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Abstract

Thispaperdescribesanew methodof lossystill imagecompression,calledAdap-
tively ScannedWaveletDifferenceReduction(ASWDR). The ASWDR method
producesanembeddedbit streamwith region of interestcapability. It is a simple
generalizationof the compressionmethoddevelopedby Tian andWells, which
they havedubbedWaveletDifferenceReduction(WDR). While theWDR method
employs a �x ed orderingof the positionsof wavelet coef�cients, the ASWDR
methodemploys a varyingorderwhich aimsto adaptitself to speci�c imagefea-
tures. This imageadaptive approachenablesASWDR to outperformWDR in
a rate-distortionsense,and to essentiallymatchthe rate-distortionperformance
of the widely usedcodec,SPIHT, of SaidandPearlman.ASWDR compressed
imagesexhibit betterperceptualqualities,especiallyat low bit rates,thanWDR
andSPIHTcompressedimages.ASWDR retainsall of the importantfeaturesof
WDR: low complexity, region of interestcapability, embeddedness,andprogres-
siveSNR.

Keywords: Imagecompression;wavelettransform;signalprocessing.

1 Intr oduction

This paperdescribesan improvementof the WDR algorithmof Tian andWells
([1] and[2]), referredto asASWDR. The ASWDR algorithmaimsto improve
thesubjectiveperceptualqualitiesof compressedimagesandimprove theresults
of objective distortionmeasures.We shall treat two distortionmeasures,PSNR
andedgecorrelation,whichweshallde�ne in thesectiononexperimentalresults.
PSNRis a commonlyusedmeasureof error, while edgecorrelationis a measure
thatwe have foundusefulin quantifyingthepreservationof edgedetailsin com-
pressedimages,andseemsto correspondwell to subjective impressionsof the
perceptualqualityof thecompressedimages.

ASWDR achievestheseimprovementsof WDR while retainingall of theim-
portantfeaturesof WDR, suchas low complexity, region of interest(ROI) ca-
pability, embeddedness,andprogressive SNR capability. The improved quality
of ASWDR compressedimagesat low bit rates,plus its ROI capability, hasap-
plicationsto imagedatabasesearch/retrieval, to remotemedicalimagetransmis-
sion/diagnosis,and to multi-resolutionmethodsfor reconnaissanceand feature
extraction.
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Thepaperis organizedasfollows. Section2 brie�y describestheWDR algo-
rithm. In Section3 we discusstherationalebehindASWDR andgive a detailed
descriptionof thisnew algorithm.In Section4 wediscussexperimentalresultsof
applyingASWDR to compressingtest images,andcompareit to WDR andthe
SPIHTalgorithm[3]. A brief concludingsectionendsthepaper.

2 The WDR algorithm

TheASWDR methodis a generalizationof theWDR methodof Tian andWells
([1] and[2]), so we shall begin by brie�y summarizingthe WDR method. The
WDR methodhastwo principal advantages.First, it producesan embeddedbit
stream—therebyfacilitatingprogressivetransmissionoversmallbandwidthchan-
nelsand/orenablingmultiresolutionsearchingandprocessingalgorithms. Sec-
ond, it encodesthe preciseindicesfor signi�cant transformvalues—therebyal-
lowing for Region of Interest(ROI) capabilityandfor imageprocessingopera-
tionson compressedimage�les [4].

TheWDR algorithmis a remarkablysimpleprocedure.A wavelet transform
is appliedto theimage.Then,thebit-planeencodingprocedurefor thetransform
values,describedin [5] and[3], is carriedout. Thisbit-planeencodingprocedure
consistsof asigni�cancepassandare�nementpass. Duringthesigni�cancepass,
thevaluesof thewavelet transformof the imagearescannedthroughin a linear
order(say, ������� , ��� ��� , . . . , ��� 	
� , where 	 is the numberof pixels),anda value
is deemedsigni�cant if it is greaterthanor equalto a thresholdvalue. An index

� is removedfrom thescanningorderif it is found to besigni�cant. During the
re�nementpass,previoussigni�cant valuesarere�ned to a furtherprecision.

