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Abstract

This paperdescribes nev methodof lossystill imagecompressiongalledAdap-
tively Scanned\aveletDifferenceReduction(ASWDR). The ASWDR method
producesanembeddedbit streamwith region of interestcapability It is asimple
generalizatiorof the compressiormethoddevelopedby Tian and Wells, which
they have dubbedWaveletDifferenceReductiofWDR). While theWDR method
emplgys a x ed orderingof the positionsof wavelet coefcients, the ASWDR
methodemploys a varying orderwhich aimsto adaptitself to speci ¢ imagefea-
tures. This imageadaptve approachenablesASWDR to outperformWDR in
a rate-distortionsense andto essentiallymatchthe rate-distortionperformance
of the widely usedcodec,SPIHT, of Saidand Pearlman.ASWDR compressed
imagesexhibit betterperceptuabualities,especiallyat low bit rates,thanWDR
andSPIHT compressetmages.ASWDR retainsall of theimportantfeaturesof
WDR: low compleity, region of interestcapability embeddednesandprogres-
sive SNR.

Keywords: Imagecompressionywavelettransform;signalprocessing.

1 Intr oduction

This paperdescribesan improvementof the WDR algorithmof Tian and Wells

([1] and[2]), referredto as ASWDR. The ASWDR algorithmaimsto improve

the subjectve perceptuatjualitiesof compressetmagesandimprove the results
of objectve distortionmeasuresWe shall treattwo distortionmeasuresPSNR

andedge correlation,whichwe shallde ne in thesectionon experimentalesults.
PSNRis a commonlyusedmeasuref error, while edgecorrelationis a measure
thatwe have found usefulin quantifyingthe preseration of edgedetailsin com-

pressedmages,and seemgo correspondwell to subjectve impressionf the

perceptuafuality of the compressednages.

ASWDR achiezesthesemprovementsof WDR while retainingall of theim-
portantfeaturesof WDR, suchaslow compleity, region of interest(ROI) ca-
pability, embeddednessind progressie SNR capability The improved quality
of ASWDR compressed@magesat low bit rates,plusits ROl capability hasap-
plicationsto imagedatabaseearch/retrigal, to remotemedicalimagetransmis-
sion/diagnosisand to multi-resolutionmethodsfor reconnaissancand feature
extraction.



The paperis organizedasfollows. Section2 brie y describeshe WDR algo-
rithm. In Section3 we discusghe rationalebehindASWDR andgive a detailed
descriptionof this new algorithm.In Sectiord we discussxperimentaresultsof
applyingASWDR to compressingestimages,and compareit to WDR andthe
SPIHT algorithm[3]. A brief concludingsectionendsthe paper

2 The WDR algorithm

The ASWDR methodis a generalizatiorof the WDR methodof Tian andWells
([1] and[2]), sowe shallbegin by brie y summarizingthe WDR method. The
WDR methodhastwo principal advantages.First, it producesan embeddedit
stream—therebfacilitatingprogressie transmissiorover smallbandwidthchan-
nelsand/orenablingmultiresolutionsearchingand processingalgorithms. Sec-
ond, it encodeghe preciseindicesfor signi cant transformvalues—therebwl-
lowing for Region of Interest(ROI) capabilityandfor imageprocessingpera-
tionson compressednage les [4].

The WDR algorithmis aremarkablysimpleprocedure A wavelettransform
is appliedto theimage.Then,the bit-planeencodingprocedurdor thetransform
values describedn [5] and[3], is carriedout. This bit-planeencodingprocedure
consistof asigni cancepassandare nementpass Duringthesigni cancepass,
the valuesof the wavelettransformof theimageare scannedhroughin alinear
order(say , Y , Wwhere is the numberof pixels),anda value
is deemedkigni cant if it is greaterthanor equalto a thresholdvalue. An index

is removed from the scanningorderif it is foundto be signi cant. During the
re nementpassprevioussigni cant valuesarere ned to afurtherprecision.

