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Abstract

Studiedarenumerousissuesassociatedwith wavelettransformsin
theJPEG-2000Part-1standard(i.e., ISO/IEC15444-1).Thedy-
namicrangeof wavelet transformcoefficientsandcomputational
complexity of wavelet transformsareexamined.Also, theeffect
of wavelet transformson codingefficiency is investigated.The
informationpresentedhereinmayprovebeneficialto thosedevel-
opingJPEG-2000codecimplementations.

1. Intr oduction

JPEG-2000Part 1 hasrecentlybeenapprovedasa new interna-
tional standardfor still imagecompression.This standard,for-
mally known as ISO/IEC 15444-1[1], provides a rich feature
setincluding supportfor both lossyandlosslesscoding. Oneof
the core technologiesemployed by the JPEG-2000codecis the
wavelet transform. Thus,in orderto build a high-qualityJPEG-
2000encoderor decoder, onemustbeableto constructaneffec-
tive wavelet transformengine. This observationmotivatedus to
examinenumerouspracticalissuesrelatedto the implementation
of wavelet transformsin the context of the JPEG-2000standard.
In this paper, we presenttheresultsof ourstudy.

Theremainderof this paperis structuredasfollows. First,we
begin with a brief introductionto the JPEG-2000codec. Then,
we studyvariousissuesrelatedto the implementationof wavelet
transforms.For example,weexaminethedynamicrangeof trans-
formcoefficientsandcomputationalcomplexity of transforms.Also,
we studythe effectsof wavelet transformson codingefficiency.
Finally, we concludewith asummaryof our results.

2. JPEG-2000Codec

As farastheJPEG-2000codecis concerned,animageis acollec-
tion of components,whereeachcomponentconsistsof a rectan-
gulararrayof samples.Thesamplesfrom thevariouscomponents
have a particularrelative alignment,andeachcomponentrepre-
sentsaspecifictypeof information(e.g.,spectral,opacity).Since
eachcomponentcanbe sampledat a differentspatialresolution,
all of the componentsneednot have the samewidth andheight.
Thesamplesof eachcomponentcanbeeithersignedor unsigned
integerswith � bits of precision,where ��� � ����� . Thus, in
thesignedandunsignedcases,thecomponentsamplevalueshave
a nominaldynamicrangeof �
	���
���������
�����	���� and � ������
�	���� ,
respectively.

TheJPEG-2000codecis transform-based.It employs multi-
componenttransforms,wavelet transforms,andbit-planecoding
techniques,in order to provide a framework for both lossy and
losslesscompression.Both reversibleinteger-to-integerandnon-
reversiblereal-to-realtransformsare employed, the latter being
referredto as“irreversible”in theterminologyof thestandard.

Thegeneralstructureof theencoderis shown in Fig. 1(a).The
input to the encodingprocessis an imageconsistingof one or
morecomponents.Beforeany furtherprocessingtakesplace,each
componenthasits samplevaluesadjustedby anadditivebias,in a
processcalledDC level shifting. Thebiasis chosensuchthat the
resultingsamplevalueshave a nominaldynamicrange(approxi-
mately)centeredaboutzero. Then,a multicomponenttransform
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Fig. 1. Thegeneralstructureof theJPEG-2000codec.The(a)en-
coderand(b) decoder.

(MCT) may be appliedcollectively to a numberof the compo-
nents. Next, a wavelet transform(WT) may be appliedto each
componentindividually. Finally, the resultingtransformcoeffi-
cientsarequantizedandthenencoded.In thecaseof losslesscod-
ing, reversibletransformsmustbeemployedandall quantizerstep
sizesareforcedto be one. In the lossycase,eitherreversibleor
nonreversibletransformscanbeused,but the two typesof trans-
formscannotbeintermixed.

Thegeneralstructureof thedecoderis illustratedin Fig. 1(b).
As is evidentfrom thediagram,thedecoderstructuresimply mir-
rorsthatof theencoder.