The distinguishingfeatureof WDR is its methodof encodingthe positions
of signi�cant transformvalues.This methodis calleddifferencereduction. It is
mosteasilydescribedthroughan example. Supposethat the signi�cant indices
found in the signi�cance passare � , � , 
 , ��� , and ��� . Ratherthan work with
thesevalues,we work with their successive differences: � , � , � , � , ��� . In this
latterlist, the�rst numberis thestartingindex andeachsuccessivenumberis the
numberof stepsneededto reachthenext index. Thebinaryexpansionsof these
successive differencesare �

������� , �

����� , �

��������� , �

��������� , and �

������������� . Sincethe
mostsigni�cant bit in theseexpansionsis always � , we candropthis bit anduse
the signsof the signi�cant transformvaluesasseparatorsin the symbolstream.
For example,supposethat thesesigni�cant transformvaluesare ��� �������

��� �

� ,
���

�

�!�#"

�����$� , ���




�!�%�

��&��

� , ���������'�(�

�

�

� ��� , and ���

���

�'�)"

�*� � ��+ , thenthe
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resultingsymbolstreamwouldbe �!�!" �!��� � ��� " ������� .
Whenarithmeticcoding is employed, thena probabilisticmodel is usedfor

encodingthe four symbols � , " , � , and � , into a compressedstreamof bits [6].
TheWDR methoddescribedin [1] and[2] usesanarithmeticcodingtechniqueto
slightly improvecompressionperformance,althoughit is alsopossibleto usethe
two-bit encodingof thesefour symbolsdescribedbelow.

Oncethe positionsof signi�cant transformvalueshave beendeterminedfor
a certainthreshold,then thesepositionsare removed from the scanorder. For
instance,if the initial positionsare ������� , ��� ��� , . . . , ��� �

��+

� , say, and ������� and ���������

arefound to be signi�cant, thenthe insigni�cant transformvaluesare ��� ��� , . . . ,
��������� , �����

�

� ,. . . , ��� �

��+

� , which arethenmappedto a new setof values
���

��� � ��� as
follows:

�

� �����!� ��� ��� ,. . . ,
�

�������*� � ��������� ,
�

� �������!� �����

�

� , . . . ,
�

��� �

�*�

�!� ��� �

��+

� .
Thishastheeffectof reducingthelengthsof subsequentbinaryexpansionsof the
numberof stepsbetweennew signi�cant positions.

There�nementbitsgeneratedin there�nementpassareproducedvia thestan-
dardbit-planequantizationprocedure.For instance,if anold signi�cant transform
value's magnitudelies in the interval �

�

���

��&

� say, andthepresentthresholdis & ,
thenit will decidedif this magnitudelies in either �

�

���

�

��� or �

�

���

��&

� . In thefor-
mercase,thebit � is generated,while in thelattercase,thebit � is generated.This
amountsto encodingeachsigni�cant valuein abinaryexpansionusingtheinitial
thresholdasunit-value.Thesymbolstreamgeneratedduringthere�nementpass
is alreadynaturallyencodedin bits, but arithmeticcompressioncanbe usedto
slightly reducethesizeof thisbit stream.

3 The ASWDR algorithm

Now thatwe have brie�y outlinedthe WDR algorithm,we candescribethe im-
provedversionof this algorithm,theASWDR algorithm. We shall begin with a
step-by-stepdescriptionof ASWDR,andthendiscusstherationalebehindit.

The ASWDR Method

Step 1. Performa wavelet transformof thediscreteimage,
�
	

� ����
���� , pro-
ducingthe transformedimage,

��� 	

� ����
���� . In theexperimentsdescribedbe-
low, aDaub9/7 transform(see[7]) wasused.

Step 2. Choosea scanningorder for the transformedimage,which is a
one-to-oneandonto mapping,

�	

� ����
��'����� � � , wherebythe transformval-
uesarescannedthroughvia a linearordering � � ��� ���

� � �

� 	 . In [1] and
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[2], the scanningorder is a zigzagthroughsubbandsfrom higher-scaleto
lower-scale[5] with row-basedscanningin thelowpass/highpass(horizon-
tal) subbandsandcolumn-basedscanningin thehighpass/lowpass(vertical)
subbands.

Step 3. Choosean initial threshold, � , suchthat at leastone transform
value, ��� � � say, satis�es �

��� � �

����� andall transformvalues,��� � � , satisfy
�

��� � �

���

�

� .

