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ABSTRACT

In this paperwe use stochasticsamplingto obtainimagesfrom

the probability distributionsinducedby well-known imagecoders
SPIHT, JPEG,JPEG2000andJPEG-LS Ouraim s to obtainac-
tual samplesfrom the typical setsthat thesecodersform in the
spaceof images.We utilize mathematicameasureshatallow us
to quantifytherole edgelayin representingheresultingsample
images.We qualitatively andquantitatvely comparegheseimages
with a basicform of naturalimagede nition aswell aswith the
standardestimagesLennaandBarbara.Our resultsindicatethat
today’s state-of-the-arimagecodersareapplicableto a variety of

localizedimageregionsbut they do notsigni cantly modelor take
adwantageof edgeghatmarkthe boundarie®f differentregions.

1. INTRODUCTION

Like all compressiortodecsanimagecoderC representgertain
pointsin a high dimensionalectorspacewith few bits at the ex-
penseof otherpointswhich arerepresentedith mary. Let ustake
thevectorspaceo bethespacenof512 512grayscalémageswith
8 bitsperpixel andcall it U. Hencewe canthink of animagecoder
asdemarcatinga setof pointsE(C) U over whichit performs
“ef ciently.” For applicationsinvolving naturalimages,i.e., the
setof 512 512 grayscalémagesthat are obtainedby imaging
the naturalworld aroundus, saythe setN , we would like E(C)
to coincideasmuchaspossiblewith N . However, this ambition
is immediatelyhamperedasthe setN is indeedtoo generaland
varied, asis evidencedfrom photosof lava o w to bacteriacul-
tures. Expectinga single coderto performefciently on sucha
diversesetmay be too much. Compressiomesearcherbave nev-
erthelessdesignedsophisticatedalgorithmsthat try to capturea
portionof N within theiref cient setsresultingin codecghatare
prevalentlyusedin wide-rangingapplicationd8, 5, 6, 4].

In this paperwe would lik e to considersomeof the mostuti-
lizedimagecodersandtry to offer aglimpseof their ef cient sets,
E(C). Ouraimis to obtainactualsamplegrom E(C) andcontrast
theseimageswith the most naive form of naturalimagede ni-
tion, which admittedlyencompassesnly a small, but we believe
important,fractionof N . Hencefor the purpose®f this paperwe
vaguelyde nethesetl asthesetof grayscaléemagescomposeaf
“regionsof uniform statisticsseparatedby edges. We purposely
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leave the de nition fuzzy asstrict mathematicatle nitions of re-
gions,edgesanduniform will make us digressfrom the primary
aimsof this paper

We proposeto look at sampleimagesfrom E(C) by feeding
randombits to the decoderof the codingtechniqueC. Thatis,
we usestochasticcamplingto obtainimagesfrom the probability
distribution inducedby the imagecoderC. Of coursewe make
surethat bits that determineimage parametersmarker-bits, etc.,
aresetappropriately

Evenif oneis forgiving of our reluctanceto rigorously de-

ne someterms,two immediateobjectionscan be made. How

is it guaranteedhat we would be samplingfrom E(C) andhow

canwe talk aboutclosenesso | ? Fortunatelyimagecodersun-

der prevalent use utilize datastructuresthat considerthe image
as a concatenatedequencef randomoutcomes. For example,
thewell-known JPEGstandard5] looks at theimagein termsof

8 8 blocks,SPIHT[8] views the wavelet hierarcly in termsof

trees,etc. This allows usto talk abouta typical block for JPEG,
or atypical treefor SPIHT, etc.,in the statisticalsenseof typical

sequenceandinvoke thelaw of largenumberdo saythatstochas-
tic samplingwill producepointsfrom E(C) with high probability
[2]. we canfurther statethat most membersof E(C) are com-
posedof blocks, trees,etc., that are similar to thosedepictedin

our results.For determiningthe relationshipof animageto | we

proposea mathematicaimeasurevhich is hopedto quantitatvely

capturecloseness.

