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ABSTRACT

We proposea wavelet imagecodingschemeusingrate-distortion
adaptivetree-structuredresidualvectorquantization.Wavelettrans-
form coefficient coding is basedon the pyramid hierarchy(ze-
rotree),but ratherthandeterminingthezerotreerelationfrom the
coarsestsubbandto the finest by hard thresholding,the predic-
tion in ourschemeis achievedby rate-distortionoptimizationwith
adaptive vectorquantizationon the wavelet coefficientsfrom the
finestsubbandto thecoarsest.Theproposedmethodinvolvesonly
integer operationsand can be implementedwith very low com-
putationalcomplexity. The preliminaryexperimentshave shown
someencouragingresults: a PSNRof 30.93 dB is obtainedat
0.174bppon thetestimageLENA (

�������������
).

1. INTRODUCTION

With theboomin multi-mediacommunicationbroughton by the
InternetandtheWorld-Wide-Web(WWW), imagedatacompres-
sion hasbecomean importantelementin reducingtransmission
time for digital imagery. One of the many compressionmeth-
odswhich hasdrawn considerableattentionin the literatureand
in standardsbodiesis compressionbasedon theDiscreteWavelet
Transform(DWT).

Thewavelettransformtakesadvantageof joint time-frequency
locality. In other words, wavelet transformcoefficients in each
subbandcontainnotonly frequency informationbut alsospatialin-
formation.Thespatialinformationin eachsubbandleadsto some
interband relationships[1], whichcanbeexploitedto improve the
introband coding.Oneexampleis thepopularEmbeddedZerotree
of Waveletcoefficient (EZW) algorithmproposedby Shapiro[2].
TheEZW algorithmusesan insignificancepredictionbasedon a
tree-structurecalleda zerotree. The insignificancepredictionof
thezerotreeis basedon theobservation thatDWT coefficientsof
a zerotreeat different levels in the pyramid hierarchyarerelated
to a samespatialareain the original image. If a coefficient at
lowerbandis insignificantwith respectto agiventhreshold,it will
bereasonableto predictthatall its descendantcoefficientsarein-
significantaswell.

Vector quantization(VQ) is a lossy compressiontechnique
that quantizesseveral samplessimultaneously. VQ takesadvan-
tageof statisticaldependenciesamongthe samplesin a vector.
Althoughwavelet transformremovesmuchof thecorrelationbe-
tweenimagesamples,high-orderstatisticaldependenciesmaystill
exist within or acrosssubbandcoefficients.
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ResidualVQ (RVQ) andTree-structuredVQ (TSVQ)arelow-
complexity VQ schemeswith good rate-distortionperformance
[3]. Both of themprovide successive approximationof thesource
or variable rate compression. Several researchershave applied
RVQ, TSVQ or Tree-structuredresidualVQ (TRVQ), alsoknown
asmulti-stagetreeVQ, on the wavelet coefficients in their com-
pressionmethods.Cossmanet al. examinedthevariable-ratebi-
nary TSVQ on the wavelet coefficientswith zerotrees[4]. They
extendedthezerotreethresholdingby rate-distortiontrade-offs. In
theirimprovedversion[5], they appliedTRVQ andclaimedsimilar
results.JayashreeKarlekaret al. appliedRVQ on thefiner levels
of thepyramidhierarchywhile still usingEZW onthecoarserlev-
els [6]. Hamid Jafarkhaniet al. employed a hierarchicalpruned
tree-structuredvectorquantizer(PTSVQ)on wavelet coefficients
[7]. They also testedthe effect of non-squareselectionof vec-
tor shapesandconcludedthat thevectorquantizerwith rectangu-
lar vectorshapesalongtheorientationsof waveletdecomposition
outperformsthatwith uniformsquarevectorshapes.

In this paper, we proposean improved wavelet imagecod-
ing methodusingTRVQ basedon rate-distortionoptimizationof
zerotree-likehierarchy. In section2 wedescribethealgorithmand
presentresultsandconclusionsin section3.

