'cfol'e, lwlps 10 impl'Ove the subjective quality, by allowing the 

d('(·od(·1' tn gt'IH'l'at(' 11101'(' diffcl'cnt vectol's than the number of codevedors availa bIc 

in tilt' codc'book, \Vit.h the help of a context d('pcndent parallleter which in our case 

is t II<' Il}(,illl of Uu' pl'cviously transmittf'd block. 

PJ'('didi\'(' Il)('an VQ is a technique which ('nhances the performance of the coder 

hy 1'('llloving t,lH' mean information from the signal and allowing the quantizer to 

COllfl'ntntlt· 011 tht' l't'presentation of subjectively more import.ant features such as the 
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Figure 4.4: Pictun' Lerllla encoded with a MMSE pr<'di( tiVt, VQ IIsinp; il ('()d('h()o~ of ~:)(j 
codevectors. 

edges and the smooth shades. Subjcctivcly, llU' mw of a Il)('élll pr('dict IV(' Sc!lI'IIW i:-. 

advisable; a bette .. predictor structure can be rOllnd ill [17]. 

4.3 Finite State Vector Quantization 

4.3.1 Vector trellis quantization 

The vector trellis quantizer (VTQ) that wc implemented is a finitf' st.a\(· IllélChilW fOI 

which the next-state function is driven by a shift register. It uses t,1U' Vit,pr},i alp,orit.hlll 
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Figure 4.5: Set of pictures illustrating how a predictive scherne improves subjective per­
formanc(>. Th(> image on the left is the original. The center image is the decoded image 
obt.aiJl(·d with a MMSE rnemoryless VQ with 4 codevectors, and the image on the right is 
oht.ained with a MMSE predictive VQ with the same rate, 

fol' optimullI coding of vedo!' ~equcnces. The YTQ schcme includes memory in the 

('odPl' and Il('lps to rernove th(' rcdundancy that exists hetween neighboring vectors. 

Althollgh tlJis :,chelll<' docs not try to irnprove the subjective quality of th(' coded 

illlal~e, 1.11{' l'(·sldt.ing qllality is irnproved beeause of the existence of more vectors in 

t.h(' fod('hook than in a memoryless codebook with the sarne rate. In other words, 

VTQ is a "c\teap" way to inCl'ease the number of codevectors in the code book without 

ill('f('a,,,ing tlH' t.ransmission rate; howev(!r, the priee to pay is a complexity inc)"ease 

t.hat dep('nds on the number of stat('s. 

Figu('(' 4.6 shows a typical result obtained with a vedor trellis quantizer with 16 

states an(l )() t.ransitions pel' state. Til{' PSNR is 29.12dll. Although the block cffeet 

is still very vlsibl(', wc can S{'(' a definit.e impl'Ovement over that of Figure 4.3. 

4.3.2 Omniscient finite state vector quantization 

The OFSVQ coder has memory by virtue "f its states. The next-state function 

p('rforms a t.ask similal' to the mean pl'edictio'1 scheme. Because a transition go es to 

t,he st.at,t' which has a label closest to the last transmit.ted codcvector, the transit.ion 

gm's \.0 tilt' st.at(· whidl has the codebook containing the most codevectors of the 
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Figur~ 4.6: Image L('l1na encoded with a vertor tr('lIi~ qllallliz('1 will. Hi ~Ial('~ ,1IIe1 Ifi 
transItIOns per state. 

same average illtcIlsity as thc [U'xt input v('ctOI'. Thi~ killd of ~p('('iitlil:c1tioll of :-;tat('-

codebooks yields very good l'('s,lIts when the 11111111)('1' of :-.tat.('~ i~ hip,h. III fal'l., fol' il 

weIl bchaved image wh<'('(' rnost sllcce~siv(' VCct.OI~ ail' 111 t Il .. ~,tIJ1«' illt.('II!'>ity (,illlp''' alld 

the number of high contrast ('dges is small, t h('!'>( }I('IIJ(' 1)('1 fOIIll:-' \'l'I'V \Vf,11. Fi,!!,IIJ'(' ,I.ï 

shows the results obt,aillcd with 16 "tatf'S alld 1(; tra"!'>It.ioll~ pt'\' ~t.al(·. 

We can observe that the pieture quality is I1IlIeh IwH('1' th .. 11 !'hat. of V('clol' t.J'(·lli~ 

quantization and is close to that of mcmol'ykss vector <jualltil:atioll with 1!)(i V(·dol':'. 

