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Abstract

We investigate the residual redundancy in the Shapiro
and Said-Pear|man wavel et-based i mage compression al go-
rithms. The goal isto use redundancy inherent in the output
of these source coders to provide joint source-channel de-
coding in order to improve error correction/detection per-
formance for transmission across a noisy channel.

1. Intr oduction

Shannors separationprinciple statesthat sourceand
channelcoding can be treatedseparatelywith no perfor
manceloss- at leastwith unlimited compleity anddelay
However in practicalsystemsavheresomeredundang re-
mainsat the output of the sourcecoder the recever can
exploit theredundang to improvechannetecodingperfor
mance.Practicalsourcecodingalgorithmsfor voice/audio,
images,and video do not operateperfectly and the re-
maining redundanyg at the outputof the sourcecoder re-
ferredto asresidual redundancy, canbe exploited by joint
source-channalecoding. This paperinvestigategesidual
redundang for certainprogressie imagecompressioral-
gorithms. Specifically we reporthereon experimentalob-
senationsandprogressn our of on-goingresearcho ulti-
matelyimprovechannetecodingusingsourcenformation.

Shapiros [6] embeddederotreewavelet (EZW) image
compressioralgorithmexploits the dependeng that exists
in typical imagesamongspatially-relatedwvavelet coefi-
cientsin differentsubbandsAs bit planesof theimageare
encodedwvith the EZW algorithm,a “zerotree”symbolal-
lows efficient codingof large groupsof low-magnitudeco-
efficients. While the EZW algorithmandthe refinedalgo-
rithm by SaidandPearlmar{4] (SPIHT) achieve excellent
compressiomresults,they are highly susceptibleo trans-
missionerrorsdueto the useof variablelengthcodingand
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alargeamountof stateinformation.

Evensingle-bittransmissiorerrorsoftenleadto theloss
of synchronizatiorand a total collapseof decodedmage
quality. Two examplesdemonstratindghe effectsof errors
areshavn in Figuresl and?2. Figure1 shovs the effect of
anerrorin asingle“sign bit” of a waveletcoeficientwith
large magnitude. The bit error, in this example,only af-
fectsonewaveletcoeficient. A secondexample,in Figure
2, demonstratea casewherethe bit errorresultsin lossof
synchronizationn thedecoderin bothcasesthetransmis-
sionerroroccurredn thefirst 100 transmittecbits, andthe
reconstructedmageis shavn atrate0.25 bpp. In atypical
image,thosebits whereerrorsusuallyleadto lossof syn-
chronizationmake up a significantfraction of the total bits
- often 70 to 80 percentof the bits for imagescompressed
to ratesof 0.5 bits perpixel andbelow. This obsenationis
demonstrateéh the stacled bar graphin Figure 3 for sev-
eral bit planesof the “Lena” image. The visual effect of a
bit error generallydecreaseasa function of how far into
thebit streantheerroroccursdueto theprogressie nature
of thecoder

The factthat bit errorsso oftenresultin extremelyun-
naturallooking imagessuggestshat decodinga corrupted
bit stream(i.e. into EZW or SPIHT symbols)shouldre-
sultin parsedsymbolsthatarevery unlikely for naturalim-
ages.lt is precisely the frequent occurrence of improbable
symbol sequences resulting from bit-error corrupted image
transmissions that we study, in an effort to use knowledge
of source information to combat transmission errors.  In
whatfollows, we investigateheresidualredundang in the
outputof a zerotreewavelet coderbasedon the SPIHT al-
gorithm, togetherwith the effects of uncorrectecchannel
errors.

2.Joint Source-ChannelDecoding

Theideabehindjoint source-channalecodings to use
the residualredundang in a compressedourceto assist



Figure 1. 512x512 Lena (at 0.25 bpp) with
a single sign bit error in a large magnitude
coefficient.

in thechannedecodingoperation f the sourcecoderwere
idealfor anoiselesghannelthenthecompressetit stream
would consistof independenequally-likely bit values. In
practice the sourcecoderis not ableto perfectlycompress
the data,and often it is infeasibleto add additionalloss-
lesscompressiorat the encodersuchasarithmeticcoding,
dueto compleity constraint®r compliancewith standards.
Also, theresultsin [7] indicatethatit may be betterto use
the residualredundang at the recever thanremove it in
a noisy ervironment. Theresidualredundang in a source
canbeutilizedby achannetecodeto correctbit errorsthat
might otherwisego unnoticed.This conceptwasexploited,
for example,in speechand image coding applicationsin
[1, 3,5, 7]. As notedin [3], whensmoothingof the de-
codedoutputcanbe usedto mitigatethe effectsof channel
errors,thereis residualredundang which canbe exploited
by the channeldecodetto directly improve channeldecod-
ing. An importantproblemfor a given sourceanda given
sourcecodingalgorithmis to characterizehe natureof the
residualredundany.