3. WaveletTransforms

All of thewavelettransformsemployedby theJPEG-2000Part-1
codecare fundamentallyonedimensional(1-D) in nature. Two
dimensional(2-D) transformsareformedby applying1-D trans-
formsin thehorizontalandverticaldirections.As suggestedear-
lier, bothreversibleinteger-to-integer[2,3] andnonreversiblereal-
to-real[4] wavelet transformsareemployedby thecodec.In or-
der to handlefiltering at signalboundaries,symmetricextension
is used. At the time of this writing, two wavelet transformsare
supportedby thecodec:thereversible5/3 andnonreversible9/7.
An amendmentto thestandardis currentlybeingdrafted,propos-
ing the additionof anothertransform(namely, the nonreversible
5/3 transform).Sincethefutureof this amendmentis, at best,un-
certain,wewill not furtherconsiderthetransformspecifiedin this
amendment.

Beforeproceedingfurther, we presentthe formal definitions
of the two currently supportedtransforms. As a matterof no-
tation, the input signal, lowpasssubbandsignal, and highpass
subbandsignalaredenotedas !"� #$� , %&� #$� , and '(� #$� , respectively.
For convenience,we alsodefinethequantities%�)&� #$��*�!+� �,#$� and
' ) � #$�-*.!+� �,#0/1��� . With the precedingdefinitions,the forward
equationsfor thereversible5/3 transformaregivenby

'(� #$�$*2'�)3� #$�(	�4 �5(6 %�)3� #7/2���3/8%�)9� #$�;:=< (1a)

%&� #$�$*>%�)9� #$�?/@4 �A$6 'B� #$��/C'B� #D	E���F:�/ �5 < (1b)

Similarly, the forward equationsfor the nonreversible9/7 trans-



Table 1. Testimages
Image Size Depth Description
bike 2048G 2560 8 collectionof objects
cr 1744G 2048 10 computerradiology
elev 1201G 1201 12 fractal-like pattern
gold 720G 576 8 housesandcountryside
sar2 800G 800 12 syntheticapertureradar
target 512G 512 8 patternsandtextures

form aregivenby

' � � #$��*H'9)&� #$�I	KJL) 6 %�)9� #M/H���3/N%�)3� #$�F: (2a)

% � � #$��*>%�)9� #$�(	KJ � 6 ' � � #$�3/N' � � #O	E���F: (2b)

' 5 � #$��*H' � � #$�3/NJ 5 6 % � � #M/H���3/N% � � #$�F: (2c)

% 5 � #$��*>% � � #$�?/NJ"P 6 ' 5 � #$�3/N' 5 � #O	E���F: (2d)

%&� #$�B*HQ ) % 5 � #$� (2e)

'B� #$�$*HQ � ' 5 � #$� (2f)

where

J )SR ��TVU��9W��X��YI�"J � R ��T �9U9��Z9�����+J 5 R ��T ���&��Z��9���
J+P R ��T Y�Y&�9U��9W��+Q )SR ��T ���X����Z9����Q � *��,[�Q ) T

In the caseof bothof the above transforms,the inversetransfor-
mationequationscanbetrivially deducedfrom theforwardtrans-
formationequations,andthusarenot givenhere.

4. Lifting Realization

In orderto implementthe wavelet transformenginefor a JPEG-
2000encoderor decoder, onemustfirst selectanappropriatecom-
putationalstructurefor this purpose. As it turnsout, the lifting
framework [3, 5] is a naturalchoice. This framework facilitates
efficient wavelet transformrealizationsandcanhandleall of the
reversibleinteger-to-integerandnonreversiblereal-to-realwavelet
transformsassociatedwith the JPEG-2000standard.In passing,
wenotethatthetransformationequationsgivenin (1) and(2) cor-
respondto lifting realizations.In theremainderof this paper, we
assumethatthelifting realizationis employed.

5. Experimental Results

Throughoutthe remainderof this paper, we presentexperimen-
tal resultsobtainedwith a JPEG-2000codecimplementation.In
orderto obtaintheseresults,we employedJasPerVersion1.200.
(JasPer[6] is a freepublically-availablesoftwareimplementation
of the JPEG-2000codec.) For imagedata,we usedseveral test
imagesfrom theJPEG-2000testset,aslistedin Table1.