The PSNR is 29.63dB, 2dB less than the rncrnoryless VQ 1){~l'forrl\(t1\(·(· havillg dou"l(' 
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Figure 4.7: Image Lenna encoded with an omniscient finite state vector quantizer with 16 
stat<,s and If) transitions per state. 

the rate. Notice that the OFSVQ has the same overall number of codevectors in tlw 

cod('hook titan t.he mernoryless VQ, but transmits at half the bit rate. To achieve 

t.his withollt. l'(lducing the qllality is a great accomplishment that demonstrates t ... ' 

IIsf'fult)('ss of spatial redundancy rf'moval with finite state vector quantization. 

The choÎc{' of the Humber of states and the number of transitions pel' state 18 

a tmdeoff l)('tw(,(,11 ('omplexity and transmission rate. Further, if the sizf' of the 

('odebook is restrid,ed Lo il (,NLaiIl IIumber of codevectors. e.g., 256, as in the prl'vious 

t.est.. t hen the tradeoff hecomcs one of choosing enough states to get sufficient memol'y 
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into the coder and enough transitions to providf' code\'ectors ",it Il (.<lg(' infOJ lIIat iOIl 

and to allow the ncxt-stat.f' function to hC' compl<'t(' in t.1lt' s('nst' thal any si ait' ("ail 

bc acccsscd within a fcw transitions. Th(, lattf'r condit.ion IU'lw, II\(' d('I.I.n·d d('cisioll 

algorithm and the Viterbi rllgorit.hm 1.0 \"('dw(' 1 II(' long t('I"III distort.ioll, 

The results obtaincd with the it(,l'c1tiv('Olllllbcicllt fillite, st.II .. \'('dol' «1l.1I1Iiz<llioll 

(IOFSVQ) wit.h 16 statC's and l() t.ransitions p('r st. .. If's , cll(' ollly \lI",,!!,ill(lIl~' I)(,t t('1 

than t hosl' of 0 FSVQ; how('\,('I', t.!w perfOI'lJHIIH'(' i 1I('t'('<I~(,S ,IS t II(' 1.1 t io of t 1 \(' 11111111)('1' 

of transitions 10 111(' lIurnl)(,l'of~t,élt('~ d('( !('rlSCS, III Ihis C,I:->(', il Iw(ollH's Illon' plo"éI"l .. 

to have statf'~ which an' l1('vcr l'eadl('d by clll," ~Iat(' ll'all~ili()lI~ ,111(1 ""'. Ilu'l'dol(', 

unused; t.he same can he truC' of som(' trallsiti()l1~ ('xit.ing 1'1011\ il Ilot \l1't.(·I' IIS('cI stalt·, 

This fad l'l'duces the f'fIIeif'ncy of the (OdN éll\(! SOIlI(' sdlt'lIlC' bas to II(' d('sigw'd 

in order 1,0 correct the sit.uation, The IOFSVQ, I)('(,<III~(' il IIpdat('s t II(' sl.,II(' 1,,1)('1 

codebook and the state-transition fune t.ion, is I('ss 1'1'011(' to 1 hi" killd of plol)I(,IlI~. 

although !.ometimes the very fact that il. challg('~ the' s1.<lII'-1,1 ,lllsitioll \',1"11' nlll ('J'l'illc' 

a sirnilar eff('ct. The mcthûd that w(' lIS(' 1,0 COI'I'('c! thl' ~ituat 1011 i~ to J'('i"it i;diz(' ;111 

unuscd codevectol' to the codevector origillating 1'1'011' UlP Sill)\(' ~t atc' I.h,.t WcI~ 1I~('r1 

by the most input vectol'S, ln the case that ail the cod('vc'c \.01 ~ 01 igillill.illg 1'1'011' il 

state are unused (unused statc), Wf' reillltializ(· Ill(' (od('v('do)~ 10 IIIO~(' or II\(' I\I()~I 

used state. This mcthod of tell solvl's th(' ploblc'III, bill do('~ il, III illI i"luillVf' wily ,llld 

does not consider the total distortion a('clIlI1ld,üpd by ",wh ~t ,Lf.c· 01 Il)(' "t ,II,c' wl,idl 

introduces the mûst suhjeetive di::;tortioll. III fad, lI\uch Il IOI'C , IIl1d('J~I,tlldi,,1!, of III(' 

next-state function process is rcquil'cd ÎII ol'der to makI' good choie ('~, ('~IH·(,j,dly wllC'lI 

the algorithm is using delaycd dccoding. 
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4.4 Subjective Coding 

Wc regroup in t.his sect.ion ail of the techniques that were designed with a subjective 

crit.erion, nallldy tlw luminance companding and the new distortion measure. The 

discussions of the t.est cas!'s arc, for t.he most part, qualitative, and use subjective 

('valuat.ions of 1.11(' mtire image as weil as of specifie image features. The cornparisons 

arc' has('d 011 wha!. cOl1ld 1)(' seell on scrccn, i)ut, unfort.unately, it. will sornetirnes be 

difficllit 1.0 s('(' t.!w differellceR on t.he printed copies. 

