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ABSTRACT

In this paperwe usestochasticsamplingto obtain imagesfrom
theprobabilitydistributionsinducedby well-known imagecoders
SPIHT, JPEG,JPEG2000,andJPEG-LS.Our aim is to obtainac-
tual samplesfrom the typical setsthat thesecodersform in the
spaceof images.We utilize mathematicalmeasuresthatallow us
to quantifytheroleedgesplay in representingtheresultingsample
images.Wequalitatively andquantitatively comparetheseimages
with a basicform of naturalimagede�nition aswell aswith the
standardtestimagesLennaandBarbara.Our resultsindicatethat
today's state-of-the-artimagecodersareapplicableto a varietyof
localizedimageregionsbut they donotsigni�cantly modelor take
advantageof edgesthatmarktheboundariesof differentregions.

1. INTRODUCTION

Like all compressioncodecsan imagecoderC representscertain
pointsin a high dimensionalvectorspacewith few bits at theex-
penseof otherpointswhicharerepresentedwith many. Let ustake
thevectorspacetobethespaceof 512� 512grayscaleimageswith
8 bitsperpixel andcall it U. Hencewecanthink of animagecoder
asdemarcatinga setof pointsE(C) � U over which it performs
“ef�ciently .” For applicationsinvolving naturalimages,i.e., the
setof 512 � 512 grayscaleimagesthat areobtainedby imaging
the naturalworld aroundus, saythe setN , we would like E(C)
to coincideasmuchaspossiblewith N . However, this ambition
is immediatelyhamperedasthe setN is indeedtoo generaland
varied,as is evidencedfrom photosof lava �o w to bacteriacul-
tures. Expectinga singlecoderto performef�ciently on sucha
diversesetmaybetoo much. Compressionresearchershave nev-
erthelessdesignedsophisticatedalgorithmsthat try to capturea
portionof N within theiref�cient sets,resultingin codecsthatare
prevalentlyusedin wide-rangingapplications[8, 5, 6, 4].

In this paperwe would like to considersomeof themostuti-
lized imagecodersandtry to offer aglimpseof theiref�cient sets,
E(C). Ouraimis to obtainactualsamplesfrom E(C) andcontrast
theseimageswith the most naive form of natural imagede�ni-
tion, which admittedlyencompassesonly a small,but we believe
important,fractionof N . Hencefor thepurposesof this paperwe
vaguelyde�ne thesetI asthesetof grayscaleimagescomposedof
“regionsof uniform statisticsseparatedby edges.” We purposely
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leave thede�nition fuzzy asstrict mathematicalde�nitions of re-
gions,edges,anduniform will make usdigressfrom theprimary
aimsof thispaper.

We proposeto look at sampleimagesfrom E(C) by feeding
randombits to the decoderof the coding techniqueC. That is,
we usestochasticsamplingto obtainimagesfrom theprobability
distribution inducedby the imagecoderC. Of coursewe make
surethat bits that determineimageparameters,marker-bits, etc.,
aresetappropriately.

Even if one is forgiving of our reluctanceto rigorously de-
�ne someterms, two immediateobjectionscan be made. How
is it guaranteedthat we would be samplingfrom E(C) andhow
canwe talk aboutclosenessto I ? Fortunatelyimagecodersun-
der prevalent useutilize datastructuresthat considerthe image
as a concatenatedsequenceof randomoutcomes.For example,
thewell-known JPEGstandard[5] looksat the imagein termsof
8 � 8 blocks,SPIHT [8] views thewavelethierarchy in termsof
trees,etc. This allows us to talk abouta typical block for JPEG,
or a typical treefor SPIHT, etc., in thestatisticalsenseof typical
sequencesandinvokethelaw of largenumbersto saythatstochas-
tic samplingwill producepointsfrom E(C) with high probability
[2]. we can further statethat most membersof E(C) are com-
posedof blocks, trees,etc., that aresimilar to thosedepictedin
our results.For determiningtherelationshipof an imageto I we
proposea mathematicalmeasurewhich is hopedto quantitatively
capturecloseness.