Section2 outlinesthe methodologyusedin our experiments,
and Section3 provides detailsof the proposedjuantitatve mea-
sure. Section4 includesthe sampledmagesandplots of quanti-
tative resultsfor eachcoder The readershouldkeepin mind that
if animagecoderoperatingon a particularimagecanbe thought
of asproviding the “address”of thatimagein a high dimensional
space mary bits are spentin distinguishingthatimagefrom the
extensive numberof imagesthat are similar to thosedepictedin
this section.Section5 containsconcludingremarks.

2. UTILIZED CODERSAND METHODOLOGY

We reportsamplingresultsfrom four popularcodecs SPIHT [8],
JPEG[5], JPEG200Q6], andJPEG-LS4]. Figurel outlinesthe
mainrationalefor this paper The databits within thecompressed
bitstreamgeneratedby goodcodersshouldbe composeaf inde-
pendentandidentically distributed binary randomvariableswith
0 and 1 having equalprobability [2]. Hence,as seenin Figure
2, injecting randombits into databit areasn the compressedbit-
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Fig. 1. A typicalimagecodec.The compressetitstreamis com-
posedof formatbits anddatabits. For a goodcodecthe databits
shouldbe closeto i.i.d. coin tosses,.e., randomvariableswith

prob(0) = prob(1) = 0:5.

streamand decodingthe resultsallow usto obtain samplesrom
thestochasti@rocesghatis in effect modeledby the coder Sam-
plesthatoccurwith high probabilityarethosethatarerepresented
with few bits, andundercertainassumptionghesesampleslepict
typical trees,blocks, etc., thatarewell representedby the coding
technique We have designedcompressedtitstreamghatallow us
to obtainsuchsampledrom eachcoder

Decoded

sample image
Compressed bitstrea

<format bits> <data bits> ...

! 512 x 512 grayscale image,
quantization=... .
! bitrate=...

INJECTED RANDOM BITS

Fig. 2. Outlineof samplingmethodology Thedatabitsin thecom-
presseditstreamare injectedwith randombits while preserving
thedecodingsyntax.

Of coursea practicalcoderhasmary othertypesof informa-
tionin thecompressedbitstreanthatneedto besetin certainways
to comply with the codingstandard.Iln our simulationswe have
chosentheseformat bits to denote512 512 grayscaleémages,
codedatroughly 1 bit perpixel whereappropriatelt is alsoworth
notingthatdueto variouspracticalityconcernsyariouscodersde-
liberatelydo not outputrandombits. For example,fastcompres-
sion/decompressiatbncernsareincorporatednto the JPEGstan-
dard by the useof Huffman codesthat are well-known to result
in slightinef ciencies [9]. Henceit is appropriateo saythatthe
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. Whenmodelswerenecessarjor thesedistributionswe took
themodelasthestandardmageLena,for e.g.,in sample®btained
from JPEGwe assumedhatthedecodewill beusingHuffmanta-
blesthatwereoptimizedfor Lena. Wherenecessarywe decoded
imageswith pixel valuesthatwentoutsideof theO  255integer
range asthisconstrainis handledndirectly by someof thecoders
duringdecodingresultingin uninterestingmages For suchcases,
we performedanoverallnormalizatioronthe nal decodedmage.

3. MATHEMATICAL MEASURES

An intuitive way to judgewhetherarandomlyselectedmagewill
becloseto | de ned in theintroductionis to checkwhetherthe

imageactuallyhasedgesandhow importanttheseedgesare. We
have thereforeutilized thealgorithmreportedn [7], wheresignals
arerecoveredfrom theirwaveletextrema.Usingall theextremain
a signal,the algorithmrendersa goodapproximatiorto the orig-
inal. However, as someextremaare removed the approximation
becomesoarserandthe meansquarederror with respecto the
original signalgivesusanideaof how importantthe removed ex-
tremaarein termsof representinghe signal. Keepingin mind the
propertiesof wavelet extremaandtheir relationshipto edged7],
in orderto establisitheimportanceof edgeswe would like to re-
taintheextremathatarespatiallyalignedacrossvaveletscalesand
discardothers.For a givenextremumat scales, imagineexamin-
ing scaless + 1ands 1 to determinegf thereareextremathat
correspondo the samespatiallocationasthe currentextremum.
Thosethatarefoundarelinkedwith the currentto form an*inter-
scalechain’ with this chaingrown acrosghe scaleauntil noother
extremacanbelinked. Let|(c) denotethelengthof chainc.