4.4.1 Edge weighted quadratic distortion measure 

The ('dgp w('ightf'<I <juadratic dist.ort.ion rneasure aims at irnproving t.he definition of 

t.!1(' ('clges. II. d()('1'1 so fairly weil, but sometimes al. the expense of another repro-

dll("('<1 dlaract('risl.lc. III t he' discussion of the following images, wc conccntrate on the 

r<'prodlld,ioll of ('<lg('S and will discuss the overall effect. in a Iater section. 

Thp lC'prodll'·t.ioll of ('dges in hi~h quality images is difficuit to discuss, although 

the ('lfpd.s CcUl 1)(' ohsprv<'<1 by t!Jc viewer; thcrefore, we prese II. results with a greater 

\ isihl(' coml)J'('ssioll and that show net improvemcnts over edge definition. Figure 4.8 

shows t 1)(' image' of 1.('1111(\ ('lIcod('d with memoryless vector quantization with 16 

v('dors <tnd lISillg t ht' weighted distortion measure. This figure can be cOlllpared 

with FigUl(' I.:l. II. is eélsily ohserH'd thal. the edges of tllf' hat, part.icularly those 

al. Ut(' hack, ,11'(' 1ll11ch I)('tl('r d<'fined whcn using our proposed distortion meaSl1l'e. 

Th(, <f('fillitioll of the fcatl}('rs is also increased. Further, the eyc regions are more 

visible using t.he npw I1wthod; however, the slllooth gradients are Ilot reproduced as 

weI! as in tllC' 1'It.cllHlard method. This is a result of pushing the codevectors towal'ds 

('dg(\s and, sillct' t lU' totcll Humber of codevectors is the same, of rernoving attention 

, 
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Figure 4.8: Image Lenna encoded with a IIlcrnorylc:.s VQ IIsill1!; J() ('o<l('v('('toJ':' and llt4-
new edge weighted distortion measure 

on the flatter areas. This action is consistent. wit.h the' hyp()t.hesi~ w(' lIIad(· t.hat. 

edges are subjectively more impGrtant t.hall COIlHt.ant cU'paH, III 01.\)('1' words, ('WIl if 

the results of qualltization are morc visible ill tbc' suhj('ctiv(' illla~(', il, still wOllld 1)1' 

easier to find from the latter if Lenna is C1yillg, smiling, or ('xpJ'c'ssill~ sarca:'llI, thall 

from a memoryless mcan squared-error image. III t.his ~I.'IIS(" t!lP subj('rI iw VQ illlcipp 

contains more information and is, thcl'cforc, considcl't!d 1,0 bc! of bC'Hc'r qllality. 

ln order to more clearly see that the proposed met.hod l'('ally i IIcrc'a~c'~ tlH' edg(' 

content of the codebook, we di"play the respective codehooks in FigllJ'('s lU) (HuI 1.1 O. 
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III t.11<'s(· figlll'e~, (~ach 1 x 1 codevcdol' is magnified four t.imcs in each direction. The 

srnallest vÎ~Îhl(· squan's repr('scnt one pixel. While there arc only Iwo eodevedors 

colltaillÎlIg disl.illd ('dg('s ill the' standard codehook, therc are as many as Si.T in the 

slIbj(·(:t.Îve· cod(·hook. This is a 'Iramat.ie incf('ase, cOllsidering that. thel'e arc only 16 

('od('v<~('tol's i Il t.ot.al. Fol' lal'g('r ('odcbooks, thp ratio of edge vectol's to the total num­

!Jc'" of vcct.OI' i:. about. 1/·1 fol' the MMSE codehook and about 1/3 fol' t.he subjective 

coc!pl)()ok. VI/(' CcUl, t.hl'l'dore, affirm that an edge weightf'd distortion measut'f' can 

il1lprov(' t.he ('<lge' cOlltent of a rnemoryless VQ eodebook. 

Figure 4.9: Codebook of a memoryless VQ using 16 codevectors optimized on the image 
of L<'JI na.. 

Figure 4.10: ('odehook of a memoryless VQ using l6 corle, ~tors and the cdge weighted 
dist.ortion 1l\('ilhIlIP, optimi,wd on thC' image of Lenna. 