Section2 outlinesthe methodologyusedin our experiments,
andSection3 providesdetailsof the proposedquantitative mea-
sure. Section4 includesthesampledimagesandplotsof quanti-
tative resultsfor eachcoder. Thereadershouldkeepin mind that
if an imagecoderoperatingon a particularimagecanbe thought
of asproviding the“address”of that imagein a high dimensional
space,many bits arespentin distinguishingthat imagefrom the
extensive numberof imagesthat aresimilar to thosedepictedin
thissection.Section5 containsconcludingremarks.

2. UTILIZED CODERSAND METHODOLOGY

We reportsamplingresultsfrom four popularcodecs,SPIHT[8],
JPEG[5], JPEG2000[6], andJPEG-LS[4]. Figure1 outlinesthe
mainrationalefor this paper. Thedatabits within thecompressed
bitstreamsgeneratedby goodcodersshouldbecomposedof inde-
pendentandidentically distributedbinary randomvariableswith
0 and 1 having equalprobability [2]. Hence,as seenin Figure
2, injectingrandombits into databit areasin thecompressedbit-
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Fig. 1. A typical imagecodec.Thecompressedbitstreamis com-
posedof formatbits anddatabits. For a goodcodecthedatabits
shouldbe closeto i.i.d. coin tosses,i.e., randomvariableswith
prob(0) = prob(1) = 0:5.

streamanddecodingthe resultsallow us to obtainsamplesfrom
thestochasticprocessthatis in effectmodeledby thecoder. Sam-
plesthatoccurwith highprobabilityarethosethatarerepresented
with few bits,andundercertainassumptions,thesesamplesdepict
typical trees,blocks,etc.,thatarewell representedby thecoding
technique.We have designedcompressedbitstreamsthatallow us
to obtainsuchsamplesfrom eachcoder.
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Fig. 2. Outlineof samplingmethodology. Thedatabitsin thecom-
pressedbitstreamareinjectedwith randombits while preserving
thedecodingsyntax.

Of coursea practicalcoderhasmany othertypesof informa-
tion in thecompressedbitstreamthatneedto besetin certainways
to comply with the codingstandard.In our simulationswe have
chosentheseformat bits to denote512 � 512 grayscaleimages,
codedat roughly1 bit perpixel whereappropriate.It is alsoworth
notingthatdueto variouspracticalityconcerns,variouscodersde-
liberatelydo not outputrandombits. For example,fastcompres-
sion/decompressionconcernsareincorporatedinto theJPEGstan-
dardby the useof Huffman codesthat arewell-known to result
in slight inef�ciencies [9]. Henceit is appropriateto saythat the
decodingsyntaxof eachcoderwill decodeeachdatabit usinga
certainprobability distribution, which may at timesdeviate from
the uniform distribution. To the extent possible,we took special
careto provide randombits from the relevant “deviant” distribu-
tion. Whenmodelswerenecessaryfor thesedistributionswe took
themodelasthestandardimageLena,for e.g.,in samplesobtained
from JPEGweassumedthatthedecoderwill beusingHuffmanta-
blesthatwereoptimizedfor Lena. Wherenecessary, we decoded
imageswith pixel valuesthatwentoutsideof the0 � 255 integer
range,asthisconstraintis handledindirectlyby someof thecoders
duringdecoding,resultingin uninterestingimages.For suchcases,
weperformedanoverallnormalizationonthe�nal decodedimage.

3. MATHEMA TICAL MEASURES

An intuitiveway to judgewhethera randomlyselectedimagewill
be closeto I de�ned in the introductionis to checkwhetherthe

imageactuallyhasedgesandhow importanttheseedgesare. We
havethereforeutilizedthealgorithmreportedin [7], wheresignals
arerecoveredfrom theirwaveletextrema.Usingall theextremain
a signal,thealgorithmrendersa goodapproximationto theorig-
inal. However, assomeextremaareremoved the approximation
becomescoarser, andthe meansquarederror with respectto the
original signalgivesusanideaof how importanttheremovedex-
tremaarein termsof representingthesignal.Keepingin mind the
propertiesof wavelet extremaandtheir relationshipto edges[7],
in orderto establishtheimportanceof edges,we would like to re-
taintheextremathatarespatiallyalignedacrosswaveletscalesand
discardothers.For a givenextremumat scales, imagineexamin-
ing scaless + 1 ands � 1 to determineif thereareextremathat
correspondto the samespatiallocationasthe currentextremum.
Thosethatarefoundarelinkedwith thecurrentto form an“inter-
scalechain,” with thischaingrown acrossthescalesuntil noother
extremacanbelinked.Let l (c) denotethelengthof chainc.