3. lllegal Sequences

If asourcecoderhasthe propertythatnotevery possible
bit streamis a potentialoutputof the coder thenthereis
someinherentredundang in the coder(e.g. Huffmancod-

Figure 2. 512x512 Lena (at 0.25 bpp) with
a single sorting bit error leading to error
propagation.

ing doesnot have this property).In somecasest canprove
more corvenientto leave this redundang in the coderbe-
causethe extra transmissiorrateis very smallandremov-
ing it canbedifficult. Also thedecodercanuseknowledge
aboutsuchillegal sequence detecterrors- thatis, if the
decodemparsesanillegal sequencéonethe encodingalgo-
rithm would never choose)thenthe decodercanbe certain
anerroroccurred.

The Said and Pearlmanalgorithm hassomeillegal se-
guencesvhich canall be usedfor bit error detection. The
illegalsequenceareall relatedto theextensionof thesetof
significantcoeficients(i.e. thosecoeficientswith magni-
tudeatleastaslargeasthecurrentbit plane)throughtheex-
tensionof the treeof coeficientsunderconsiderationThe
codesyntaxallows for the possibility of specifyingthat a
significantcoeficientliesin agivenbranchof thetreewhile
declaringall suchcoeficientsinsignificant- clearlytheen-
coderwould neverusesuchasequence.

Specifically the algorithmprocesse2x2 groupsof sib-
ling wavelet coeficients (i.e. thosecoeficientswith the
sameparentin the tree) asa unit when checkingfor new
significantdescendantsIf none of thesefour coeficients
had a significantdescendanin an earlier bit planethena
single bit is usedto indicatewhetherany of the four has
a significantdescendanin the currentbit plane. In cases
wherea significantdescendaris indicated,four bits spec-
ify which membersof the 2x2 group have significantde-
scendantsOnly 15 of the possiblel6 sequencesf 4 bits
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Figure 3. Bit type distrib ution vs. bit plane
number for the 512x512 Lena image.

areallowed sinceat leastoneof the coeficientshasa sig-
nificantdescendant.

The otherillegal sequencés more dispersedn the bit
stream. Immediatelyafter declaringthat a coeficient has
significantdescendantghe significanceof the 2x2 group
of its childrenis reported. Thenthe group of childrenis
placedon the end of the currentlist of sibling groupsso
thatit canbe checledfor significantdescendantat a later
time. An illegal conditionoccursif asibling groupis added
but noneof its coeficientsor descendantare reportedto
be significant. The bits leadingto this conditiontendto be
dispersedn the bit streamwith a spacingthatis dependent
onthenumberof sibling groupsin thelist.

Theseillegal conditionsall occurduringthe descendant
testphaseof theSPIHTalgorithm.Processingn the SPIHT
algorithmis accomplishedvith a few sub-passethrough
the dataso that all currentinsignificantnodesin the list
aretestedfor significancethenall element<f thelist are
checledfor significantdescendantgndfinally all signifi-
cantcoeficientsarerefined.This groupingof testscanlead
to alarge numberof bits betweeranerrorandandanerror
detectionby anillegal condition, especiallyas the coding
rate increasessincethe sub-passebecomelonger Inter
leaving the testsreduceghis problemsincethe descendant
testswill be dispersedhroughouthe bit streaminsteadof
in blocks. Theimpactof thisre-orderingon thesourcecod-
ing performances very smallandmayevenimprove it for
someimagesat certainrates. The performanceof the two
will of coursebe equalat the point whereeachbit planeis
complete.

In orderto evaluatethe error detectionperformanceof
illegal sequencedyoth the probability of detectionandthe

numberof bits from the errorto the point of detectionwere
examined. The conditionalcumulatie distributions of the
numberof bits beforedetection(conditionedon the event
thatthe errorwasdetectedfor severalimagesis shavn in

Figure4. Thesedistributionsshaw thefractionof errorsde-
tectedwithin a certainnumberof bits for singlebit errors.
Theperformances similar overarangeof imageswith me-
diandetectiordelaysontheorderof 100-200bitsandmean
detectiondelayson the order of 200-300bits. The condi-
tionaldistributionwasconsideredecauserrorsin signand
refinementits do not leadto error propagatiorso cannot
causdllegal sequences.

Conditional cumulative distribution of the number of bits
before detection given the error was detected.
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Figure 4. Detection performance for single bit
errors.