Sill(,(' ('od(·hooks wit h higlwl' edge contents permit the reduction of the block effect. 

and t.hat visihilit.y of titis ('ff('ct is dil'C'ct.ly related to the dimension of the ved,ors, wC' 

rtt.telllptcd to lise cl lalgt'I' hlock vC'etor size to see how the edge distortion measure 

wO\lld p('l'fOI'lI1 111 \'('ry difficult conditions. In Figure 4.11, the image is encoded with 

\(i rod('\'('clol's of () x 6 pixels. We obtain an image in which the block effect is 
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cxtrenU'ly visible. Th<, cOc\f'book of such .\11 {'IICO<!('\, is :.howll ill }·'ip,III·{' t.l 2. 'l'hl' 

edge content of tht' code book is now v{'ry lo\\". 'l'hi:. is dllt' 10 Il\(' 1.1\~(, 1I111ll1)('1' 01 

differcnt input vcctors, varying i Il lllllli lIanc(' adi vi 1 ~', i Il ('dp,(' IlI'ip,ht il Ild cl i l'C'cl iOIl 

and in luminance lcv<,l, thal <,ach codcvcctol IlIllsI J'('I)J·('~;wllt. Thi:-. :'1I~p,(':.b 1 h.I' 

the proposed disto\'tion II1caS\I\,(' is good a t ('II ha lIei Il!!; l,dg!' i IIfol'lllctl iOIl flOm .~/II/ll(/,. 

vectors, but cannot do 80 when tlH'Y are Illon' di:.p.Il'ctl,('. WI' l'X pl '<'1 , t 1\(,11, t !t.1t 

this distort.ion nWilr,Ul"C wOllld \vork w('\l wit.hin 1 II(' fl'cllll('\\'ork of (la~:.ilil,d \'('clOI 

quantizatioll. 

Figure 4.11: Image Lerma encoded with a. memorylef>s VQ lI~illg J(j :W-dilllPIlf>iollal ('od,.· 
vectors and the new edge weighted distortion meaf>lIle. 
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Figure 4.12: Cod('book of a mcmoryless VQ using 16 36-dimcnsional cod('vcctors and 111(' 
IIPW ('dgf' w('ight('(l distortion rnf'asurc optimiz('d 011 th(> image of Lcnlla, 

4.4.2 Luminance to brightness companding 

Bright.l)(,s~ (>(·l'cppt.ioll is t.he proc('s~ which det.(>rmincs III<' l'pla ti ve brightlJ('s~ of ob-

.i('ct.~, As W<tS showlI ill SPct iOIl t 1, the luminancc comillg [rom obj('ct s into our ('Y('fl 

g<'l.s ('olllpalld('d so that sC'veral ord('rs of magnitud<, of luminanc(' ran be perceived 

alld ))IO(,(·S:-,(·<I hy t h(' brain. The ('ff('d of t]l<' companding is that we beconw lesr. 

s('lIsil ive' 1.0 IlllllinaIH'(' challg('s al high background luminances. and more sell~iti\'e 1.0 

tlu' Selllle' 1 ullli lia 11("(' challg<,:-, al, a 10w('1' nominal lumillauce, By applying to illlages 

a Silllilell ('olllpandillg as t.he ollr occlIITing in tllC' hlllllan \'i~ual system. w(' at tempt. 

10 fOI(,(' Ill(' l'od{·hook gell('rat.ion algorithm 1.0 COlIC('lltlate on subjcetivcly important 

i Il t.(·uslt.y ra Ilg('S 

Fig\ll'(' ,1. \:\ shows 1 he image' of Lenna encoded with intensity companding with 

a (),I cod('vpcf,or 1IJ('llloryless VQ, The difference with the referencc imagc of 111em-

()ryk~s MI\ISE VQ is very small. The IIcwly obtained image has slight.ly smoother 

COI\t.our~ and fillt' gradient.s are 1ill1oothcr as weil. The cornpanding has two effects: 

il, r('<!I1("('s 1 h(' dyllamie range of t.he input intensities, allowing the VQ to leprescnt 

1.11<' average illle'nsit ie's with f('\\'('r \'('cton, and 1.0 inCl'case slightly the edge act.ivity of 

the' cod('\,('cf,ors, and, silice the l'xpanding function magnifies the differences between 

hrip,htll(,ss "<tIIl(,s, the' medium gradient. arcas of the image look slightly smoother, i.e., 
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Figure 4.13: Image of !'enna enrodcd with a M MSE IllPltlOfyl('!-ls VQ wit Il (;·1 mdf'VP("tOl'h 
optimized on brightness companded input illtpn!-'iti(l~ 

t.he quantization cffect is 1('58 visihle. This CcUI 1)(· ob!.('rv('<! l'tOIll Fi)!,\lt'(·:-. ·1.1,1 illld ,LI;) 

which repl'csent the cod(·books (higlH'd on t IH' (·Olllpélll<h·d pict.lll'l· iLnd t.!J(' original 

pictul'C of Lerma, resp(~cti\'ely. Whil(, t.!u·f'(· an' '.1>1>' oxifllat(-I,v t lu' sallu' nlll11lH'r of 

codevcctors in hoth co<lcbooks for the low int('llsitips, t.lf(' 1l1l1111)('1' of .">lIb.i(·(·tiV<'ly 

similar codevedors in the high intensity \'('gioll is le:-.s ill "hl' hflgh1.Il(,~s ('olllpan(kd 

codebook. 
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Figure 4.14: Codebook of a MM~E memoryless VQ \Vith 64 codevcctors and brightncss 
rompallding optillliz<,d on the image of Lenlla. 
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Figure 4.15: Codcbook of iL MMS F: IlIrllloryl(,i>~ VQ wit Il (),I codl'vf'ctort> optilllÏzf'd 011 t 1If' 
image of Lenna. 
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4.4.3 Edge weighted brightness companded encoding 