Step4. (Signi�cancepass).Recordpositionsfor new signi�cant values—
i.e., thosenew indices � for which ��� � � hasa magnitudegreaterthanor
equalto thepresentthreshold.Encodethesenew signi�cant indicesusing
thedifferencereductionmethod.

Step5. (Re�nementpass).Recordre�nementbits, thenext signi�cant bits,
for theold signi�cant transformvalues(signi�cant transformvaluesdeter-
minedusinglarger thresholdvalues).This generationof re�nementbits is
the standardbit-planeencodingthat is employed by all embeddedcodecs
(asdescribedin [5] and[3], andwhich webrie�y summarizedabove).

Step6. (New ScanningOrder).For thehighest-scalelevel (theonecontain-
ing theall-lowpasssubband),usetheindicesof theremaininginsigni�cant
valuesasthescanorderat thatlevel. Usethescanorderat level 
 to create
the new scanorderat level 
 " � asfollows. Run throughthe signi�cant
valuesat level 
 in thewavelet transform.Eachsigni�cant value,calleda
parentvalue,inducesa setof four child valuesasdescribedin thespatial-
orientationtreede�nition in [3]. The �rst part of the scanorderat level


 " � containstheinsigni�cant valueslying amongthesechild values.Run
throughtheinsigni�cant valuesat level 
 in thewavelettransform.Thesec-
ond part of the scanorderat level 
 " � containsthe insigni�cant values
lying amongthechild valuesinducedby theseinsigni�cant parentvalues.
Usethisnew scanningorderfor level 
 " � to createthenew scanningorder
for level 
 " � , until all levelsareexhausted.

Step7. Divide thepresentthresholdby 2. RepeatSteps4–6until eithera
givenbit budgetis exhaustedor agivendistortionmetricis satis�ed.

Whendecoding,thestepsabove arerecapitulatedto producea quantizedoutput.
At thevery end,eachquantizedvalueis roundedinto themidpointof thequanti-
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zationbin that it lies in. During this ASWDR procedure,thesymboloutputcan
alsobesubjectedto arithmeticcodingin orderto achieve furthercompression.

In practiceit wasfound to be betterto skip Step6 for the �rst � ve rounds.
The reasonfor doing this will be provided below, along with the rationalefor
performingStep6 afterthe�rst � ve rounds.

Thisseven-stepASWDRprocedureis nothingmorethantheWDR procedure,
but with theadditionof thenew Step6 for creationof new scanningorders.We
shallnow givea justi�cation for performingthisstep.It doesnot greatlyincrease
the complexity of the algorithm,sinceit addsonly four comparisonoperations
per pixel (the testingof insigni�cance of child valuesfor inclusion in the new
scanningorder)to one-quarterof the total numberof pixels. That is an average
of onecomparisonoperationperpixel. This is not a substantialincreaseover the
low-complexity of theWDR algorithm.

Thereasonsfor producingthis new scanningorderareto (1) usea scanorder
thatre�ects thecorrelationbetweensigni�cant parenttransformvaluesandsignif-
icantchild transformvalues,and(2) to forceinsigni�cant valueslying in zerotrees
to thebackof thescanningorderateachlevel. Theaimis to reducethenumberof
stepsbetweensigni�cant transformvalues,therebydecreasingthe lengthsof the
symbolstringsneededfor encodingthesedistances.In [8] it is shown that there
is a high correlationbetweensigni�cant transformvalues,whosemagnitudesare
at least � , andsigni�cant child transformvalues,whosemagnitudesareat least

���

� . Figure4B in [8] providesa goodillustrationof this correlation.That�gure
showsa conditionalhistogramfor �ne scalehorizontalsubbandtransformvalues
from the Boatstest image. The conditionalhistogramis of �����

�

� � � (base2 log
of child magnitudes)versus�����

�

� � � (base2 log of parentmagnitudes).It is clear
from the�gure thata largepercentageof child magnitudesareabove �����

�

� � �

" � ,
i.e.,areeithersigni�cant at thepresentthreshold(hencealreadycoded)or will be
signi�cant at thenext threshold(henceshouldbescanned�rst).