We utilize theseinterscalechainsby consideringhosechains
thattouchthe nest resolution. Then,for agivenk, ary suchchain
cwith I(c) < k isdeletedrom thelist of extremaprior to attempt-
ing areconstructionvith thealgorithmin [7]. In PSNRvs. k plots
in Section4, we reportthedropin PSNRversusanincreasen k
for thetestimagesusingthe LastWave softwarepackagd10]. Im-
ageshaving importantmajor edgesshouldhave smallerdropsin
PSNRask is increasesincesuchedgesnanifesthemselesover
mary scaleg7]. In eachplot, we have alsoprovidedtheresultsfor
standardmaged_enaandBarbaraor comparisonFor eachcoder
we plottedthe averagedecayresultsusing ve sampledmagesn
orderto betterrepresenthe coders “performance’in thistest.

4. RESULTS

4.1. SPIHT

Fig. 3. 512 512imagesampledrom SPIHT.

Figure 3 depictsa sampleimage obtainedfrom the SPIHT
coder We obsenre thattheimageis uniformly gray exceptatiso-
latedislandswherenon-zerowavelet coefcients wererandomly
encounteretdy thedecodentvariousscales Thisresultsin anim-
agethatcanbesubjectvely classi edasanaerialview of theocean
in awindy day with breakingwave-tops,or a similar aerialview



of adeserfandscapevith pocketsof smallrocky mountainsTo a

Fig. 4. Typical512 512sampledrom SPIHT.

certaindegreetheimageis successfuin depictingregionsof uni-
form statisticshroughzero-treegonly locally smoothregionsare
renderedas SPIHT doesnot directly modelhigh frequeng struc-
tureslik e textures)but edgesthat mark the boundarief regions
aremissing replacedy chunksof randomhighfrequeny wavelet
coefcients. Furthersampledrom SPIHT areprovidedin Figure
4,

PSNR drop
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Fig. 5. Averagedropin PSNRversusk for ve SPIHT samples.

In Figure 5, we seethat the PSNRre ecting the proposed
mathematicameasuref Section3 dropsveryrapidlyfor theSPIHT
imagesvhencomparedo standardmaged_enaandBarbara.This
is notsurprisingasmajoredgelayvirtually norolein theimages
of Figures3 and5.

4.2. JPEG

Thestructureof the JPEGimagein Figure6 is in uenced heavily
by the decodedDCT-DC terms. The DC termis encodedliffer-
entially andthe probability distribution thatgovernsthedifference
valuesfavors smalldifferenceslUnlessonechoosedo userestart-
marlers, the differentialencodingcarriesover at row boundaries
with the rst DC of the next row predictedby thelastDC of the

Fig. 6. 512 512imagesampledrom JPEG.

currentrow. While jumpsin the DC valuearepresentthecontinu-
ity in DC termsacrossows resultsin the gradualgradationin the
image,which looks like a renderingof a sunsetfrom afar. Close
inspectiorof 8 8 DCT blocksrevealsrandomlyspreacdut infre-
quentDCT-AC coefcients providing high frequeng detail. The

Fig. 7. Typical512 512 sampledrom JPEG.

highly probableEND-OF-BLOCKdescriptorandrun-lengthen-
forcing long runsof zeroAC coefcients prohibita morerandom
aswell asa more structuredliooking image. Figure 7 illustrates
furthersampledrom JPEG.