The distinguishingfeatureof WDR is its methodof encodingthe positions
of signi cant transformvalues. This methodis calleddifferencereduction. It is
mosteasily describedthroughan example. Supposehat the signi cant indices
foundin the signi cancepassare , , , ,and . Ratherthanwork with
thesevalues,we work with their successte differences: , , , , . Inthis
latterlist, the rst numberis the startingindex andeachsuccessie numberis the
numberof stepsneededo reachthe next index. The binary expansionsof these
successie differencesare : : : , and . Sincethe
mostsigni cant bit in theseexpansiongs always , we candropthis bit anduse
the signsof the signi cant transformvaluesas separatorsn the symbolstream.
For example,supposehat thesesigni cant transformvaluesare :

: : , and , thenthe



resultingsymbolstreamwould be

Whenarithmeticcodingis employed, thena probablllstlcmodells usedfor
encodingthe four symbols , , , and , into a compressegtreamof bits [6].
TheWDR methoddescribedn [1] and[2] usesanarithmeticcodingtechniqueo
slightly improve compressiomerformancealthoughit is alsopossibleto usethe
two-bit encodingof thesefour symbolsdescribedelow.

Oncethe positionsof signi cant transformvalueshave beendeterminedor
a certainthreshold,thenthesepositionsare removed from the scanordetr For
instancejf theinitial positionsare |, e , say and and
arefoundto be signi cant, thentheinsigni cant transformvaluesare ...,

yee s , Which arethenmappedo a new setof values as
foIIows e
This hastheeffect of reducingthe Iengthsof subsequerttinary expansionsof the
numberof stepshetweemew signi cant positions.

There nementbitsgeneratedh there nementpassareproducedria thestan-
dardbit-planequantizatiorprocedureFor instanceif anold signi cant transform
value's magnituddies in the interval say andthe presenthresholdis
thenit will decidedf this magnituddiesin either or . In thefor-
mercasethebit isgeneratedwhile in thelattercasethebit isgeneratedThis
amountgo encodingeachsigni cant valuein abinary expansionusingtheinitial
thresholdasunit-value. The symbolstreamgeneratediuringthere nementpass
is alreadynaturally encodedn bits, but arithmeticcompressiorcan be usedto
slightly reducethe sizeof this bit stream.

3 The ASWDR algorithm

Now thatwe have brie y outlinedthe WDR algorithm,we candescribethe im-
proved versionof this algorithm,the ASWDR algorithm. We shall begin with a
step-by-stemescriptionof ASWDR, andthendiscusgherationalebehindit.

The ASWDR Method
Step 1. Performa wavelettransformof the discreteimage, , pro-

ducingthe transformedmage, . In the experimentsdescribedbe-
low, a Daub9/7 transform(see[7]) wasused.

Step 2. Choosea scanningorder for the transformedmage,which is a
one-to-oneand onto mapping, , Wherebythe transformval-
uesarescannedhroughvia a linear ordering . In[1] and
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[2], the scanningorderis a zigzagthroughsubbandgrom higherscaleto
lower-scale[5] with row-basedscanningn thelowpass/highpas@orizon-
tal) subbandandcolumn-basedcanningn thehighpass/lapasqvertical)
subbands.

Step 3. Choosean initial threshold, , suchthat at leastone transform
value, say satis es andall transformvalues, , satisfy

Step4. (Signi cance pass).Recordpositionsfor new signi cant values—
i.e., thosenew indices for which hasa magnitudegreaterthanor
equalto the presenthreshold.Encodethesenew signi cant indicesusing
thedifferencereductionmethod.

Step5. (Re nementpass).Recordre nementbits, the next signi cant bits,
for the old signi cant transformvalues(signi cant transformvaluesdeter
minedusinglargerthresholdvalues). This generatiorof re nementbits is
the standardbit-planeencodingthat is employed by all embeddedtodecs
(asdescribedn [5] and[3], andwhichwe brie y summarizedbore).