In Fig. 1, we provide an illustration of this correlation. This �gure wasob-
tainedfrom a Daub9/7 wavelettransformof theLenaimage.Figure1(a)depicts
theinsigni�cant child values(shown in white) in the �
	�� level verticalsubbandof
signi�cant parentvaluesin the ��
�� level vertical subband,whenthe thresholdis

�

� . Figure1(b) depictsthe new signi�cant valuesfor the half-threshold—those
whosemagnitudesare lessthan �

� andgreaterthan or equalto �

+ —in the �
	��

verticalsubband.Notice that thechild locationsin Fig. 1(a)aregoodpredictors
for thenew signi�cant valuesin Fig. 1(b). Althoughthesepredictionsarenotper-
fectly accurate,thereis a greatdealof overlapbetweenthe 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 stepsbetweenthemshouldbe
reduced.In fact,if apredictionis correct,thentheoutputspecifyingthatlocation
will consistof only thesignof thenew signi�cant value.

(a) (b)

Figure1: (a) Insigni�cant childrenin the �
	�� vertical subbandhaving signi�cant
parentsin the ��
�� verticalsubbandwhenthethresholdis

�

� . (b) New signi�cant
valuesin the � 	�� verticalsubbandwhenthethresholdis decreasedto �

+
.

Noticealsohow the locationsof signi�cant valuesarehighly correlatedwith
thelocationof edgesin theLenaimage.Thescanningorderof ASWDR dynam-
ically adaptsto the locationsof edgedetailsin an image,andthis enhancesthe
resolutionof theseedgesin ASWDR compressedimages.

Wenow presentsomestatisticsfor estimatingtheconditionalprobability
� �

� 	��

�

�����'� ,
de�ned by

� �

�

	��

�

�����!� ���	�

��
 �
new sig.valuein � 	�� partof scan

�
new sig.value� � (1)
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of a new signi�cant valuebeingfoundwithin the �rst partof thenew scanorder
(for a �x edlevel) createdby ASWDR.In Table1 wegivethefractionof new sig-
ni�cant valuesbeingfoundin the�rst partof thenew scanorderat severallevels
for four testimagesandfor a randomnoiseimage.Thedatain this tableclearly
show thattheprobabilityin Eq. (1) is muchgreaterfor high-magnitudethreshold
valuesfor thetestimagesthanfor therandomnoiseimage.(By high-magnitude
valueswemeanthosevalueswhosemagnitudesaregreaterthanthestandarddevi-
ationof thechild subband.)Suchhighprobabilitiesjustify scanningthroughchild
valuesof signi�cant parents�rst. It shouldbe notedthat probabilitiesbetween

�

� � and �

� + only begin to be realizedat thresholdsbelow �

��+ . Suchthresholds
occur, for the imagesused,after the �fth passthroughthe loop in the ASWDR
procedure.That is thejusti�cation for skippingStep6 in theASWDR procedure
the�rst � ve timesthrough.

Notice that, for the randomnoiseonly, it is unlikely thata newly signi�cant
child valuewill be found in the �rst part of the scanorderwhen the threshold
is greaterthanthe standarddeviation for the child subband.This facilitatesthe
separationof noisytransformvaluesfrom imagetransformvaluesat muchlower
thresholdsthanis possiblewith thestandardwaveletthresholdingmethods.This
new denoisingmethodologyis describedin [9].

The new scanningorderstepin the ASWDR procedurealsoassignsindices
for insigni�cant childrenof insigni�cant parentsto the secondpart of the new
scanningorder. This is anattemptto exploit theprevalenceof zerotreesin wavelet
transforms.Theprevalenceof zerotreesin wavelettransformsof naturalimagesis
well-known ([5] and[3]). Sincesigni�cant transformvalueswill never befound
in zerotrees,eachnew scanningorderaimsto force thecomponentsof zerotrees
to theendsof thescanningorderateachlevel. Thegoalis to reducethenumberof
stepsbetweenthosesigni�cant transformvalueswhoseparentsareinsigni�cant
by forcing thosevaluestowardthebeginningof thescanorder.

