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Abstract

Studiedarenumerousssuesassociategvith wavelettransformsn
the JPEG-200(Part-1standardi.e., ISO/IEC 15444-1). The dy-
namicrangeof wavelettransformcoeficientsandcomputational
compleity of wavelettransformsareexamined. Also, the effect
of wavelet transformson coding efficiency is investigated. The
informationpresentedhereinmay prove beneficialto thosedevel-
oping JPEG-200@odecimplementations.

1. Intr oduction

JPEG-200(Part 1 hasrecentlybeenapproved asa new interna-
tional standardfor still image compression.This standardfor-
mally known as ISO/IEC 15444-1[1], provides a rich feature
setincluding supportfor both lossyandlosslesscoding. One of
the core technologiesemployed by the JPEG-2000codecis the
wavelettransform. Thus,in orderto build a high-quality JPEG-
2000encoderor decoderone mustbe ableto constructan effec-
tive wavelet transformengine. This obsenation motivatedus to
examinenumerougracticalissueselatedto the implementation
of wavelettransformsn the context of the JPEG-200Gstandard.
In this paperwe presentheresultsof our study

Theremainderof this paperis structuredasfollows. First, we
begin with a brief introductionto the JPEG-200Qcodec. Then,
we studyvariousissuesrelatedto the implementatiorof wavelet
transforms For example we examinethedynamicrangeof trans-
form coeficientsandcomputationatomplexity of transforms Also,
we studythe effects of wavelet transformson coding efficiency.
Finally, we concludewith a summaryof ourresults.

2. JPEG-2000Codec

As farasthe JPEG-200@odeds concernedanimageis a collec-
tion of componentswhereeachcomponentonsistsof a rectan-
gulararrayof samplesThe sampledrom thevariouscomponents
have a particularrelative alignment,and eachcomponentepre-
sentsa specifictype of information(e.g.,spectral ppacity). Since
eachcomponentanbe sampledat a differentspatialresolution,
all of the componentsieednot have the samewidth and height.
The sampleof eachcomponentanbe eithersignedor unsigned
integerswith p bits of precision,wherel < p < 38. Thus,in
thesignedandunsignectasesthecomponensamplevalueshave
a nominaldynamicrangeof [—-2°~1 2¢=! — 1] and|[0,2° — 1],
respectiely.

The JPEG-200Ccodecis transform-basedlt employs multi-
componentransformswavelet transforms,andbit-planecoding
techniquesjn orderto provide a framework for both lossy and
losslesscompressionBoth reversibleintegerto-integerandnon-
reversiblereal-to-realtransformsare employed, the latter being
referredto as“irreversible”in theterminologyof the standard.

Thegeneraktructureof theencodeis shovnin Fig. 1(a). The
input to the encodingprocessis an image consistingof one or
morecomponentsBeforeany furtherprocessingakesplace,each
componenhasits samplevaluesadjustecby anadditive bias,in a
proces<alledDC level shifting. The biasis chosersuchthatthe
resultingsamplevalueshave a nominaldynamicrange(approxi-
mately) centeredcaboutzero. Then,a multicomponentransform
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Fig. 1. Thegeneraktructureof the JPEG-200@odec.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 resultingtransformcoefi-

cientsarequantizedcandthenencodedIn the caseof losslessod-
ing, reversibletransformanustbeemployedandall quantizeistep
sizesareforcedto be one. In the lossy case eitherreversibleor
nonreversibletransformscanbe used,but the two typesof trans-
formscannotbeintermixed.

The generaktructureof thedecodeiis illustratedin Fig. 1(b).
As is evidentfrom thediagram the decodeistructuresimply mir-
rorsthatof theencoder

3. Wavelet Transforms

All of thewavelettransformsemployedby the JPEG-2000Part-1
codecare fundamentallyone dimensional(1-D) in nature. Two
dimensional2-D) transformsareformedby applying1-D trans-
formsin the horizontalandvertical directions.As suggeste@ar
lier, bothreversibleintegerto-integer[2,3] andnonreversiblereal-
to-real[4] wavelettransformsareemployed by the codec. In or-
derto handlefiltering at signalboundariessymmetricextension
is used. At the time of this writing, two wavelet transformsare
supportedy the codec:the reversible5/3 andnonreversible9/7.
An amendmento the standards currentlybeingdrafted,propos-
ing the addition of anothertransform(namely the nonreversible
5/3transform).Sincethefuture of thisamendmenis, at best,un-
certain,we will notfurtherconsiderthetransformspecifiedn this
amendment.