Step6. (New ScanningOrder).For thehighest-scaléevel (theonecontain-
ing the all-lowpasssubband)usethe indicesof the remaininginsigni cant
valuesasthe scanorderatthatlevel. Usethescanorderatlevel to create
the new scanorderat level asfollows. Runthroughthe signi cant
valuesat level in the wavelettransform. Eachsigni cant value,calleda
parentvalue,inducesa setof four child valuesasdescribedn the spatial-
orientationtree de nition in [3]. The rst part of the scanorderat level

containgheinsigni cant valueslying amongthesechild values.Run
throughtheinsigni cant valuesatlevel inthewavelettransform.Thesec-
ond part of the scanorderat level containsthe insigni cant values
lying amongthe child valuesinducedby theseinsigni cant parentvalues.
Usethis new scanningorderfor level to createthenew scanningorder
for level , until all levelsareexhausted.

Step7. Divide the presenthresholdby 2. RepeaiSteps4—6 until eithera
givenbit budgetis exhaustedr a givendistortionmetricis satis ed.

Whendecodingthe stepsabove arerecapitulatedo producea quantizedoutput.
At the very end,eachquantizedvalueis roundedinto the midpointof the quanti-



zationbin thatit liesin. During this ASWDR procedurethe symboloutputcan
alsobesubjectedo arithmeticcodingin orderto achiese furthercompression.

In practiceit wasfoundto be betterto skip Step6 for the rst ve rounds.
The reasonfor doing this will be provided below, alongwith the rationalefor
performingStep6 afterthe rst verounds.

This seven-stepASWDR proceduras nothingmorethanthe WDR procedure,
but with the additionof the new Step6 for creationof new scanningorders.We
shallnow give ajusti cation for performingthis step.It doesnot greatlyincrease
the complity of the algorithm, sinceit addsonly four comparisonoperations
per pixel (the testingof insigni cance of child valuesfor inclusionin the new
scanningorder)to one-quartenf the total numberof pixels. Thatis anaverage
of onecomparisoroperationperpixel. Thisis nota substantialncreaseoverthe
low-compleity of theWDR algorithm.

Thereasongor producingthis new scanningorderareto (1) usea scanorder
thatre ectsthecorrelationbetweersigni cant parentransformvaluesandsignif-
icantchild transformvaluesand(2) to forceinsigni cant valuedying in zerotrees
to thebackof thescanningprderateachlevel. Theaimis to reducehe numberof
stepsbetweersigni cant transformvalues,therebydecreasinghe lengthsof the
symbolstringsneededor encodingthesedistances.n [8] it is shovn thatthere
is a high correlationbetweenrsigni cant transformvalues whosemagnitudesre
atleast , andsigni cant child transformvalues,whosemagnitudesare at least

. Figure4B in [8] providesa goodillustration of this correlation.That gure
shaws a conditionalhistogramfor ne scalehorizontalsubbandransformvalues
from the Boatstestimage. The conditionalhistogramis of (base2 log
of child magnitudesyersus (base2 log of parentmagnitudes)lt is clear
from the gure thatalargepercentagef child magnitudesreabove
i.e.,areeithersigni cant atthe presenthreshold hencealreadycoded)or will be
signi cant atthe next threshold henceshouldbe scannedrst).

In Fig. 1, we provide anillustration of this correlation. This gure wasob-
tainedfrom a Daub9/7 wavelettransformof the Lenaimage.Figurel(a)depicts
theinsigni cant child values(shovn in white)in the  level vertical subbandf
signi cant parentvaluesin the  level vertical subbandwhenthe thresholdis

. Figure 1(b) depictsthe new signi cant valuesfor the half-threshold—those
whosemagnitudesare lessthan  andgreaterthanor equalto —in the
vertical subband.Notice thatthe child locationsin Fig. 1(a) aregoodpredictors
for thenew signi cant valuesin Fig. 1(b). Althoughthesepredictionsarenot per
fectly accuratethereis a greatdeal of overlapbetweernthe two images(in fact,
thefractionof new signi cant valuesthatlie within the rst partof thescanorder
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createdby Step6 is ). By putting thesechild locationsinto the rst part of
thenew scanningorderateachlevel, thenumberof stepshetweerthemshouldbe
reducedln fact,if apredictionis correct,thenthe outputspecifyingthatlocation
will consistof only the signof thenew signi cant value.