In theparagraphsabove,we have givenana priori justi�cation for creatinga
new scanningorder. We now give ana posteriori justi�cation. We presentsome
datawhich show that the new scanningorderstepin ASWDR doesallow it to
encodemoretransformvaluesthanWDR. Theonly differencebetweenASWDR
andWDR is in thepredictive schemeemployedby ASWDR to createnew scan-
ning orders.Consequently, if ASWDR typically encodesmorevaluesthanWDR
does,thenthis mustbe dueto the successof thepredictive scheme.In Table2,
thereis acomparisonof thenumberof valuesencodedby WDR andASWDRfor
four testimagesatdifferentcompressionratios.TheASWDRandWDR methods
bothusedtheDaub9/7 wavelet transformwith 7 subbandlevels. Thevaluesfor
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Table1: Fractionof new signi�cant valuescapturedby �rst partof thenew scan
ordercreatedby ASWDR. The standarddeviations � arefor thechild subbands
of eachlevel. TheNoiseimagewascreatedby wavelettransformingasimulation
of Gaussianrandomnoisewith mean � and standarddeviation ��& . A fraction
in parenthesesindicatesthat it may be an unreliableestimateof the conditional
probability � �

� 	��

�

�����!� in Eq. (1), dueto the numberof new signi�cant values
beingtoosmall(lessthan ����� ).
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ASWDR andWDR wereobtainedwithout arithmeticcoding. The codingused
wasa binary encoding.In otherwords,thesigni�cancesymbols � , � , � , and "

wereencodedasthe two-bit strings ��� , ��� , ��� , and ��� , respectively, andthe re-
�nement bits � and � wereleft asis, andall thesebits werethenpackedtogether
as8-bit bytes.

Thedatain Table2 shows that, in almostevery case,ASWDR encodesmore
valuesthanWDR. This providesana posteriori justi�cation for addingthenew
scanningorderstepto theWDR procedure.

4 Experimental results

In thissectionweshallcompareASWDRwith WDR andwith oneof thebestim-
agecodecs—onethatgivesnearlythehighestPSNR1 valuesoverawide rangeof
testimages—theSPIHTmethodof [3]. We usedthetestimages,Lena,Goldhill,
Barb,andAir�eld [10].

We begin with PSNRvaluesfor ASWDR, WDR, andSPIHT. In Table3 we
show the resultsof usingASWDR andSPIHT without arithmeticcoding. Both
ASWDR andWDR useda 
 -level Daub9/7 wavelet transform. The distortion
measureusedin the tableis PSNR,which althoughit is not alwaysreliableasa
gaugeof subjective visualquality, hasbecomea defactostandardfor comparing
codecs.We shall reportbelow theresultsfor anedgecorrelationmeasure,which
seemsto bemorefaithful to theperceptualqualityof compressedimages.

The resultsin Table3 show that SPIHT andASWDR performat essentially
the samelevel whenarithmeticcompressionis not employed. Therearesitua-
tionswheretheneedfor speedis critical andtheuseof arithmeticcompressionis
avoidedin suchcases.Whenarithmeticcompressionis not employed,theadvan-
tagesof ASWDR—suchasits ROI capabilityandits ability to carry out image
processingoperationson compresseddata—make it a worthwhile alternative to
theSPIHTmethod.

Whenarithmeticcompressionis employed,theSPIHTmethodperformsbetter
thantheASWDRandWDR methodsin termsof thePSNRmetric.This is shown
by theresultsin Table4. Thedifferencesin PSNRbetweenASWDR andSPIHT
arerelatively small, however, andmay only re�ect the fact that ASWDR usesa
relatively unsophisticatedmodel for arithmeticcoding. It employs a context-1

1ThePeakSignalto NoiseRatio,PSNR,in decibelsis ����� ���	��

�����������	�����������

�

�

, where � and
� aretheoriginalandcompressedimages.
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Table2: Comparisonof numbersof valuesencodedby WDR andASWDR.
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Table3: PSNRvaluesfor threemethods,withoutarithmeticcompression.

11



model[11] for encodingthefour signi�cancesymbols.Thatis, four separatehis-
togramsareusedfor encodingeachsymbolbasedon its frequency of occurrence
following oneof thefour possibleprevioussymbols.For encodingthetwo re�ne-
mentbits,ASWDR simply usesa singlehistogram(i.e.,a context-0 model[11]).
SPIHT, on theotherhand,employs a moresophisticatedcodingprocedurebased
onspatialcontext modeling[12].