6. Dynamic Rangeof Transform Coefficients

Whenthe(forward)wavelet transformis appliedto data,thedy-
namicrangeof the datatypically increases.This dynamicrange
growth is importantbecauseit hasthepotentialto leadto numer-
ical overflow. Therefore,it is importantto characterizethe dy-
namic rangeof the wavelet transformssupportedby the codec.
(Ideally, a smallerdynamicrangeis preferable,sinceit allows a
smallerword sizeto beemployed.)

First, we considerthe reversible5/3 transform.Thebehavior
of reversibletransformsis quite rigidly specifiedin thestandard.
This is necessaryin orderto ensureexact transforminvertibility
(which is clearly neededfor losslesscoding). To study the re-
versible5/3 transform,we transformedseveralimages,andnoted
therangeof theinputandoutputdataaswell asthesubbandswith
the minimumandmaximumcoefficient values.A representative
subsetof theresultsis givenin Table2. It is notunusualto seethe
dynamicrangegrow by asmuchasa factorof eight(e.g.,for the

bike imagewith five decompositionlevels, the dynamicrange
growsby a factorof aboutsix). Therefore,at leastthreeextrabits
arerequiredto accommodatethis growth. For example,to handle
8 bit/sampleimages,weneedawordsizeof at least11(i.e., �L/M� )
bits for storingtransformcoefficients.Fromtheaboveresults,we
canalsoseethatthesubbandsat thecoarsestresolution(i.e.,with
the largestdecompositionlevel index) do not necessarilycontain
theminimum/maximumcoefficientvalues(e.g.,the target im-
agewith four or fivedecompositionlevels).

Next, we considerthenonreversible9/7 transform.Although
reversibletransformsarequite rigidly specified,thereis a great
dealof flexibility in thenonreversiblecase.In orderto avoid un-
necessarydynamicrangegrowth, it is oftendesirableto normal-
ize a transformsuchthatthelowpassandhighpassanalysisfilters
have a gainof oneat DC andtheNyquist rate,respectively. This
oftenleadsto transformcoefficientswith asmallerdynamicrange.
In thecaseof thenonreversible9/7 transform,a carefulexamina-
tion of equation(2) shows that the highpassanalysisfilter hasa
Nyquist gainof two. By usinga scalingfactorof QL\� *]Q � [�� in
equation(2f) insteadof Q � , a unity gain is obtainedfor thehigh-
passanalysisfilter. In what follows, we refer to the original and
modifiednonreversible9/7 transformnormalizationsas(1,2)and
(1,1), respectively. Dueto thedifferencein highpassanalysisfil-
ternormalization,the(1,2)normalizationyieldsHL, LH, andHH
bandswith the coefficientsscaledby two, two, andfour, respec-
tively, relative to the(1,1)normalization.

For both normalizationsof the nonreversible9/7 transform,
we transformedseveral images,andobserved the input andout-
put dynamicrangesandwell asthesubbandswith the minimum
andmaximumcoefficient values. A representative subsetof the
resultsis givenin Table3. Clearly, the(1,1)normalizationyields
a smallerdynamicrangethanthe (1,2) normalization.Theoreti-
cally, thetwo dynamicrangescandiffer by a factorof up to four.
In practice,however, thedifferenceis usuallysomewhatsmaller,
althoughstill significant. In the caseof the (1,1) normalization,
theLL, LH, andHL bandstendto containtheminimumandmax-
imum coefficient values,while in the caseof the (1,2) normal-
ization the HH, LH, andHL bandstendto containthesevalues.
Although usingthe (1,1) normalizationwill causethe transform
coefficientsto bescaleddifferently, onecantrivially compensate
for this incorrectscalingduring transformcoefficient quantiza-
tion. (For amoreconcreteexampleof how thiscompensationcan
beperformed,onecanlook at theJasPersoftware.)

7. Computational Complexity

In the designof most practicalsystems,complexity is often an
importantconcern.Therefore,it is beneficialto studythecompu-
tationalcomplexity of thevarioustransformssupportedby JPEG-
2000 Part 1. To this end, we examinedthe complexity of the
wavelettransformcodeof atypicalsoftwareimplementation(namely,
JasPer).