Before proceedingfurther, we presentthe formal definitions
of the two currently supportedtransforms. As a matterof no-
tation, the input signal, lowpasssubbandsignal, and highpass
subbandsignalare denotedas z[n], s[n], andd[n], respectiely.
For corveniencewe alsodefinethe quantitiesso[n] = z[2n] and
do[n] = z[2n + 1]. With the precedingdefinitions,the forward
equationdor thereversible5/3 transformaregivenby

d[n] = dp[n] — %(so[n + 1] + so[n])|

I (1a)
s[n] = so[n] + |3 (d[n] +d[n —1]) + 5]

(1b)

Similarly, the forward equationgor the nonreversible9/7 trans-



Table 1. Testimages

Image Size Depth | Description

bike 2048x 2560 8 collectionof objects

cr 1744x 2048 10 computeradiology
elev 1201x 1201 12 fractal-like pattern
gold 720x576 8 housesandcountryside
sar2 800x 800 12 syntheticapertureradar
target 512x512 8 patternsaandtextures

form aregivenby

di[n] = do[n] — ao(so[n + 1] + so[n]) (2a)
s1[n] = so[n] — a1 (di[n] + di[n — 1)) (2b)
dy[n] = di[n] + az(s1[n + 1] + s1[n]) (2¢c)
sa[n] = s1[n] + az(da[n] + d2[n — 1)) (2d)
s[n] = Bosa([n] (2e)
d[n] = fi1d:[n] (2f)

where

ap =~ 1.586134, oy =~ 0.052980, as =~ 0.882911,
g =~ 0443506, /80 ~ 0812893, 61 = ]./,80

In the caseof both of the above transformsthe inversetransfor
mationequationsanbetrivially deducedrom theforwardtrans-
formationequationsandthusarenotgivenhere.

4. Lifting Realization

In orderto implementthe wavelettransformenginefor a JPEG-
2000encodenr decoderonemustfirst selectanappropriateom-
putationalstructurefor this purpose. As it turnsout, the lifting
framawork [3, 5] is a naturalchoice. This frameawork facilitates
efficient wavelettransformrealizationsand can handleall of the
reversibleintegerto-integerandnonreversiblereal-to-realvavelet
transformsassociatedvith the JPEG-200Gstandard.In passing,
we notethatthetransformatiorequationgjivenin (1) and(2) cor-
respondo lifting realizations.In the remainderof this paperwe
assumehatthelifting realizationis employed.

5. Experimental Results

Throughoutthe remainderof this paper we presentexperimen-
tal resultsobtainedwith a JPEG-200@odecimplementation.In
orderto obtaintheseresults,we employed JasPeNersion1.200.
(JasPef6] is afree publically-availablesoftwareimplementation
of the JPEG-200Ccodec.) For imagedata,we usedseveral test
imagesfrom the JPEG-200Qestset,aslistedin Tablel.

6. Dynamic Rangeof Transform Coefficients

Whenthe (forward) wavelettransformis appliedto data,the dy-
namicrangeof the datatypically increases.This dynamicrange
growth is importantbecauset hasthe potentialto leadto numer
ical overflow. Therefore,it is importantto characterizehe dy-
namic rangeof the wavelet transformssupportedby the codec.
(Ideally, a smallerdynamicrangeis preferable sinceit allows a
smallerword sizeto beemployed.)

First, we considerthe reversible5/3 transform. The behaior
of reversibletransformsis quiterigidly specifiedin the standard.
This is necessaryn orderto ensureexact transforminvertibility
(which is clearly neededfor losslesscoding). To study the re-
versible5/3 transform we transformedseveralimages,andnoted
therangeof theinputandoutputdataaswell asthe subbandsvith
the minimum and maximumcoeficient values. A representatie
subsedf theresultsis givenin Table2. It is notunusuato seethe
dynamicrangegrow by asmuchasa factorof eight(e.g.,for the

bike imagewith five decompositiorevels, the dynamicrange
grows by afactorof aboutsix). Therefore atleastthreeextra bits
arerequiredto accommodatéhis growth. For example,to handle
8 bit/sampldmageswe needaword sizeof atleastl1(i.e.,8+3)

bits for storingtransformcoeficients. Fromthe above results we
canalsoseethatthe subbandstthe coarsestesolution(i.e., with

thelargestdecompositiorevel index) do not necessarilycontain
the minimum/maximuncoeficientvalues(e.g.,thetarget im-

agewith four or five decompositiodevels).