Figurel: (a) Insigni cant childrenin the  vertical subbanchaving signi cant
parentsn the  verticalsubbandvhenthethresholds . (b) New signi cant
valuesin the  verticalsubbandvhenthethresholds decreasetb

Notice alsohow thelocationsof signi cant valuesarehighly correlatedwith
thelocationof edgesn the Lenaimage.The scanningorderof ASWDR dynam-
ically adaptsto the locationsof edgedetailsin animage,andthis enhanceshe
resolutionof theseedgesn ASWDR compresse@nages.

We now presensomestatisticsor estimatingheconditionalprobability
de ned by

new sig.valuein  partof scan new sig.value (1)



of anew signi cant valuebeingfoundwithin the rst partof the new scanorder
(for a x edlevel) createdoy ASWDR. In Tablel we give thefractionof new sig-
ni cant valuesbeingfoundin the rst partof thenew scanorderat severallevels
for four testimagesandfor a randomnoiseimage. The datain this tableclearly
shaw thatthe probabilityin Eq. (1) is muchgreaterfor high-magnitudehreshold
valuesfor the testimagesthanfor the randomnoiseimage. (By high-magnitude
valueswe meanthosevaluesvhosemagnitudesregreatethanthestandardlevi-
ationof thechild subband.Suchhigh probabilitiegustify scanninghroughchild
valuesof signi cant parentsrst. It shouldbe notedthat probabilitiesbetween

and  only begin to be realizedat thresholdsbelov . Suchthresholds
occut for theimagesused,afterthe fth passthroughthe loop in the ASWDR
procedure Thatis thejusti cation for skippingStep6 in the ASWDR procedure
the rst vetimesthrough.

Notice that, for the randomnoiseonly, it is unlikely thata newly signi cant
child valuewill be foundin the rst part of the scanorderwhenthe threshold
is greaterthanthe standarddeviation for the child subband.This facilitatesthe
separatiorof noisytransformvaluesfrom imagetransformvaluesat muchlower
thresholdghanis possiblewith the standardvaveletthresholdingmethods.This
new denoisingmethodologyis describedn [9].

The new scanningorder stepin the ASWDR procedurealsoassigngndices
for insigni cant children of insigni cant parentsto the secondpart of the nen
scanningorder Thisis anattemptto exploit theprevalenceof zerotreesn wavelet
transformsTheprevalenceof zerotreesn wavelettransformsof naturalimagess
well-known ([5] and[3]). Sincesigni cant transformvalueswill never be found
in zerotreeseachnew scanningorderaimsto force the component®f zerotrees
to theendsof thescanningrderateachlevel. Thegoalis to reduceghe numberof
stepsbetweenthosesigni cant transformvalueswhoseparentsareinsigni cant
by forcing thosevaluestowardthe beginningof the scanordet

In the paragraphsbove, we have givenana priori justi cation for creatinga
new scanningorder We now give ana posteriorijusti cation. We presentssome
datawhich shawv that the new scanningorder stepin ASWDR doesallow it to
encodemoretransformvaluesthanWDR. Theonly differencebetweenrASWDR
andWDR is in the predictve schemeemployed by ASWDR to createnew scan-
ning orders.Consequentlyif ASWDR typically encodesnorevaluesthanWDR
does,thenthis mustbe dueto the succes®f the predictve scheme.In Table 2,
thereis acomparisorof the numberof valuesencodedy WDR andASWDR for
four testimagesatdifferentcompressiomatios. The ASWDR andWDR methods
both usedthe Daub9/7 wavelettransformwith 7 subbandevels. The valuesfor
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Parent level/Threshold | 512 256 128 64 | 32 16 8
Lena, ( )
Lena,
Lena, ,
Barbara, ( )
Barbara, ,
Barbara,
Goldhill,
Goldhill,
Goldhill, ,
Air eld, :
Air eld, :
Air eld, ,
Noise,
Noise,
Noise,