In our experiment,the wavelet transformwasappliedto two
images,andin eachcasetheexecutiontimesfor theforwardand
inversetransformationsweremeasured.The resultsaregiven in
Table4. Examiningtheresultsfor thetwo differenttransforms,we
canclearlyseethatthenonreversible9/7transformis significantly
morecomplex, typically requiringabouttwiceasmuchtimeasthe
reversible5/3 transform.In thecaseof eachtransform,thecom-
putationtimefor theforwardandinverseareroughlycomparable.

Basically, two typesof operationsareassociatedwith thewavelet
transformcomputation: lift/scale operations(i.e., filtering) and
split/join operations(i.e., rearrangementof samplesrequiredasa
resultof upsampling/downsampling).Thedifferencein thecom-
putationalcomplexitiesof thereversible5/3andnonreversible9/7
transformsis solelyattributableto thelift/scaleoperations,asthe
split/join operationsare identical for both transforms.More de-
tailedprofiling of thecodeshows that the lift/scaleoperationsof
thenonreversible9/7 transformareaboutthreetimesslower than



Table 3. Dynamicrangeof thetransformcoefficientsfor two differentnormalizationsof thenonreversible9/7 transform
(1,1)Normalization (1,2)Normalization

Input # of Output Bandswith Output Bandswith
Image Range Levels Range Min. & Max. Range Min. & Max.
bike [-128,127] 1 [-163.9,164.4] LL ^ ,LL ^ [-352.0,278.8] HH ^ ,HH ^

2 [-154.9,149.3] LL _ ,LL _ [-498.4,507.3] HH _ ,HH _
3 [-149.2,147.6] HL ^ ,LL ` [-510.7,510.5] HH ` ,HH `
4 [-149.2,144.9] HL ^ ,HL _ [-510.7,510.5] HH ` ,HH `
5 [-149.2,144.9] HL ^ ,HL _ [-510.7,510.5] HH ` ,HH `

cr [-512,511] 1 [-583.5,525.5] LL ^ ,LL ^ [-583.5,525.5] LL ^ ,LL ^
2 [-569.6,544.1] LL _ ,LL _ [-587.8,544.1] LH _ ,LL _
3 [-555.3,625.8] LL ` ,LL ` [-587.8,625.8] LH _ ,LL `
4 [-513.1,466.4] LL a ,HL a [-911.1,932.8] HL a ,HL a
5 [-527.9,466.4] LL b ,HL a [-911.1,932.8] HL a ,HL a

elev [-1094,1552] 1 [-1091.7,1531.9] LL ^ ,LL ^ [-1091.7,1531.9] LL ^ ,LL ^
2 [-1088.1,1477.2] LL _ ,LL _ [-1088.1,1477.2] LL _ ,LL _
3 [-1081.7,1401.4] LL ` ,LL ` [-1081.7,1401.4] LL ` ,LL `
4 [-1067.3,1329.3] LL a ,LL a [-1067.3,1329.3] LL a ,LL a
5 [-1056.2,1201.0] LL b ,LL b [-1056.2,1201.0] LL b ,LL b

gold [-112,107] 1 [-115.8,107.3] LL ^ ,LL ^ [-118.9,107.3] LH ^ ,LL ^
2 [-116.6,107.1] LL _ ,LL _ [-118.9,111.4] LH ^ ,HL _
3 [-114.5,106.6] LL ` ,LL ` [-118.9,111.4] LH ^ ,HL _
4 [-110.4,113.2] LL a ,LL a [-118.9,113.2] LH ^ ,LL a
5 [-107.1,114.9] LL b ,LL b [-118.9,114.9] LH ^ ,LL b

sar2 [-2048,2047] 1 [-2036.3,1828.6] LL ^ ,LL ^ [-2501.2,2161.4] HH ^ ,HH ^
2 [-1756.6,1378.5] LL _ ,LL _ [-2501.2,2161.4] HH ^ ,HH ^
3 [-1597.3,866.2] LL ` ,LH _ [-2501.2,2161.4] HH ^ ,HH ^
4 [-1556.1,866.2] LL a ,LH _ [-2501.2,2161.4] HH ^ ,HH ^
5 [-1391.1,866.2] LL b ,LH _ [-2501.2,2161.4] HH ^ ,HH ^