PSNRvalues,however, do not tell thewholestory. Wenow turn to anexami-
nationof somecompressedimagesdonewith eachalgorithm.

In Fig. 2, we show compressionsof the Lena imageat �

�$� bpp (16:1). It
is dif�cult to observe any differencesat all betweenany of theseimages. This
illustratesthatall threecompressionmethodsproduceequallygoodcompressions
atmoderatelyhighbit rates.

Somedifferencesbetweencompressedimagesdoappearatlowerbit rates.For
example,in Fig. 3 we show �

�

�

� bpp(32:1)compressionsof theBarbaraimage.
TheASWDRandWDR imagesareperceptuallysuperiorto theonesproducedby
SPIHT. TheSPIHTcompressionhasdistortedBarbara's left eyeanderasedlarge
partsof thestripingon thetablecloth.TheASWDR andWDR compressionsare
moredif�cult to distinguish.TheASWDR imagedoespreservesome�ne details
which WDR erasesor distorts,we show this in the magni�ed imagesin Fig. 4.
The ASWDR compressionin Fig. 4(b) hasretainedmoreof the striping in the
tablecloththanthe WDR compressionin Fig. 4(a). At the bottomcornerof the
tablecloth,the striping in the ASWDR compressionis in the properorientation,
while in the WDR compressionit haslost muchof its coherence(andappears
asslightly thicker stripeswith a differentorientationfrom theoriginal). The toy
trackis alsoslightly betterpreservedby theASWDR compression.

As anotherexample,weexaminecompressionsof theAir�eld imageatavery
low bit rate. In Fig. 5 we show compressedimagesof Air�eld at �

�

�

+

�

� bpp
(128:1). TheWDR andASWDR methodsbothpreserve moreof the �ne details
in theimage.At thetop of its imagein Fig. 5(c),SPIHTerasesmany �ne details
suchasthetelephonepoleandtwo smallsquarestructuresto theright of thethin
blackrectangle.Thesedetailsarepreserved,at leastpartially, by bothWDR and
ASWDR. The ASWDR imagedoesthe bestjob retainingsomestructurein the
telephonepole. ASWDR is alsobestat preservingtheoutlineof theswept-back
wingedaircraft,especiallyits thin nose,locatedto thelower left of center.

Of course,a few imagesare not suf�cient for drawing broadconclusions.
Clearly, someobjective measureof the preservation of details is needed. Ob-
servershavecommentedthatWDRandASWDRcompressedimagesappearsharper
thanSPIHTcompressedimages.Reasoningthathumanvisualsystemsfocuson

12



(a) (b)

(c) (d)
Figure2: Compressionsof Lenaat �

�$� bpp. (a) WDR compression.(b) ASWDR
compression.(c) SPIHTcompression.(d) Original ( & bpp).
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(a) (b)

(c) (d)
Figure 3: Compressionsof Barbaraat �

�

�

� bpp. (a) WDR compression.(b)
ASWDRcompression.(c) SPIHTcompression.(d) Original ( & bpp).
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(a) (b)

(c) (d)
Figure4: Magni�cations of Barbaracompressionsat �

�

�

� bpp. (a) WDR com-
pression. (b) ASWDR compression.(c) SPIHT compression.(d) Original ( &

bpp).
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(a) (b)

(c) (d)
Figure5: Compressionsof Air�eld at �

�

�

+

�

� bpp. (a) WDR compression.(b)
ASWDRcompression.(c) SPIHTcompression.(d) Original ( & bpp).
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edgeswhenanalyzingimages,thefollowing methodwasusedto produceanim-
agethat retainsonly edges.First, a 3-level Daub9/7 transformof an imageis
created.Second,theall-lowpasssubbandis subtractedaway from this transform.
Third, an inversetransformis performedon theremainingpartof thetransform.
This producesa highpass�ltered image,which exhibits edgesfrom the original
image.A similar highpass�ltered imageis createdfrom thecompressedimage.
Both of thesehighpass�ltered imageshave meanvaluesthat areapproximately
zero.Wede�ne theedgecorrelation ��� by

���

�

�

�

�

�

�

�

where �

�

� denotesthe varianceof the valuesof the highpass�ltered versionof
thecompressedimage,and �

�

� denotesthevarianceof thevaluesof thehighpass
�ltered versionof theoriginal image.Thus ��� measureshow well thecompressed
imagecapturesthevarianceof edgedetailsin theoriginal image.