Tablel: Fractionof new signi cant valuescapturedoy rst partof thenew scan
ordercreatedby ASWDR. The standarddeviations arefor the child subbands
of eachlevel. The Noiseimagewascreatedoy wavelettransforminga simulation

of Gaussiarrandomnoisewith mean andstandarddeviation . A fraction

in parenthesemdicatesthatit may be an unreliableestimateof the conditional

probability in EqQ. (1), dueto the numberof new signi cant values
beingtoosmall(lessthan ).



ASWDR andWDR were obtainedwithout arithmeticcoding. The codingused
wasa binary encoding.In otherwords,the signi cancesymbols , , , and
wereencodedasthetwo-bit strings , , ,and , respectrely, andthere-
nementbits and wereleft asis, andall thesebits werethenpacledtogether
as8-bit bytes.

Thedatain Table2 showvsthat,in almostevery case ASWDR encodesnore
valuesthan WDR. This providesan a posteriorijusti cation for addingthe new
scanningorderstepto theWDR procedure.

4 Experimental results

In this sectionwe shallcompareASWDR with WDR andwith oneof thebestim-
agecodecs—on¢hatgivesnearlythe highestPSNR valuesover awide rangeof
testimages—theSPIHT methodof [3]. We usedthetestimagesLena,Goldhill,
Barb,andAir eld [10].

We bggin with PSNRvaluesfor ASWDR, WDR, and SPIHT. In Table3 we
shaw the resultsof using ASWDR and SPIHT without arithmeticcoding. Both
ASWDR and WDR useda -level Daub9/7 wavelet transform. The distortion
measurausedin the tableis PSNR,which althoughit is not alwaysreliableasa
gaugeof subjectve visual quality, hasbecomea defactostandardor comparing
codecs.We shallreportbelow theresultsfor anedgecorrelationmeasurewhich
seemgdo be morefaithful to the perceptuafuality of compressednages.

The resultsin Table 3 showv that SPIHT and ASWDR performat essentially
the samelevel when arithmeticcompressions not employed. Thereare situa-
tionswherethe needfor speeds critical andthe useof arithmeticcompressiofms
avoidedin suchcasesWhenarithmeticcompressioris notemployed,theadvan-
tagesof ASWDR—suchasits ROI capabilityandits ability to carry outimage
processingoperationson compressedata—mak it a worthwhile alternatve to
the SPIHT method.

Whenarithmeticcompressiotis employed,the SPIHT methodperformsbetter
thanthe ASWDR andWDR methodsn termsof the PSNRmetric. Thisis shavn
by theresultsin Table4. Thedifferencesn PSNRbetweenPASWDR andSPIHT
arerelatively small, however, andmay only re ect the factthat ASWDR usesa
relatively unsophisticateanodel for arithmeticcoding. It employs a context-1

1The PeakSignalto NoiseRatio,PSNR,in decibelss , where and
aretheoriginalandcompressedmages.
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Image Method WDR | ASWDR | % increase
Lena, 0.25bpp

Lena, 0.5bpp
Goldhill, 0.25bpp
Goldhill, 0.5bpp

Barbara, 0.25bpp
Barbara, 0.5bpp
Air eld, 0.25bpp
Air eld, 0.5bpp

Table2: Comparisorof numbersf valuesencodedy WDR andASWDR.