We utilize theseinterscalechainsby consideringthosechains
thattouchthe�nest resolution.Then,for agivenk, any suchchain
c with l (c) < k is deletedfrom thelist of extremaprior to attempt-
ing areconstructionwith thealgorithmin [7]. In PSNRvs. k plots
in Section4, we reportthedrop in PSNRversusan increasein k
for thetestimagesusingtheLastWavesoftwarepackage[10]. Im-
ageshaving importantmajor edgesshouldhave smallerdropsin
PSNRask is increasedsincesuchedgesmanifestthemselvesover
many scales[7]. In eachplot, wehavealsoprovidedtheresultsfor
standardimagesLenaandBarbarafor comparison.For eachcoder
we plottedtheaveragedecayresultsusing� ve sampledimagesin
orderto betterrepresentthecoder's “performance”in this test.

4. RESULTS

4.1. SPIHT

Fig. 3. 512� 512 imagesampledfrom SPIHT.

Figure 3 depictsa sampleimageobtainedfrom the SPIHT
coder. We observe that theimageis uniformly grayexceptat iso-
latedislandswherenon-zerowavelet coef�cients wererandomly
encounteredby thedecoderatvariousscales.Thisresultsin anim-
agethatcanbesubjectively classi�edasanaerialview of theocean
in a windy day with breakingwave-tops,or a similar aerialview



of adesertlandscapewith pocketsof smallrocky mountains.To a

Fig. 4. Typical512� 512samplesfrom SPIHT.

certaindegreetheimageis successfulin depictingregionsof uni-
form statisticsthroughzero-trees(only locally smoothregionsare
renderedasSPIHTdoesnot directly modelhigh frequency struc-
tureslike textures)but edgesthatmark theboundariesof regions
aremissing,replacedby chunksof randomhighfrequency wavelet
coef�cients. Furthersamplesfrom SPIHTareprovided in Figure
4.
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Fig. 5. Averagedropin PSNRversusk for � veSPIHTsamples.

In Figure 5, we seethat the PSNRre�ecting the proposed
mathematicalmeasureof Section3dropsveryrapidlyfor theSPIHT
imageswhencomparedtostandardimagesLenaandBarbara.This
is notsurprisingasmajoredgesplayvirtually norolein theimages
of Figures3 and5.

4.2. JPEG

Thestructureof theJPEGimagein Figure6 is in�uencedheavily
by the decodedDCT-DC terms. The DC term is encodeddiffer-
entiallyandtheprobabilitydistribution thatgovernsthedifference
valuesfavorssmalldifferences.Unlessonechoosesto userestart-
markers,the differentialencodingcarriesover at row boundaries
with the �rst DC of the next row predictedby the last DC of the

Fig. 6. 512� 512 imagesampledfrom JPEG.

currentrow. While jumpsin theDC valuearepresent,thecontinu-
ity in DC termsacrossrows resultsin thegradualgradationin the
image,which looks like a renderingof a sunsetfrom afar. Close
inspectionof 8� 8 DCT blocksrevealsrandomlyspreadbut infre-
quentDCT-AC coef�cients providing high frequency detail. The

Fig. 7. Typical512� 512samplesfrom JPEG.

highly probableEND-OF-BLOCKdescriptorsandrun-lengthsen-
forcing long runsof zeroAC coef�cients prohibit a morerandom
aswell asa morestructuredlooking image. Figure7 illustrates
furthersamplesfrom JPEG.