III t.his S(·<t.ion, W(' ~how t.l\{' f'ff('ct obtainC'd by combining two methods for subjective 

('Iu'oding, t1J(' C'dg(' w('ightt'd <juadratic di~tortion mea8Urf' and brightncss companding. 

TIH' 1(·SIlI1.8 oht aill<'d when clI('oding the image of LClma with th('8C' rnethods fol' f,cvcral 

('()dillg ral.f'S is sIJoWII in Tabl(' '1.:1. The PSNH dt taillcd by t.hi~ coder arC' again lowel' 

I.IIall I.IIos(· of t Iw MMSE cud(·I', huI. the ~ubjcctiv(' quality of the r<'1mltant illlag<'s is 

IwH"r. 

No. ("od('V('( t.OI'S Hate Mean Var iallc(' MSE PSNR 
original 8 12·1.28 2~9G . .j 

2 0.0625 117.87 1179.6 879.99 18.69 
,1 0.12.')0 120.6·1 1772.:3 376.1:J 22.38 
8 0.1875 122.01 2011 .. 5 218.72 2·1.73 

f---
16 0.2.100 122..16 21:14.9 1.55.4.5 26.21 
~J2 0.:3125 122 .. 51 2177.:J 116.38 27.47 
().I 0.~n.50 122.:37 2201.1 90.61 28.56 
12~ 0.·1:37.5 122.56 2228.6 70.0.5 29.68 
25() 0.5000 122.50 2251.0 5.5.84 30.66 

-

Table 4.3: n('~ultr, for I.h(' pl\('oding of tlH' image LC'llI1é1 with t.he edge weightcd distortion 
IIWé\SlIr(' and bri~htll{,l'>s (,OllllhtIHling. 

Figure ,1.1fi shows t.h(' ('od<'<1 image with 6,1 codevcctol's. It can be ob~nl'ved t.hat 

t.ht' edg('H aJ'(' h('Uer defilwc! alld suffer mu ch less dist.ortion from the blocking effect, 

hOW('V<'I-. t IH' suhjcct.i\·(' ITlcthods tend to artificially increase the contl'ast of the image 

so t.hat. the qualltization effcd is more visible around smoother areas of the image. 

Also, tlw lIH'thod introduces impulsive noise around shal'f> edgcs, but this type of 

Iloise is 1llu('h less étlllloying to the human viewf'r than the blocking effect, because of 

t.he contrast s<'llsitivity CUI'ves of the human visua.l system. Overall, the subjectively 
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encoded imag~ is of beUcr qualit.y ('ven if it. inlroduc,'s yisihh' sid(' df(·rts. sill("(' t'!t'Sl' 

effects create subjectively smaller impairll\(,llts t.han l\'ll\lSF (·nmdillg. 

Figure 4.16: Image Lenna encoded with the edge w('i~hh'd dh.tortioll II\l'ilhllJ'(' lI~ill~ fi 1 
codevectors and brightness companding 

4.5 Subjective Omniscient FSVQ 

In this section, we present results obtaincd whetl cornbi Il i IIg the' 1II0st su("e('ssflll 1111'111-

ory encoding tecbnique with the subjective ones. Doing so, w(~ also ('XP('J'ÏIIJ('llt wit.h 

how the proposed subjective schemes cali be incorporated ill all(·ady ('xi~tillg VQ 

coding techniqu(-~s. 
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Figure 4.17: Image Lenna encoded with the edge weighted distortion measure and bright­
uess t"ompandillg lI!>illg olllni!lcient finite state vector quantization with 16 states and 16 
transitions I)('r !>iate. 