An interestingquestionto consideris how the impor-
tanceof anerror(in termsof its effect on PSNR)is related
to thedetectiondelay Thoseerrorswhich go undetectear
leadto long delayswill hopefully alsohave lessof anim-
pacton decodedmagequality. The scatterplot in Figure
5 shaws the detectiondelay and decoded®SNRfor mary
single-biterrortrials. The pointsin the plot with detection
delayequalto 66000(i.e. thosein the upperright corner
of the plot) correspondo undetectecerrorssincethe en-
tire compressedmage containedfewer bits. While some
of theseundetecteckrrorsoccurredin descendantr node
testbits, it canbe notedthatall hada relatively smallim-
pactonimagequality. The plot alsoshawvs thatin general
the errorswith longerdelaysare the oneswhich resultin
lessdegradationof PSNR.This relationshipis very differ-
ent from corventionalerror detectionusing parity checks
onthebit valueswhereperformancevould beindependent
of decodedPSNR.

Theperformancevasalsotestedwith bursterrors which
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Figure 5. Detection performance for single bit
errors.

aretypical of the errorsat the outputof a decodeifor con-
volutionalcodeg(i.e. a Viterbi decoder) Burstsof duration
10bits, with probability0.5 thatanindividualbit is in error,
wereinsertedin independentrials at mary differentloca-
tionsin thebit stream.Theerrordetectiorperformancavas
very similarto the singlebit errorcase.

4. Wavelet Coefficient Dependencies

In order to provide soft likelihood information to the
channeldecodeythe probability of ary particularinput se-
guencemustbe evaluated.Sincethe encodingoperaten
wavelet coeficients, it is naturalfor the decoderto utilize
dependenciem the waveletdomainto evaluatethe lik eli-
hoodof a sequenceAn importantquestionis to determine
whatdependenciexist andhow they affectthedistribution
of codesequences.

The zerotreemethodalreadytakes advantageof some
dependengcamongwaveletvaluesby usingthefactthatif a
coeficientis foundto havemagnitudebelowv agiventhresh-
old, thenall its descendents the wavelettreealsotendto
have magnitudesdelow this threshold. For a bit planeen-
coderliketheEZW algorithm thisimpliesthatparentodes
tendto becomesignificantbeforedescendentdn orderto
estimatdik elihoodinformation,it is importantto estimate
thedistribution of the bit planewherea child becomesig-
nificant,giventhe parentvalue(or its quantizedepresenta-
tion availableatthedecoder) Examiningthejoint distribu-
tion of parentandchild log-magnitudedor several natural
imagesrevealsthat thereis a dependeng for large values
of the parentwhich is thetypical region for low rateimage

compressionFigure6 shavs a contoumplot of thejoint dis-
tribution of parentand child log-magnitudedor the Lena
image.Thesameparent-childdependengwasexploitedin
[2] for imagecompression.

Parent—child distribution for 512x512 Lena

(4

Child log2(magnitude)

-4 -2 0 2 4 6 8 10
Parent log2(magnitude)

Figure 6. Joint distrib ution of parent-c hild log
magnitudes.

The joint distribution is typically very similar over a
large rangeof naturalimages.In the progressie decoder
the distribution will provide someinformationon whena
child shouldbecomesignificantgiventhe parents decoded
value.

Transmissiorerrorstendto causemore coeficients to
be declaredsignificantin a singlebit planethanis normal
for a naturalimage. Also, the tree of wavelet coeficients
underconsideratiortendsto extend deepelin a single bit
plane. In a naturalimage,new significantcoeficientsare
usuallychildrenof currentleaf nodesof thetreeor perhaps
grandchildrenput rarely ary deeperdescendantsAfter a
lossof synchronizatiordueto bit errors,the decodedsym-
bols leadto unusualparent-childmagnituderelationships.
Thereforea metricbasedn probabilityestimatedrom the
parent-childoint distribution canallow errorsto be recog-
nized. Initial resultsare encouragingand more extensve
testingis undervayin orderto drav moreconclusionsabout
the effectivenesof the metric.

5.Conclusion

We have identified illegal symbol sequencesn the
SPIHTzerotreecoderwhich canbeusedfor errordetection.
Detectionperformancavasevaluatedin termsof probabil-
ity of detectionand detectiondelay sincequick detection



canhelpreduceghenumberof candidatalecodedequences
consideredn thechanneldecoderTheresultsrevealdetec-
tion delayson the orderof 100-200bits. Smallerdelaysoc-
curfor errorsthatleadto moresevereimagequality degra-
dation. We have alsoproposedhe useof the parent-child
magnitudejoint distribution to constructa soft likelihood
metric.

On-goingandfuturework includesevaluationof theper

formanceof the parent-childdistribution metric in distin-
guishingbetweemoisyandnaturaldecodedmagesinclu-
sionof otherdependencieis the metriccomputationjnte-
grationof themetricwith channedecodingalgorithmsand
evaluationof the performanceof the joint source-channel
decoder
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