Next, we considerthe nonreversible9/7 transform. Although
reversibletransformsare quite rigidly specified,thereis a great
dealof flexibility in the nonreversiblecase.In orderto avoid un-
necessarylynamicrangegrowth, it is often desirableto normal-
ize atransformsuchthatthe lowpassandhighpassanalysidfilters
have a gainof oneat DC andthe Nyquistrate,respectrely. This
oftenleadsto transformcoeficientswith asmallerdynamicrange.
In the caseof the nonreversible9/7 transform,a carefulexamina-
tion of equation(2) shows thatthe highpassanalysisfilter hasa
Nyquist gain of two. By usinga scalingfactorof g; = 31/2in
equation(2f) insteadof 31, a unity gainis obtainedfor the high-
passanalysisfilter. In whatfollows, we referto the original and
modifiednonreversible9/7 transformnormalizationsas(1,2) and
(1,1), respectiely. Dueto the differencein highpassanalysisfil-
ternormalizationthe (1,2) normalizationyieldsHL, LH, andHH
bandswith the coeficientsscaledby two, two, andfour, respec-
tively, relative to the (1,1) normalization.

For both normalizationsof the nonreversible 9/7 transform,
we transformedseveral images,and obsened the input and out-
put dynamicrangesandwell asthe subbandith the minimum
and maximumcoeficient values. A representatie 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, the differenceis usuallysomevhat smaller
althoughstill significant. In the caseof the (1,1) normalization,
thelLL, LH, andHL bandgendto containtheminimumandmax-
imum coeficient values,while in the caseof the (1,2) normal-
izationthe HH, LH, andHL bandstendto containthesevalues.
Although usingthe (1,1) normalizationwill causethe transform
coeficientsto be scaleddifferently, onecantrivially compensate
for this incorrectscaling during transformcoeficient quantiza-
tion. (For amoreconcreteexampleof how this compensatiocan
be performedpnecanlook atthe JasPesoftware.)

7. Computational Complexity

In the designof most practical systems compleity is often an
importantconcern.Thereforejt is beneficialto studythe compu-
tationalcompleity of thevarioustransformssupportedy JPEG-
2000 Part 1. To this end, we examinedthe complexity of the
wavelettransformcodeof atypical softwareimplementatior{namely
JasPer).

In our experiment,the wavelet transformwas appliedto two
imagesandin eachcasethe executiontimesfor the forwardand
inversetransformationavere measured.The resultsare givenin
Table4. Examiningtheresultsfor thetwo differenttransformsye
canclearlyseethatthenonreversible9/7 transformis significantly
morecomple, typically requiringabouttwice asmuchtime asthe
reversible5/3 transform. In the caseof eachtransform,the com-
putationtime for theforwardandinverseareroughlycomparable.

Basically two typesof operationgreassociateith thewavelet
transformcomputation: lift/scale operations(i.e., filtering) and
split/join operationdi.e., rearrangementdf samplegequiredasa
resultof upsampling/davnsampling).The differencein the com-
putationalcomplexities of thereversible5/3 andnonreversible9/7
transformss solely attributableto the lift/scale operationsasthe
split/join operationsareidenticalfor both transforms. More de-
tailed profiling of the codeshaws thatthelift/scale operationsof
the nonreversible9/7 transformareaboutthreetimesslower than