Using this edgecorrelationmeasure,we obtainedthe resultsshown in Ta-
bles5 and6. In every case,the ASWDR andWDR compressionshave higher
edgecorrelationsthantheSPIHTcompressions.TheASWDR edgecorrelations
are,in almostevery case,slightly higherthantheWDR edgecorrelations.These
numericalresultsareconsistentwith the increasedpreservationof detailswithin
ASWDR andWDR images.Noticethat,for themagni�ed imageof Barbara,the
edgecorrelationsin Table6 show thatASWDR is clearlysuperiorto bothWDR
andSPIHT(andWDR is superiorto SPIHTaswell).

For theair�eld compressionsin Fig.5, weshow in Table7 thevaluesfor three
differentedgecorrelations��� , � �

� , � , and � . Thevariable � equalsthenumber
of levels in the Daub9/7 wavelet transformretainedby the high-pass�ltering.
A higher valueof � meansthat edgedetailsat lower resolutionswere usedin
computingthe edgecorrelation ��� . The edgecorrelationsin Table7 show that
ASWDR is best,at thevery low bit rateof �

�

�

+

�

� bpp,in preservingedgesin the
air�eld imageoverseveralresolutionlevels.

The resultsdescribedin this sectionshow that ASWDR is a promisingnew
method,whichyieldsimprovedpreservationof detailsat low bit rates.Preserving
detailsat low bit ratesis a vital propertyfor applicationssuchasremotemedical
diagnosisvia rapid transmissionof compressedimages,andfastsearch/retrieval
of imagesin databases.
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Image� Method SPIHT ASWDR WDR
Lena, 0.25bpp �����

�

� ����� +�� ����� �

�

Goldhill, 0.25bpp �

�

� �

�

�

�

� ��� �

�

� ���

Barbara, 0.25bpp �
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�


 �

�

�

�

+�� &�


Air�eld, 0.25bpp �

� �

��� �

� � +��

�

� � �

�

Lena, 0.5bpp ��
 �

���

��+�� +�� ��+�� � �

Goldhill, 0.5bpp �����

���

�

�

� &�� �

�
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�
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�

�

���

�

�

� &�
 �
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� +�&
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�
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���

Table4: PSNRvaluesfor threemethods,with arithmeticcompression.

Image/Method ASWDR WDR SPIHT
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�
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�

�

�

�

�

�

�

�

Lena, 0.25bpp �

�

��� �
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� �

� &�
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�

�

�

�

�

��� �

� &��

Goldhill, 0.25bpp �

�$
�+

�

�$
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�
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�

Barbara, 0.5bpp �

�

��� �

�

��� �

� &�


Barbara, 0.25bpp �

� &
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� &

� �
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� &�&

�

� &�&

�

� &��
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�$
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�

�$
�+

�

�$
��

Table5: Edgecorrelations,with arithmeticcompression.

Method/Measure EdgeCorr.
ASWDR �

� &

�

WDR �

�$
�


SPIHT �

� +

�

Table6: Edgecorrelationsfor magni�cationsof Barbarain Fig. 4.
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5 Conclusion

In this paperit wasshown that an adaptively scannedwavelet differencereduc-
tion methodyieldsanembeddedcodec,comparablein performanceto thewidely
usedSPIHTcodec,but which hasROI capabilityandis betterat preservingedge
details. Futurework will aim to improve thepredictionprocedureusedto adap-
tively constructnew scanningorders.Thiswork shouldinvolveaweighted,linear
predictorasdescribedin [8].

The tree-basednatureof ASWDR appliesto uniform subbandtransforms.
Henceit shouldbe adaptedto suchtransforms,in order to producebetterper-
formancefor imageslikeBarb andGoldhill.

The presentversionof ASWDR, like SPIHT, is memoryintensive. Further
researchis neededtoproduceablockwavelettransformversionof ASWDR.Such
ablock transformshouldyield anaccompanying localizeddenoisingprocedure.
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Table7: Edgecorrelationsfor 128:1compressionsof Air�eld image.
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