Image Method SPIHT | ASWDR | WDR
Lena, 0.25bpp
Goldhill, 0.25bpp
Barbara, 0.25bpp
Air eld, 0.25bpp
Lena, 0.5bpp
Goldhill, 0.5bpp
Barbara, 0.5bpp
Air eld, 0.5bpp

Table3: PSNRvaluesfor threemethodswithoutarithmeticcompression.
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model[11] for encodingthefour signi cancesymbols.Thatis, four separatéis-
togramsareusedfor encodingeachsymbolbasedon its frequeny of occurrence
following oneof thefour possibleprevioussymbols.For encodinghetwo re ne-
mentbits, ASWDR simply usesa singlehistogram(i.e., a context-0 model[11]).
SPIHT, onthe otherhand,emplo/s a moresophisticateadtodingprocedurebased
on spatialcontext modeling[12].

PSNRvalues however, do nottell thewhole story. We now turnto anexami-
nationof somecompressetmagesdonewith eachalgorithm.

In Fig. 2, we shov compression®f the Lenaimage at bpp (16:1). It
is dif cult to obsere ary differencesat all betweenary of theseimages. This
illustratesthatall threecompressiomethodgroduceequallygoodcompressions
atmoderatelyhigh bit rates.

Somedifferencedbetweercompressetanagesioappeaatlowerbit rates.For
example,in Fig. 3 we showv bpp (32:1) compressionsf the Barbaraimage.
TheASWDR andWDR imagesareperceptuallysuperiorto theonesproducediy
SPIHT. The SPIHT compressiomasdistortedBarbaras left eye anderasedarge
partsof the striping on the tablecloth. The ASWDR andWDR compressionsre
moredif cult to distinguish.The ASWDR imagedoespresere some ne details
which WDR erasesor distorts,we shaw this in the magni ed imagesin Fig. 4.
The ASWDR compressionn Fig. 4(b) hasretainedmore of the striping in the
tablecloththanthe WDR compressionn Fig. 4(a). At the bottomcornerof the
tablecloth,the striping in the ASWDR compressions in the properorientation,
while in the WDR compressiont haslost much of its coherencgand appears
asslightly thicker stripeswith a differentorientationfrom the original). The toy
trackis alsoslightly betterpresered by the ASWDR compression.

As anotherxample we examinecompressionsf the Air eld imageatavery
low bit rate. In Fig. 5 we shav compressedmagesof Air eld at bpp
(128:1). The WDR and ASWDR methodshoth presere moreof the ne details
in theimage.At thetop of its imagein Fig. 5(c), SPIHT erasesnary ne details
suchasthetelephongyole andtwo smallsquarestructurego theright of thethin
blackrectangle.Thesedetailsare presered, at leastpartially, by both WDR and
ASWDR. The ASWDR imagedoesthe bestjob retainingsomestructurein the
telephonegpole. ASWDR is alsobestat preservinghe outline of the swept-back
wingedaircraft,especiallyits thin nose locatedto thelower left of center

Of course,a few imagesare not sufcient for draving broad conclusions.
Clearly, someobjectve measureof the preseration of detailsis needed. Ob-
senershave commentedhatWDR andASWDR compressetinagesappeasharper
thanSPIHT compressedmnages.Reasoninghat humanvisual systemdocuson
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(d)
Figure2: Compressionsf Lenaat  bpp. (a) WDR compression(b) ASWDR
compression(c) SPIHT compression(d) Original (  bpp).
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(c) (d)
Figure 3: Compression®f Barbaraat bpp. (a) WDR compression. (b)
ASWDR compression(c) SPIHT compression(d) Original ( bpp).
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@

Figure4: Magni cations of Barbaracompressionsit bpp. (2) WDR com-
pression. (b) ASWDR compression.(c) SPIHT compression.(d) Original (
bpp).
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(a) (b)

() (d)
Figure5: Compressionsf Aireld at bpp. (a) WDR compression.(b)
ASWDR compression(c) SPIHT compression(d) Original ( bpp).
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edgeswvhenanalyzingimages the following methodwasusedto produceanim-
agethatretainsonly edges. First, a 3-level Daub 9/7 transformof an imageis
created.Secondtheall-lowpasssubbands subtractegway from this transform.
Third, aninversetransformis performedon the remainingpart of the transform.
This producesa highpassltered image,which exhibits edgesfrom the original
image. A similar highpassltered imageis createdrom the compresse@mage.
Both of thesehighpassltered imageshave meanvaluesthat areapproximately
zero.We de ne theedge correlation by

where denotegthe varianceof the valuesof the highpassltered versionof
thecompresseimage,and denoteghe varianceof the valuesof the highpass
Itered versionof theoriginalimage. Thus measuretow well thecompressed
imagecaptureshevarianceof edgedetailsin the originalimage.