Table 3. Dynamicrangeof thetransformcoeficientsfor two differentnormalizationf the nonreversible9/7 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 LLo,LLo -352.0,278.8 HHo,HHo
2 -154.9,149.3 LLq,LLy -498.4,507.3 HH1,HH;
3 -149.2,147.6 HLo,LLo -510.7,510.5 HH2,HH>
4 -149.2,144.9 HLo,HL1 -510.7,510.5 HH2,HH»
5 -149.2,144.9 HLo,HL -510.7,510.5 HH2,HH»
cr [[512,511] 1 -583.5,525.5 LLo,LLo -583.5,525.5 LLo,LLo
2 -569.6,544.1 LLq,LLy -587.8,544.1 LHq,LLy
3 -555.3,625.8 LLo,LLo -587.8,625.8 LHq,LLo
4 -513.1,466.4 LL3,HL3 -911.1,932.8 HL3,HL3
5 -527.9,466.4 LL4,HL3 -911.1,932.8 HL3,HL3
elev [-1094,1552] 1 -1091.7,1531. LLo,LLo -1091.7,1531. LLo,LLo
2 -1088.1,1477.2 LLq,LLy -1088.1,1477.2 LLq,LLy
3 -1081.7,1401.4 LLo,LLo -1081.7,1401.4 LLo,LLo
4 -1067.3,1329.3 LLs,LLs -1067.3,1329.3 LLs,LL3g
5 -1056.2,1201.0 LLg,LLyg -1056.2,1201.0 LLg,LLyg
gold [-112,107] 1 -115.8,107.3 LLo,LLo -118.9,107.3 [Ho,LLo
2 -116.6,107.1 LLq,LLy -118.9,111.4 LHg,HL1
3 -114.5,106.6 LLo,LLo -118.9,111.4 LHg,HL
4 -110.4,113.2 LL3,LL3 -118.9,113.2 LHo,LL3
5 -107.1,114.9 LLg,LLg -118.9,114.9 LHo,LL4
sarZ [-2048,2047] 1 [-2036.3,1828.6] LLo,LLo -2501.2,2161.4 HHo,HHo
2 [-1756.6,1378.5]| LLq,LL4 -2501.2,2161.4]| HHo,HHo
3 [-1597.3,866.2] LLo,LHy -2501.2,2161.4]| HHo,HHo
4 [-1556.1,866.2] LL3,LHy -2501.2,2161.4]| HHo,HHo
5 [-1391.1,866.2] LL4,LHy -2501.2,2161.4]| HHg,HHo
target [-128,127] 1 -161.6,156.5 [Ho,LLo -607.3,524.9 HHo,HHo
2 -161.6,151.9 LHo,LHo -607.3,524.9 HHo,HHo
3 -161.6,151.9 LHo,LHo -607.3,524.9 HHo,HHo
4 -161.6,151.9 LHo,LHo -607.3,524.9 HHo,HHo
5 -161.6,151.9 LHo,LHo -607.3,524.9 HHo,HHo

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

Input #of Output Bandswith
Image Range Levels Range Min. & Max.
bike [-128,127] 1 -242,224 HLo,HLo
2 -519,526 HH1,HH;
3 -568,712 HH2,HH»
4 -568,741 HH2,HH3
5 -568,741 HH2,HH3
cr [-512,511] 1 -640,606 LLo,LLo
2 -784,709 LHq,LLy
3 -859,947 HHa,LL o
4 -1128,1118 HL3,HL3
5 -1187,1118 LH4,HL3
elev [-1094,1552] 1 -1093,1557 LLo,LLo
2 -1093,1548 LLy,LLy
3 -1091,1491 LLo,LLo
4 -1090,1461 LL3,LL3
5 -1088,1401 LLg,LLyg
gold [-112,107] 1 -124114 LLo,LLo
2 -129,136 LLq,HL
3 -127,137 LL 2,HH>
4 -122,147 HL3,LL3
5 -130,163 HL4,LL4
sar2 [-2048,2047] 1 -2257,2026 LLo,LLo
2 -2194,2233 HH1,LH1
3 -3043,2233 HHa,LH1
4 -3043,2332 HH2,HH3
5 -3043,2332 HH2,HH3
target [-128,127] 1 -401,332 HHo,HHo
2 -448,448 HH1,HHy
3 -462,485 HH2,HH32
4 -462,485 HH2,HH2
5 -462,485 HH2,HH2

thoseof thereversible5/3 transform.

8. Number of DecompositionLevelsand Coding Efficiency

The JPEG-200G:ncodemustchoosethe numberof waveletde-
compositionlevelsto employ. The standardallows from 0 to 32
levels (inclusive). Therefore,someguidelinesfor selectingthe
numberof decompositioevelswould be beneficial.