Of all thesampledcoders,JPEGyieldsPSNRvs. k plotsthat
areclosestto the standardimagesLenaandBarbara(Figure8).
Thishasanarti�cial reasonthough.Thein�uential DCT-DC terms
resultin majoredgesat horizontalblock boundariesthatnot only
give theseimagesa “scenic” look but alsoallow themto perform
well in thesenseof theproposedmeasure.Limitationsof analgo-
rithmic measurearealsoseenthroughthis�gure asthealgorithmic
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Fig. 8. Averagedropin PSNRversusk for � veJPEGsamples.

implementationof [7] in [10] appearsto have beenpushedto its
limits for large k, wherethereareincreasesin PSNRratherthan
expecteddecreases.

4.3. JPEG2000

Fig. 9. 512� 512 imagesampledfrom JPEG2000.

As shown in Figure9, JPEG2000producesinterestingsam-
ples. The following low-passandhigh-pass�lters wereusedin
thelifting stepof thewavelettransform.

hlow = f� 0:091272; � 0:057544; 0:591272; 1:115087;

0:591272; � 0:057544; � 0:091272g

hhi = f 0:026749; 0:016864; � 0:078223; � 0:266864;

0:602949; � 0:266864; � 0:078223; 0:016864

; 0:026749g:

Figure10 shows othersamplesfrom this coder. The imagesare
verydetailedanddepictvariouskindsof texturessinceJPEG2000
modelshigh frequency structuresbetterthanSPIHT. Thesamples
appearcloseto picturesof a rock pro�le or thoseof soil samples.
ThePSNRplot for JPEG2000is indicative of thedetailnatureof

thesamples.Lack of majoredgesandfeaturesthatspatiallytrack
acrossscalesagain resultsin rapiddecay.

Fig. 10. Typical512� 512samplesfrom JPEG2000.
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Fig. 11. Averagedropin PSNRversusk for � ve JPEG2000sam-
ples.

4.4. JPEG-LS

TheJPEG-LSimagein Figure12 is characterizedby two typesof
patterns.Regionsof uniform but texture-like variationaresepa-
ratedby hardrectilinearedges.Thiscoderutilizesacontext sensi-
tive predictorin a causalrasterscan.Thepredictionerror is mod-
eledto have a Laplaciandensitywhich discouragesmajor jumps.
Somemodelingof edgesis presentwith horizontaland vertical
orientationsdominatingthedistribution. While edgesarepresent,
subjectively theimagelookscloserto thesurfaceof amicrochipor
to asatelliteview of adenselypopulatedmetropolitanarea.Figure
13containsothersamplesfrom JPEG-LS.

Therapiddropsin PSNRillustratedin Figure14areindicative
of the detail structurein the JPEG-LSimages. The detail edges
do not carryover to coarserresolutions,andmajoredgesarethus
absent.Thisresultsin sharpdecayswhencomparedto thestandard
images.

5. CONCLUSION

Today's state-of-the-artimagecodersare applicableto a variety
of localizedimageregionsbut they do not modelor take advan-



Fig. 12. 512� 512 imagesampledfrom JPEG-LS.

Fig. 13. Typical512� 512samplesfrom JPEGLS.

tageof edgesthat mark the boundariesof differentregions. The
resultsshown in the samplesof this paperarenot surprising,es-
pecially when we carefully considerthe encodingstepsusedin
today's state-of-the-artcoders.If the target imagesarethosethat
have regionsof uniform statisticsseparatedby edges,i.e., those
thatarein thesetI , thenit canbesaidthattoday'sstate-of-the-art
codersaretargetinga muchbroaderset,andthey arenot beingas
ef�cient aspossibleon I .

Throughthe resultsof recentresearch,it is now widely ac-
ceptedthat on at leastcertainsubsetsof I , the compressionper-
formanceof imagecoderswill be dominatedby their ef�ciency
over edges(seefor e.g., [1, 3] and referencestherein). Obtain-
ing the promisedbene�ts of the specializationto I will only be
possibleby signi�cantly extendingtoday'salgorithms.
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Fig. 14. Averagedropin PSNRversusk for � veJPEG-LSsamples.
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