target [-128,127] 1 [-161.6,156.5] LH ^ ,LL ^ [-607.3,524.9] HH ^ ,HH ^
2 [-161.6,151.9] LH ^ ,LH ^ [-607.3,524.9] HH ^ ,HH ^
3 [-161.6,151.9] LH ^ ,LH ^ [-607.3,524.9] HH ^ ,HH ^
4 [-161.6,151.9] LH ^ ,LH ^ [-607.3,524.9] HH ^ ,HH ^
5 [-161.6,151.9] LH ^ ,LH ^ [-607.3,524.9] HH ^ ,HH ^

Table 2. Dynamicrangeof the transformcoefficientsfor the re-
versible5/3 transform

Input # of Output Bandswith
Image Range Levels Range Min. & Max.
bike [-128,127] 1 [-242,224] HL ^ ,HL ^

2 [-519,526] HH _ ,HH _
3 [-568,712] HH ` ,HH `
4 [-568,741] HH ` ,HH a
5 [-568,741] HH ` ,HH a

cr [-512,511] 1 [-640,606] LL ^ ,LL ^
2 [-784,709] LH _ ,LL _
3 [-859,947] HH ` ,LL `
4 [-1128,1118] HL a ,HL a
5 [-1187,1118] LH b ,HL a

elev [-1094,1552] 1 [-1093,1557] LL ^ ,LL ^
2 [-1093,1548] LL _ ,LL _
3 [-1091,1491] LL ` ,LL `
4 [-1090,1461] LL a ,LL a
5 [-1088,1401] LL b ,LL b

gold [-112,107] 1 [-124,114] LL ^ ,LL ^
2 [-129,136] LL _ ,HL _
3 [-127,137] LL ` ,HH `
4 [-122,147] HL a ,LL a
5 [-130,163] HL b ,LL b

sar2 [-2048,2047] 1 [-2257,2026] LL ^ ,LL ^
2 [-2194,2233] HH _ ,LH _
3 [-3043,2233] HH ` ,LH _
4 [-3043,2332] HH ` ,HH a
5 [-3043,2332] HH ` ,HH a

target [-128,127] 1 [-401,332] HH ^ ,HH ^
2 [-448,448] HH _ ,HH _
3 [-462,485] HH ` ,HH `
4 [-462,485] HH ` ,HH `
5 [-462,485] HH ` ,HH `

thoseof thereversible5/3 transform.

8. Number of DecompositionLevelsand Coding Efficiency

TheJPEG-2000encodermustchoosethenumberof waveletde-
compositionlevels to employ. The standardallows from 0 to 32
levels (inclusive). Therefore,someguidelinesfor selectingthe
numberof decompositionlevelswould bebeneficial.

Generally, asthenumberof decompositionlevelsis increased

Table 4. Computationtime for a 5-level wavelet transform(on a
systemwith an800MHz PentiumIII processor)

ExecutionTime(s)
Reversible5/3 Nonreversible9/7

Image Forward Inverse Forward Inverse
elev 0.178 0.178 0.300 0.317
target 0.131 0.135 0.253 0.260

from zero,codingefficiency increasesup to someoptimumpoint,
andthenlevelsoff (or evendecreasesslightly). This behavior is
illustratedfor the casesof losslessand lossy coding in Figs. 2
and3, respectively. As canbe seenfrom thesegraphs,mostof
the codingefficiency is contributedby the first threeto five de-
compositionlevels. Basedon theseobservations,it would seem
reasonableto usefivedecompositionlevelsasanencoderdefault.

Theaboverelationshipbetweencodingefficiency andthenum-
berof decompositionlevelscanbeeasilyexplained.As thenum-
ber of decompositionlevels grows, the transform’s coding gain
increasesrapidly, asymptoticallyapproachingsomelimit value.
Thiscausestherapidincreasein codingefficiency for thefirst few
decompositionlevels. Oncethecodinggainnearsits limit value,
otherfactorscanbegin to adverselyaffect codingefficiency. For
example,asthenumberof decompositionlevelsincreases:1) the
resultingsubbandsbecomesmaller, andthe boundaryeffectsas-
sociatedwith the filtering (i.e., transform)processcanadversely
impactcodingefficiency; 2) the numberof resolutionlevels in-
crease,andmorepacketsarerequiredin the codestream,result-
ing in greaterpacketizationoverhead;and3) theeffectsof finite-
precisionarithmetic(i.e., increasedroundingerror) canbecome
morepronounced.