Generally asthe numberof decompositioevelsis increased

Table 4. Computatiortime for a 5-level wavelettransform(on a
systemwith an800MHz Pentiumlll processor)

ExecufionTime (S)
Reversibleb/3 Nonre/ersible9dr7
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 increasesip to someoptimumpoint,
andthenlevels off (or evendecreaseslightly). This behaior is
illustratedfor the casesof losslessand lossy codingin Figs. 2
and 3, respectiely. As canbe seenfrom thesegraphs,mostof
the coding efficiency is contributed by the first threeto five de-
compositionlevels. Basedon theseobsenations,it would seem
reasonabléo usefive decompositiorlevelsasanencodeidefault.

Theaborverelationshipbetweercodingefficiency andthenum-
berof decompositiodevelscanbe easilyexplained.As the num-
ber of decompositiorevels grows, the transforms coding gain
increasegapidly, asymptoticallyapproachingsomelimit value.
This causesherapidincreasean codingefficiency for thefirst few
decompositiodevels. Oncethe codinggain nearsits limit value,
otherfactorscanbegin to adwerselyaffect codingefficiency. For
example,asthe numberof decompositiofevelsincreasesi) the
resultingsubbanddecomesmaller andthe boundaryeffectsas-
sociatedwith thefiltering (i.e., transform)processcanadwersely
impactcoding efficiengy; 2) the numberof resolutionlevels in-
creaseandmore pacletsarerequiredin the codestream result-
ing in greatempacletizationoverheadand3) the effectsof finite-
precisionarithmetic(i.e., increasedoundingerror) can become
morepronounced.

9. Transforms and Coding Efficiency

Whenlosslesodingis desiredwe needto usethereversible5/3
transform. In the lossy case,however, eitherthe reversible5/3
or nonreversible9/7 transformcan be employed. Therefore the
relative performanceof thesetwo transformsfor lossy codingis
of greatinterest.With thisin mind, we comparedhe codingper
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formanceobtainedwith both transformsfor several testimages
codedatvarioushit rates.A representatie subsebf theresultsis
showvn in Table5. As canbe seenfrom theseresults,the nonre-
versible9/7 transformconsistentlyyieldsa higherPSNRthanthe
reversible5/3 transform.

Of course subjectve imagequality is alsoanimportantcon-
sideration,since PSNRdoesnot always correlatewell with dis-
tortion asperceved by the humanvisual system.This said,how-
ever, informal subjectve testssuggesthatthetwo transformsare
roughly comparablewith the nonreversible9/7 transformfaring
slightly better Sincethe nonreversible9/7 transformdoesnot
yield vastly superiorcompressiomesults thereversible5/3 trans-
formis quiteattractive, givenits significantlylowercomputational
complity andability to facilitatelosslessoding(unlikethenon-
reversible9/7 transform).

10. Conclusions

Several issuesassociatedvith wavelet transformsin the JPEG-
2000standardhave beenstudied.First, we examinedthe dynamic
rangeof transformcoeficients. 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. Lossycompressiomperformancewith the reversible5/3
andnonreversible9/7 transformgfive decompositionevels)

Compression| Rev. 5/3 Nonrev. 977
Image Factor PSNR(dB) | PSNR(dB)
bike 17128 2324 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 17128 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 17128 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 17128 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 17128 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 17128 1911 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 theformernormalizationthedynamicrange
typically growsby atmostonebit. Next, we examinedthecompu-
tationalcompleity of the varioustransforms.The nonreversible
9/7 transformtakes approximatelytwice aslong to computeas
the reversible5/3 transform. Therefore,for encoderimplemen-
tationswith tight complexity constraintsthe exclusive useof the

reversible5/3 transformis clearly very attractive. This transform
allows for a smallerword size,requiredesscomputationandfa-

cilitatesboth lossy andlosslesscoding. For an encoderdefault,

we obsened that five wavelet decompositiorlevels is a reason-
ablechoice.Lastly, in the caseof lossycoding,thereversible5/3

transformwas shown to yield someavhat poorerresults(in terms
of PSNR)comparedo the nonreversible9/7 transform.
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