The 111081. SI\('("('ssful coding technique wit.h meIDory that we discuss('d is that of 

OllllliscÎ('II1. fillit(, slat.p vcctOl quantization. We designed a coder with 16 states. 16 

t.rntlsitlOlIs P<'I' st.al(" and lIsing both the edge weight.ed quadratic distortion measure 

and IUllIillé\ll<'(' ('ompanding. The decoded image is showlI in Figure -1.17. It CUI! 

hl' obs('rv{'d t.hat edges are better defined by the us(' of the edge weighted distortion 

lIH'asll\'('. 'l'h<' cOIlt.rast of t.he decoded image is also increased OVPl' that of memoryless 

Ml\ISE VQ with 256 codf'vectors; however, in sorne regions, such as the shoulder and 
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the top of the hat, the contrast incl'eéls<, is too lal'g(' and Ih(' qllHlItizat iOIl (·If(·(·, is 

more visible. Thcre is also some impulsive 1Ioise twar edg('s. hlll. ,11Is dt'!!.rad'll iOIl 

Îs less annoying than th<, blocking l'ffed. O\'('rall, t1H' tH'\\' I('chniqll(' illlprm'c's 'Ill' 

reproduct.ioll quality of ('dg<'s and contolll's, but r('I)I'('s('IIt.s SlIIoot Il an',IS ill il mat "'('(' 

way than more standard techlliques. Furtlwl' n's('(\I'Ch itl I.his an'iI shol\ld, 111I'J'('fOl(', 

concentratc on a schelllc which is ahl(· to ~)('rf()l'lll as weil clS l\1l\tSE III ~lI\olll Il ,HC',IS 

and as weil as the suhjedive quadrat.ic distortion IIlPélStlft' 011 .. dW's. \V(' f('('llhat il 

predictive subjective class:fic'd VQ scI)(,IIl(' wOIII<l POSS('SS t.llI' 1'C'(JlIÎI('d \"C'I s,dllily ,Illd 

capahility to rpalize such a goal. 
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Chapter 5 

CONCLUSION 

'l'II(' main goal of this rcs{'arch has bcen 1.0 experiment on low bit rate image coding 

:;ch('nH'S, lI:}ing V<'ctor quantization and aUempting to increasc the subjective qllality 

of 1.1)(' d('rod('c1 image'. 

5.1 Summary of Work 

'l'he prohle'JIl of low hit rate' image coding was studied in two distinct steps: the 

I><'l'formélnce' and short('oming:; of sta1ldard veetol' quantizatioll techniques proposed 

in the' lit.('raturt' was disclIsscd. and subjective mcthods aimcd at eliminating the 

:;hortcollling:; of 1,1)(' forn)('r t ('chniqlles we're d('velopcd and <,xamined. Discussions 

of the qualily of Il)(' ('0(\('<\ pictllI'(,s, for cach of the pre'sent(·d coding schellle:;, wen' 

provid('d along wilh ~01IJ(' insights on the l'equired codt'book features and the relati\'t, 

illlport.allC<' of 1 II(' oht.ain('d improvements and impairments. 

Th(' design ü'chnique of a I11cmorylcss vcetor qllantizcr \Vas explaincd in det.ail, 

and a new (t.o image' coding applications) quadratic dist.ortion measure with adapt.a­

tion 1.0 the input. vcetol' capability was proposed. For codebook design, the variation 

82 
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of the LBG algorit.hm pcrt.il\{'llt. to this distortion llH'aSlllt' \\'as plt'~I'IlIl'tl. :\ cla:,:,i­

cal distortion meaS\II"e, the sq Il (\1'<'d-('J'I'or , was 1lsec! t 0 t'II code 11ll,Ip,CS wh ich h,'ca 1I1t' 

bcnchmarks for the ell!>uing research, The CillI:,('S of ils lIIa;ol' :,ollr('(' of "1:,1 url 1011. 

the blocking erfC'ct, w('re diSCllSl-wd, It was shoWII t Il,t! lIIillillllllll 111<'<111 :,qll,\lt'''-I'rrol 

vector quantizcrs optimi/'(· 1 he l't'pl od1ld ion <Iua 1 i t.y of IIJ(' 111(',111 of t I\(' 11\ pli l "('<'1 or:, 

and do not cOllsider subjcdiv('ly IllOI'C import.ant [pat III'I'S SlId, a:. ('d1!,(':' alld (OlltoUI':'. 

A subject.i\'(' distort.ion 1II('aSIII'(' was pl'Opo:,('d ill Il]1' rOI III or éllI (·d~(· \\'l'i~hfcocl 

quadratic dl~tortion Il]('a~lII(, lt WdS :,ho"," !h<ll ~1I1 li cl di~torli()11 11I1'a:'IIII' (',III illl­

prov(' th(' failllr1l! reproduct.ion of (·dg('s. bill ,11:'0 1III.IOdll(,(·:' olIH'1 :'11111'1 (':, of di", 

t.ortions; hO\\'('\'('I', tl\('~(' dd.niorat.ions, lik(· ('d~l' alld :'1\lOot Il /!,l'ildil'1I1 lIoisilH':'S. il\l' 

subjectivcly \eSS objectiollélhlc t.hall 1 h(' blockillp, dfl'( t, Also, ha:,l'.! 011 1 III' ''l'i~hl 111':''' 

perception pro('css of t.11f' hlllll<11I \'isual sY:-'\,('IlI. a SI III plI' I>ll'flll ('1 illp, I)f 1 II{' illlHl1 Illlr',!!,{' 

t.o account fol' 1 Il<' luminanc(' (,olllpallding dOIl(' by IIH' phol o\l'('('pl 01:' Wtl:, pl'Opo:,(·(\. 