2. IMAGE ENCODING ALGORITHM

2.1. Overview

In our proposedscheme,the input imageis first transformedinto
waveletdomainby thetwo-dimensionalseparableoctave decom-
position which leadsto a pyramid hierarchy. The top low-low
subbandis codedlosslesslyby a simpleDPCM-Huffman coder.
The othersubbandsarevectorquantizedbasedon a zerotreein-
significanceprediction.Only thosesignificantvectorsareactually
VQ coded.Thesymbolsof thesignificancemapareembeddedin
VQ headers.A rate-distortiontrade-off is appliedinsteadof hard
thresholding.Theflow graphof thisalgorithmis shown in Fig. 1.

2.2. Wavelet transform

Toallow modelingof fastcomputationandcompatibilitywith hard-
wareimplementations,we adoptedthe integer wavelet transform
definedby Daubechies’9-7filter pairwith lifting scheme[8]. The
analysislow-passfilter has� taps,andtheanalysishigh-passfilter
has 	 taps.Both theanalysisandsynthesishigh-passfiltershave4
vanishingmoments.Therefore,it providesgoodsmoothnesswith
moderatefilter lengths.Its symmetricpropertyallowssimpleedge
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Figure1: Flow graphof theproposedimagecodingalgorithm.

treatment.Furthermore,it canbeimplementedto produceinteger
coefficientswhile still providing perfectreconstruction[9].

A two-dimensionaloctaveDWT compositionof animagewill
generatea pyramidhierarchyasFig. 2, wheretheinter-bandrela-
tions arealso illustrated. Note that the HL subbandsemphasize
morehorizontaldetails,theLH subbandsstressmorevertical in-
formation,andtheHH subbandsgivemoreof thediagonaldetails
of the image.In our proposedscheme,a 4-level two-dimensional
DWT is applied.

2.3. Lossless coding of the Top Low-Low subband

Generally, mostof theenergy of imagesstaysin thelow-frequency
band.After waveletdecomposition,thetop low-low subbandcon-
tainsthelow-frequency coefficientsandcontributesmostto thevi-
sualfidelity of thereconstructedimage.Thetop low-low subband
coefficientsarerelatedto thelocalmeanof theoriginal imageand
their statisticaldistribution is alsosimilar to the original image.
For thesereasons,we codethe top low-low subbandcoefficients
by aDPCM-Huffmancoder. DifferentialPulseCodedModulation
(DPCM) is commonlyusedto remove the statisticalcorrelations
betweeninput samples.Theresultingpredictionerrorscanbeef-
ficiently codedby an entropy codersuchasa Huffman encoder.
Thepredictionof DPCMis achievedbasedonathree-pointcausal
predictionwindow givenas:�������������������������� � �! "������#� � �����$�%��$���&� � �'�(� � �

(1)

where �� denotesthereconstructedvalue,
� standsfor thepredicted

value, � and � specifythe locationin the image. The Huffman
tablefor theprediction-erroris built basedon thestatisticaldistri-
butionof atrainingsequencewhichis alsousedto developtheVQ
codebook.

) )) )**

++,,- -- -. .. .//001 11 12 22 2

3344 55667 77 78 88 89 99 9::;;<<==>>??@@ AAB
BCCDDEEFFG G
G GH HH HI II IJJK KK KL LL LM MM MNNO OO OP PP PQ QQ QRR

S SS STT

UUVV WWXXYYZZ [[\\

] ]] ]^^_ __ _` `` ` aabb ccdde ee effg gg gh hh h iijj kkllm mm mnno oo oppq qq qr rr rs ss st tt t uuvv w
wxxyyzz {{||

Top LL level 0 level 2level 1

HL

HL

HLLL

LH HH

HHLH

LH HH

Figure2: Pyramidhierarchyof 2-D octaveDWT decomposition.