9. Transforms and Coding Efficiency

Whenlosslesscodingis desired,weneedto usethereversible5/3
transform. In the lossy case,however, either the reversible5/3
or nonreversible9/7 transformcanbe employed. Therefore,the
relative performanceof thesetwo transformsfor lossycodingis
of greatinterest.With this in mind,we comparedthecodingper-
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formanceobtainedwith both transformsfor several test images
codedat variousbit rates.A representativesubsetof theresultsis
shown in Table5. As canbe seenfrom theseresults,the nonre-
versible9/7 transformconsistentlyyieldsa higherPSNRthanthe
reversible5/3 transform.

Of course,subjective imagequality is alsoan importantcon-
sideration,sincePSNRdoesnot alwayscorrelatewell with dis-
tortion asperceivedby thehumanvisualsystem.This said,how-
ever, informal subjective testssuggestthatthetwo transformsare
roughly comparable,with the nonreversible9/7 transformfaring
slightly better. Since the nonreversible9/7 transformdoesnot
yield vastlysuperiorcompressionresults,thereversible5/3 trans-
form is quiteattractive,givenits significantlylowercomputational
complexity andability to facilitatelosslesscoding(unlikethenon-
reversible9/7 transform).

10. Conclusions

Several issuesassociatedwith wavelet transformsin the JPEG-
2000standardhavebeenstudied.First,weexaminedthedynamic
rangeof transformcoefficients. In the caseof the reversible5/3
transform,we found that the dynamicrangemay often grow by
aboutthreebits during the transformprocess.In the caseof the
nonreversible9/7 transform,we found that the (1,1) normaliza-
tion leadsto a significantlysmallerdynamicrangethanthe(1,2)

Table 5. Lossycompressionperformancewith thereversible5/3
andnonreversible9/7 transforms(fivedecompositionlevels)

Compression Rev. 5/3 Nonrev. 9/7
Image Factor PSNR(dB) PSNR(dB)
bike 1/128 23.24 23.76

1/64 25.99 26.50
1/32 29.05 29.59
1/16 32.93 33.47
1/8 37.32 37.95

cr 1/128 40.25 40.53
1/64 41.36 41.63
1/32 42.20 42.55
1/16 43.53 43.78
1/8 45.94 46.33

elev 1/128 49.81 50.76
1/64 54.15 55.55
1/32 58.36 60.08
1/16 62.86 64.72
1/8 68.99 70.19

gold 1/128 27.16 27.62
1/64 29.22 29.53
1/32 31.22 31.54
1/16 33.80 34.17
1/8 37.08 37.59

sar2 1/128 22.45 22.74
1/64 23.39 23.56
1/32 24.37 24.74
1/16 26.23 26.42
1/8 29.81 30.08

target 1/128 19.11 20.27
1/64 22.28 23.89
1/32 26.67 27.86
1/16 33.10 34.76
1/8 42.77 44.41

normalization.With theformernormalization,thedynamicrange
typically growsby atmostonebit. Next, weexaminedthecompu-
tationalcomplexity of thevarioustransforms.Thenonreversible
9/7 transformtakes approximatelytwice as long to computeas
the reversible5/3 transform. Therefore,for encoderimplemen-
tationswith tight complexity constraints,theexclusive useof the
reversible5/3 transformis clearlyvery attractive. This transform
allows for a smallerword size,requireslesscomputation,andfa-
cilitatesboth lossyandlosslesscoding. For an encoderdefault,
we observed that five wavelet decompositionlevels is a reason-
ablechoice.Lastly, in thecaseof lossycoding,thereversible5/3
transformwasshown to yield somewhat poorerresults(in terms
of PSNR)comparedto thenonreversible9/7 transform.
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