Using this edgecorrelationmeasurewe obtainedthe resultsshovn in Ta-
bles5 and6. In every case,the ASWDR andWDR compression$iave higher
edgecorrelationghanthe SPIHT compressionsThe ASWDR edgecorrelations
are,in almostevery case slightly higherthanthe WDR edgecorrelations.These
numericalresultsare consistentwith theincreasegresenration of detailswithin
ASWDR andWDR images.Noticethat, for the magni ed imageof Barbarathe
edgecorrelationgn Table6 shov that ASWDR is clearly superiorto both WDR
andSPIHT (andWDR is superiorto SPIHT aswell).

For theair eld compressions Fig. 5, we shawv in Table7 thevaluesfor three
differentedgecorrelations , ,and . Thevariable equalsthenumber
of levelsin the Daub 9/7 wavelet transformretainedby the high-passltering.
A highervalueof meansthat edgedetailsat lower resolutionswere usedin
computingthe edgecorrelation . The edgecorrelationsin Table7 show that
ASWDR is best,atthevery low bit rateof bpp,in preservingedgesn the
air eld imageover severalresolutionlevels.

The resultsdescribedn this sectionshov that ASWDR is a promisingnew
methodwhichyieldsimprovedpreserationof detailsatlow bit rates.Preserving
detailsat low bit ratesis a vital propertyfor applicationssuchasremotemedical
diagnosisvia rapid transmissiorof compresset@mages,andfastsearch/retrieal
of imagesn databases.
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Image Method SPIHT | ASWDR | WDR
Lena, 0.25bpp
Goldhill, 0.25bpp
Barbara, 0.25bpp
Air eld, 0.25bpp
Lena, 0.5bpp
Goldhill, 0.5bpp
Barbara, 0.5bpp
Air eld, 0.5bpp

Table4: PSNRvaluesfor threemethodswith arithmeticcompression.

Image/Method ASWDR | WDR | SPIHT
Lena, 0.5bpp
Lena, 0.25bpp
Goldhill, 0.5bpp
Goldhill, 0.25bpp
Barbara, 0.5bpp
Barbara, 0.25bpp
Air eld, 0.5bpp
Air eld, 0.25bpp

Table5: Edgecorrelationswith arithmeticcompression.

Method/Measure | EdgeCorr.
ASWDR
WDR
SPIHT

Table6: Edgecorrelationdor magni cationsof Barbaran Fig. 4.
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5 Conclusion

In this paperit wasshown that an adaptvely scannedvavelet differencereduc-
tion methodyieldsanembeddeadodec,comparablen performanceo thewidely
usedSPIHT codec but which hasROI capabilityandis betterat preservingedge
details. Futurework will aim to improve the predictionprocedureusedto adap-
tively construchew scanningorders.This work shouldinvolve aweightedJinear
predictorasdescribedn [8].

The tree-basecdhatureof ASWDR appliesto uniform subbandtransforms.
Henceit shouldbe adaptedto suchtransforms,in orderto producebetterper
formancefor imagedik e Barb andGoldhill.

The presentversionof ASWDR, like SPIHT, is memoryintensive. Further
researchs neededo produceablockwavelettransformversionof ASWDR.Such
ablock transformshouldyield anaccompaying localizeddenoisingprocedure.
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Corr./Method | ASWDR | WDR | SPIHT

Table7: Edgecorrelationdor 128:1compressionsf Air eld image.
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