2.4. Tree-Structured Residual VQ (TRVQ)

RVQ is astructuredVQ thatreducesboththecomputationalcom-
plexity andmemoryrequirementof thecoder. In addition,it can
beimplementedasavariable-rateVQ, whichallowsVQ to beper-
formedwith a rate-distortiontrade-off. Thebasicideaof RVQ is
to divide theVQ searchinto severalVQ stages,whereeachstage
usesa relatively small codebookto encodethe residualerror of
theprevious stage.However, RVQ hasa significantperformance
degradationwhenthenumberof stagesincreases.

TSVQ is a very competitive VQ methodwhich reducesthe
computationalcomplexity with increasingmemoryrequirement.
In TSVQ,theVQ searchis performedby a tree-structuredsearch.
TSVQ canalsobeappliedasa variable-rateVQ sinceit canstart
from thetreeroot andstopat any intermediatetreelevel with de-
creasingdistortionandincreasingoutputrate.

TRVQ is anRVQ for whicheachstageis aTSVQ.TRVQ pro-
videsgoodVQ performancewith moderatecomputationalcom-
plexity andmemoryrequirement.In our algorithm,a two-stage
RVQ with eachstageasa 3-level TSVQ is usedto quantizethe
DWT coefficients, hencethereare a total of 6 possibleVQ en-
codings,or coding units. Eachcodingunit has16 vectorsin the
codebook,producinganoutputof 4 bitspercodingunit.

2.5. Rate-Distortion Trade-offs Based on Zerotrees

In theoctave pyramidDWT decomposition,theHL, HH andLH
subbandscorrespondto the horizontal,diagonal,andvertical di-
rectionsrespectively. We call thesedirectionalbranchesdirection
trees asshown in Fig. 3.

In our scheme,thezerotreepredictionis implicitly appliedin
therate-distortionoptimizationalongeachdirectiontree.Therate-
distortiontrade-off alongadirectiontreecanbeextendedfrom the
vector-based} rate-distortionoptimization[10]. Thegoalof rate-
distortionoptimizationwithin a vectoris to, for an ~ codingunit
VQ, find theoptimalnumberof theVQ codingunit � whichyields
theminimumcost � given } :

� �������� ���������� }�� �����'��� (2)
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Figure3: Directiontreesin apyramidhierarchy.

where������� is thedistortionof � -coding-unitVQ, and

� �����ø�úùû�����! 
�ü ý
þ$ÿ�� ��� � (3)

is thebit length(rate)of codedVQ. ùû��� � is the lengthof theen-
tropy codeusedto codetheVQ headerindicatingthecodingdeci-
sion,and� ��� � is thelengthof theVQ indicesin the � th codingunit.
Similar to theEZW algorithm,we have four symbolsfor thesig-
nificancemap: SG-significant,RT-zerotreeroot, IZ-isolatedzero,
andCH-zerotreechild. Note that CH only virtually exists. The
significancesymbolsareembeddedin theVQ headerby defining
thevalueof theVQ headeras:

� �
��	 �
�� ������ ���� ~ ������ �
~  � �� ��� � (4)

where ~ is thetotal numberof VQ codingunits. Denote� asthe
significanceof a certainvectorin a directiontree. Thecost � of
thevectorwill beextendedas:

� � � ���
����	 ���

� � �������� � �! } ùû� ~  � � � � ������ � �! } ùû� � � � �������� � � � ��� ù (5)

where��� � � is thedistortionof thevectorwithoutVQ coding(zero
codingunits). Thevalueof thefunction � ��� � is theactualcostof
a vector subjectto its significance. Note that � ��� ù is not
applicableto thefinestlevel of theDWT. If wedenote�! #" $ asthe
sumof thecostof % th zerotreenodeat & th DWT level andthecosts
of all its descendents,thenit canbeexpressedrecursively as:

�! #" $ � � � �('  #" $*) �! ,+.-�/ $*0 /ü
+ þ / $

�1 #2 ÿ " + (6)

where3 is theindex of thefoursiblingsbelongingto asameparent.
Notethat & DWT levelsconsistof 4  nodes,startingfrom Level 0,
as
� � 4 � �*5 �*�.�.� . For an 6 level DWT decomposition,the bottom

level costis givenby

�87 2 ÿ " $ � � � �(' 7 2 ÿ " $*) �:9 (7)