Of all the sampledcoders JPEGyieldsPSNRvs. k plotsthat
are closestto the standardmagesLenaand Barbara(Figure 8).
Thishasanarti cial reasorthough.Thein uential DCT-DC terms
resultin major edgesat horizontalblock boundarieghat not only
give theseimagesa “scenic” look but alsoallow themto perform
well in the senseof the proposedneasureLimitationsof analgo-
rithmic measurarealsoseerthroughthis gure asthealgorithmic
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Fig. 8. Averagedropin PSNRversusk for ve JPEGsamples.

implementatiorof [7] in [10] appeargo have beenpushedto its
limits for large k, wherethereareincreasesn PSNRratherthan
expecteddecreases.

4.3. JPEG2000

Fig. 9. 512 512imagesampledrom JPEG2000.

As shawvn in Figure 9, JPEG200(roducesnterestingsam-
ples. The following low-passand high-passlters were usedin
thelifting stepof thewavelettransform.

how = f 0:091272 0:057544 0:591272 1:115087
0:591272 0:057544 0:091272
hni = £0:0267490:016864 0:078223 0:266864

0:602949 0:266864 0:0782230:016864
;0:026749:

Figure 10 shavs othersamplesrom this coder The imagesare
very detailedanddepictvariouskindsof texturessinceJPEG2000
modelshigh frequeng structuredetterthanSPIHT. The samples
appearloseto picturesof arock pro le or thoseof soil samples.
The PSNRplot for JPEG200Gs indicative of the detail natureof

the samplesLack of majoredgesandfeatureghatspatiallytrack

acrossscalesagain resultsin rapiddecay

Fig. 10. Typical512 512samplefrom JPEG2000.
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Fig. 11. Averagedropin PSNRversusk for ve JPEG200Gam-
ples.

4.4. JPEG-LS

TheJPEG-LSimagein Figure12is characterizedby two typesof

patterns. Regions of uniform but texture-like variation are sepa-
ratedby hardrectilinearedgesThis coderutilizesa contet sensi-
tive predictorin a causakasterscan.Thepredictionerroris mod-

eledto have a Laplaciandensitywhich discouragesnajorjumps.
Somemodelingof edgesis presentwith horizontaland vertical

orientationsgdominatingthe distribution. While edgesarepresent,
subjectvely theimagelookscloserto the surfaceof amicrochipor

to asatelliteview of adenselypopulatednetropolitararea.Figure
13 containsothersamplesrom JPEG-LS.

Therapiddropsin PSNRiIllustratedin Figurel4 areindicative
of the detail structurein the JPEG-LSimages. The detail edges
do not carry over to coarserresolutionsandmajor edgesarethus
absentThisresultsn sharpdecaysvhencomparedo thestandard
images.

5. CONCLUSION

Todays state-of-the-artmage codersare applicableto a variety
of localizedimageregions but they do not model or take adwan-



Fig. 12. 512 512imagesampledrom JPEG-LS.

Fig. 13 Typical512 512sampledrom JPEGLS.

tageof edgesthat mark the boundarieof differentregions. The
resultsshawvn in the samplesof this paperare not surprising,es-
pecially when we carefully considerthe encodingstepsusedin
today’s state-of-the-artoders.If thetargetimagesarethosethat
have regions of uniform statisticsseparatedy edges,i.e., those
thatarein thesetl , thenit canbesaidthattodays's state-of-the-art
codersaretargetinga muchbroaderset,andthey arenotbeingas
ef cient aspossibleonl .

Throughthe resultsof recentresearchijt is now widely ac-
ceptedthat on at leastcertainsubset®f | , the compressiorper
formanceof image coderswill be dominatedby their ef ciency
over edges(seefor e.g.,[1, 3] andreferencegherein). Obtain-
ing the promisedbene ts of the specializatiorto | will only be
possibleby signi cantly extendingtoday's algorithms.
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Fig. 14. Averagedropin PSNRversuxk for veJPEG-LSsamples.
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