This mcthod hclp~ \0 l'<'PI0(\\I('(' beUcr sillool 11 ~r(ldi(,!lI:, in t Iw hip,h IIlI ('Il:,ÎI y 1 rlll~l' 

and <locs not significélntly afr('ct t.he P('l fOI IIIHIJ«' of th!' «)dl'I' 011 ('rlP,(' alld ,IWlap,(' 

1 urninance n'prod uct.iolt. 'l'Il(' comhlll(\I. ion of lI\('sl' t \Vu SlI b j(.( 1,1 V(' 1I11'tliods 1 ('!-III It."i i Il 

a technique that call be appli('d t.o 11101(' (olJlpl('x V('( lOI qll'llltiZ,lIlol1 :,( !t1'11\(,!-I, 

Since typical l't'al wOl'ld imag('ry cOlltain:, 10Ilsid(·I,ll>l(· spalial 1 ('" Il Il <1<1 Il ('y, V('(­

tor quantizcl's utilizing this PIOP('1 ty W(,\(, !>n'!>('lll<'d PII·di< t.iV!' \'(·('1,01' qll<llltizal iOIl 

schernes were l)l'cscnt<'d a:, cl sillliJlp f('<,dback Ic·chlliqll(· \'0 \,('IJ\OV(' U){' (!)rJ'(·I,d,ioll 1)(' 

tween input vccton" A vCl'y simpl(' 111<'<-111 p\'edic t.ive :,dw\ll<' Wei:' lIs!'t! 10 :,llow IIIf' 

possible irnpl'Ovclllents that ('an he obtail\(·d \Vith this t.c'chllic!1l<' Fi!'!it., 1)('( ,IIIS(' of 

the use of the predicted Illcan by the' d(·('()(kl', ~('V<'ral di rf('«'nt 011 t.pll 1. v('cI ()l'~ ('rI Il 

be constructcd with il. single codcvector, thus illlplovill1!; tll(' l'odill,l!, qUillit.y ill. V<'l'y 

low bit rates, At highcr bit rates, this cfrect is Ipss llot.Îc·(·abk, S('(,olld, 1)('('(lIIM' of 



1 

(,'/IAP'J'EIl 5. CONCIJUSION 84 

HI(' 1)f(·dÎct,('d Jrl('(U1 r<'rnoval, th(' input vectors, if the prediction values arc good, arc 

norlllalized 1.0 qllasi-z('ro rncéln Vf'ctors. These transformed vectors retain the edge 

content of t11(' ol'igillal vector, but not the spatial rcdundancy. The codebook opti-

rniz('d 011 s\lch t r'lining s('qllf'nces concentrates more on edge featmes th an on average 

Întensitj(·s. 

Also, two linit(· statc vedor quantizat.ion techniques were devcloped as anot.hel' 

Il}('alls in which 1,0 add nwmory to the coder. The first. technique was a veetor trellis 

f'tlCodi IIg :-'YSt.<'1l1 Il:-.i ng a sh i ft 1 ('gister to govern th!' l\('xt-state functioll. Yector t 1'(·11 if., 

qllantizat.ioll \VilS ~hown 10 providf' :-,igniftcant coding illlpl'OVen1cnts ovel' IlWIllOl'yless 

vcdor qll<lllt.i:t.ilt.ion at ('qllal transmission rates. This gain in p<,rformaIlce is obtained 

at. 1,11<' ('XIH'lIh(' of incn'élsed cOlllplf'xity. The second technique is that of omniscicnt 

nllite statp v('ct.ol' qll<llJti:t.atiolJ, where the next-statc funct.ion and the state codebooks 

are (ksiglJed j,o opt IIni:t.(· t Il<' Illatch between an input v!'ctor and t.he codevectors 

cOlltailll'd in 1.\)(' st.at(· codehook, choscn according to past tl'aIlsmitted reproduction 

v<'dors. For 0111' test images, this methods yiclds thp l)('st performance of ail codillg 

sd)(,ll](,s \Vit.h Ilwlllory. The combination of cooers with IlIcmory \Vith the proposed 

suhj(·('t,ivc S( h('lIlcs yicldcd good quality images aL very low bit l'aLes. 

5.2 Future Work 

'l'Il<' Pl'Opos(·d quadratic di~üortioll measure can be tailol'cd to many applications. 