Therate-distortionoptimizationis appliedalongthethreedi-
rectionalbranches,HL, HH and LL, by minimizing �1;<" ; with
propervaluesof �('  #" $*) , or in otherwords,by properzerotreeclas-
sificationswithin a directionalbranch. For a pyramid hierarchy
of 6 -level DWT decomposition,this } -adaptiveVQ canbeimple-
mentedby thefollowing steps:

Step 1: Searchfor theoptimalVQ codingunit number( � ) for all
the vectorsof the directionaltreeby minimizing the rate-
distortioncostof eachindividual vector. Recordthemini-
maldistortions,theoptimalVQ codingunit, andtheresult-
ing VQ indices.Let & � 6 � � .

Step 2: Let % � � ;Step 3: Compute ������=?>A@CB D<E � �  #" $ � . The rule is to comparethe
threecasesof � '  #" $*) : SG, IZ, RT. If � '  #" $*) �F��� , then�  #" $ � � �G�H� �� JI +.-�/ $*0 /+ þ / $ �  #2 ÿ " + with thesignificance
of all its descendantsunchanged,i.e. the secondpart of
6 unchanged;if �('  #" $*) �K��� , then �  #" $ � � ����� �  I +.-�/ $L0 /+ þ / $ �  #2 ÿ " + with the significanceof all its descen-
dantsunchanged;if � '  #" $*) � �M� , thencompute�  #" $ �� � �M� �  NI +.-�/ $*0 /+ þ / $ �  #2 ÿ " + by changingthesignifanceof
all its descendentsas CH. Find the minimal cost among
thesethreecases.If choiceof �M� is minimal,update� for
all its descendants.This is equivalentto the insignificance
predictionof EZW in thesenseof rate-distortionoptimiza-
tion.

Step 4: Let % � %  � . If %NOP4  , go backto Step3; elsego to
Step5.

Step 5: If & � � , quit; elselet & � & � � , gobackto Step2.

Onceanencodinghasbeencompleted,thetotalnumberof bits
generatedis comparedto the target,and } adjustediteratively to
meetthetargetrate.

3. EXPERIMENT RESULTS AND CONCLUSIONS

Thecodebookwith single-sizedvectorsfor theTRVQ wasdevel-
opedbasedon 16 training imagesof the imagelibrary at Utah
StateUniversity. TheHuffmancodesfor theVQ headersandthe
DPCM-Huffmancoderweretrainedon thesamedata.Theseim-
agesvaried in size from 512x512to 2048x2048. We note that
many wavelet-basedVQ techniquesusenon-squaredvectorshapes
to take advantageof directionalcharacteristicsof octave wavelet
decomposition[4, 7]. However, in thesemethods,thesizeof ze-
rotreesgrows lessthanpowersof 4, andwill reducetheefficiency
of insignificanceprediction.In ourscheme,thisproblemis solved
by usinga single-sizedVQ andapplyingrate-distortiontrade-offs
alongthethreedirectionsseparately.

The test image
� � � � � ���

LENA with 8-bit gray level was
usedto evaluatetheperformanceof thecodingscheme.A PSNR
of 30.93dB wasobtainedat about0.174bppasshown in Fig. 5,
which is apparentlybetterthansomepublishedsimilarapproaches
[4, 6, 7].

Ourexperimentalresultshaveshown thatapplyingvectorquan-
tizationon theDWT coefficientsgreatlyoutperformsdirectly ap-
plying vectorquantizationon the imagepixels. Fig. 6 illustrates
thecomparisonof rate-distortioncurvesbetweenourwavelet-based
VQ andtwootherVQ techniques(single-dimensionadaptive-search
residualVQ andadaptive-searchhierarchicalVQ) similar to the
key framecodingmethoddescribedin [10].
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