In t.his t.h('sis, we chose t.o empha..,ize edges to increase the subjcctive information 

ronte'nt. of t 11(' coded illlages. but it is possible 1.0 design a weighting matrix l'Vil 

wit.h élllot.lwr crit.('rioll. For example, a more complex visual model could be used 1.0 

d('sign a dist.ort.ion nwasl\I'P !'hat possibly could span a larger al'ca and accollut fol' 
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the brightness const.ancy phcnolllcnon. 

Although the distol tion lll<.'élS\lI'C is cl'1lcial 1.0 t11l' d<'sigll of il !!,ood qllalil~ l mll'­

book, classification of vedo\'s into a set of sub,Ï<'ctiV<'ly difrC'J'('nt t l'aillill!!, S('qll<'ll('('~ 

can also play a primordial l'ole. For this rcason, t.he d('sign of cl classifit'd \'('clor qll,lI\­

tizcr with subjective clélssrs hélscd on the low It'vc! proc('ssill!!, of t.ht' IIIIIlIall \'islI(d 

system and with ét propc\' dist.ortion Il1CclSU\'l' fol' caeh class, (0111<1 ~ i('ld illl('\'('st ill~ 

results, AIso, a hierarchieal vC'cto\' qtlélntiz('r Cdll \,(' illcllldc'd in t 1\1' ahm'c' cla'l~ifi('d 

vector quantize\', allowing fo\' greatf'1' flcxihilIl.y in !lotI! t.\'élIlSlllissioll rat.(' ,,"d ('Odlllp, 

performance, 

The generation of a good quality codehook l'<'IlIi\IIlS t.!w 1ll0sI. impu\'! il III, fa('lor 

in any vectol' quantization tc'chniquc. Beeétusc the 1l('éll'C'St.-IWighhol' codl'!>ook d"sip,1I 

algorithm presentf'd in [2.5] gi\'es llIuch mo\'c f\'eedolll dlll'illg t!w cOlIst.rllct.ioll of t III' 

codebook than thr LBG alp;orithl1J, il. Célll hc t1s('d to collt.rol 1.11<' 11111111)('1 of md('vI'I'­

tors necded to properly cncode a training ~('qlH'Il(,(" Fu l' tlH'1'1Il0 1 C', sill< C' t.h" !l1'fI!'!',,1 

neighbors could br ma.tched with a complC'x sllbjc'cl,ivp dist.ancc' IIICélSlln', t.lti:-- aigu 

rithm can be applif'J fol' the design of classifit'd vecf.ol' qlliU\t.i~at,i()1I with plOlllisillg 

rcsults, 

The quadratic distortion rneélSl\rC cali he> dC've!oped for t.he prc'vi~lIa Ii~('d vc'dor 

quant.izer of [28]. Sinc(' this vcctor quant.izcr opcral.C's in a t.1'<tnsforlll dOlllaill whi('h is 

representative of the visual signal inpllt to tlte bl'élill, il is appropria!.!' 1 Cl II~(' allol 1)('1 

distortion measUl'C than the sqUélI'Cd-C'ITOI'. Along tlw ~all\C' IiI\(' of t.hollgIJl" tlw <'I('c'( t. 

of an invert.ible prcfiltering operation whjeh wOIlIe! 'i1llC'cll' higlt frpqll(,IJ(',v ('OIIlI'0I)('lIls 

of the images (sin('c low and middk frcqlwllcy ('OmpollC'llts arc' pa:--ily \('prodl\( ('cl hy 

vedor quantizers) can be studied. Snch il tr,trISfUrlililt.ioll wOllld IlIélp 1.1)(' Il\lIIillélllC'C' 

domain onto a domain suitable fol' near distol t.iolllc~ss vedol qllitll t,i~itt.ioll, alld sltoll Id 

-
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be very robust to quantizat.ion noise. Furth('l', ét post.filt,et' ciln hl' u:;('d a\. \'('t'y low 

bit rates, when the blocking eff('ct, app('ars in imag<' an'as wit.h Ilwdiulll rélng(' "iswd 

activity. The post flltet' would he similal' to a sigma-lilt,(,I', which is ail a\'I'l'a!!,ill,l!, 

fllter over a small window fol' pixels lying in il similcll' inl.('llsit.y 1',1Il!!,1'. This nltl'I' 

maintains very good edge qua 1 i t.y and pl'ovidps élV('l'clgi IIg 1.0 \'('1110\'(' sllla li a III pl i t.ucll' 

noise. In this case, the sigma-filter would fus(' t.lw houlldari('s 1)('1.\\'('('1\ t,wo V(·('tors 

which are part of the same l'egion, 80 t.ha!. th(' t.ransit.ion h,'j,w('('11 t.!\(' t.wo v('dors 

becomes smoother. Snch filterillg r('lllovcs SOIl1(' of 1.11<' advI'J:,I' l'f('(·('ts of ''l'IY lo\\' hit 

rate image coding. 
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