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Abstract. Imagesubtractions usedin mary areasof machinevision to identify smallchangedetweerequiv-
alentpairsof images.Oftenonly a smallsubsebf the differenceswill be of interest.For example,MS lesions
canbe detectedby subtractionof MRI scangtaken beforeandafter the injection of GADTFA contrastagent.
The contrastagenthighlightsthe lesions,but alsoresultsin globalchangesn the post-injectionscan. Simple
imagesubtractiordetectsll differencesegardlesof their source andis thereforeproblematico use.Superior
techniguesanalogougo standardstatisticaltests,canisolatelocaliseddifferencedueto lesionsfrom global
differencesWe introducea nev non-parametristatisticaimeasureavhich allows adirectprobabilisticinterpre-
tation of imagedifferencesWe expectthis to be applicableto a wide rangeof imageformationprocesseslts
applicationto medicalimagesds discussed.

1 Introduction

Imagesubtractioris acommontool for the analysisof changen pairsof imagesusedin awide rangeof circum-
stances[1]. Mostresearcherwill alreadybe familiar with the difficulties of interpretingthe resultingdifference
image [2]. Takinga simplesubtractiorbetweenwo imagesandidentifying regionsof changeusinga threshold
is directly equivalentto forming a null hypothesigest statistic,with the assumptiorof a single distribution for
the expectedlevel of changedueto uniform noise. In orderfor the techniqueto be usedsuccessfullygreatcare
hasto be takento ensurethat the only differencesdbetweenthe two imagesare dueto the physicalmechanisms
of interest. This mayrequirerealignmenbr pre-processingf the datain orderto remove grosschangedeforea
subtractioncanbe performed.The resultcanalwaysbe usedimmediatelyto identify regionsof maximalchange,
but ultimatelywe would alsolik e to be ableto put a quantitatve statisticalinterpretatioron the significanceof the
obsenedchange.The formationof suchan interpretationusing conventionalstatisticsis generallypreventedby
thelack of aknown statisticaimodelof theexpectedscenecontentor perhap®ventheimagingprocessHowever,
mostimagescontaina sufficient datathatin theorywe might extract sensiblemodelsof databehaiour from the
dataitself. Thisapproacthasbeenusedwidely in recentimageregistrationtechniqueg3], particularlyin medical
applications [4]. Thetechniquegenerallyreferredto as maximisationof mutualentroyy is in facta boot-strap
approachto the constructionof a maximume-likelihoodstatistic [5]. It thereforeseemgseasonabléo attemptto
adaptthesemeasuresandequivalentapproachegp the problemof imagesubtractionin orderto investigatethe
possibility of gettingquantitatve andstatisticallywell-definedmeasuresf differencefor arbitraryimagepairs.

2 Methods

The ideabehindthe new subtractiontechnique one of four developed[1], wasto try to constructa probability
valuethatreflectedhow likely it wasthateachgrey level hadbeendravn from the samegeneratiorprocessasthe
restof thedata.A scattegramproducedrom asampleof imagedatawasusedasabasisfor a statisticalmodel.In
orderto constructhe scattegramS(g1, g») from a pair of images correspondingixelsweretakenandtheir grey
levels gy, go wereusedto defineco-ordinatesor entriesin the scattegram. Thetwo imagesarereferredto below
asthefirst image, plotted on the abscissaf the scattegram,and the secondmage, plotted on on the ordinate.
A vertical cut on the scattegram F'(g; = const, g») isolatesa setof pixelsin thefirstimagewith the samegrey
level. Thedistribution of this datathengivesthe relative frequeng of grey levelsfor thosepixelsin the second
image. Iteratedtangentialsmoothing[1] wasappliedto the scattegramto ensurethat the surfacein grey-level
spacewassmoothandcontinuous Furthermorethe scattegramwasnormalisedalongall verticalcutsg; = k to
give a probability distributions,so thateachgraphpixel correspondedb the probability of obtaininga particular
grey level valueat a pixel in the secondmagegiventhe grey level valueof the samepixel in thefirstimage.

Thegrey levelsof apairof pixelsfrom theoriginalimagesvereusedasco-ordinatesn thenormalisedscattegram.
An integrationwasthenperformedalongtheverticalcut passinghroughthis point, summingvaluessmaller than
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Figure 1. Theoriginal MRI brainimageg(a,b),scattegram(c), andsimplesubtractiordifferenceimage(d), with
a 20 offsetaddedo a smallregion of image(b).
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Figure 2. Thedifferenceimageproducedy the newv method(a) shaving the alteredregion in the upperleft. The
histogramof this differencemage(b) is by definitionflat.

thatof this pixel. This total wasusedasthe grey level valuefor therelevantpixel in thedifferenceimagé-.
D(z,y) = Y §(F(z,¢) > F(z,y) )F(z,0).

This integrationis identicalto the constructionof a confidencanterval, usingthe original definition dueto Ney-

man [6], utilizing an ordering principle which guaranteeshe shortestpossibleinterval [7]. The resultis the
probability of the pairing of grey levels at correspondingixelsin the original images. The distribution of grey

levelsin the differenceimageis by definitionflat andthereforehonest [8], i.e. a 1% probabilityimpliesthatdata
will be generatedvorsethanthis only 1/100th of thetime. The measurénasthe sameinterpretatiorasthe con-
ventional“chi-squaredprobability” but is essentiallynon-parametricLow probabilitiesindicatethatthe pairings
of pixelsareexpectedto be uncommon.This is exactly the type of measureneededn orderto identify outlying

combinationsof pixel valuesin an automaticmanner The distribution of grey levelsin the differenceimages
producedusingthis methodcanalsoactasa self-test. Any significantdeparturefrom aflat distribution indicates
inappropriatébehaiour of thetwo datasetsandthereforeunsuitabilityof the statisticfor thatcomparison.

3 Resaults

MS lesionsin the brain can be difficult to detectin an MRI scan,but can be highlightedusing an injection of
gadolinium(GdDTR), which concentratest the lesionsites. Scanstaken beforeand after the injection canbe
subtractedo helpidentify lesions but the gadoliniumalsoaltersthe globalcharacteristicef thescan soasimple
pixel-by-pixel subtractionwill not remove all of the underlyingstructureof the brain from theimage. The new
imagesubtractiormethodshouldignorethe globalchangesandso produceanimagethatshavs only thelesions.

Obtainingagold standardor thiswork is difficult without extensive hystologicainvestigationn orderto simulate
the imagingprocessiwo T2 scanswith slightly differentechotrain times(TE) of the sameslice of a brainwere
used. This simulategthe effectsof repeatscanningon differentscannersftera significanttime interval, andthe
small quantitatve changesvhich occurin the signaldueto the presenc®f a contrastagent.The backgroundvas
removedfrom theimagesothatour statisticalmodel(scattegram)wasestimatedusingonly the tissuesn which

we wereinterested It wasexpectedthat, undermary circumstances;orrectionsor intensitynon-uniformitiesin

the datawould needto be applied[9], but this wasnot found to be neccessaryith theseimages. A grey-level

offset too small to be detectedvisually was then addedto a small circular region of one of the brain images,
simulatinglesionsin atestablemanner The magnitudeof the offsetwasbasedn the noisein theoriginalimages.
The subtractiorroutinewasappliedto this datain anattemptto detectthe change.Fig. 1 shonsthebrainimages
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Figure 4. Thedifferenceimagesproducedoy simplesubtractiona) andthe new method(b) from the MRI brain
scanf an MS patient,andtheresultof thresholdingheimageatthe 1% level (c).

with an offset of 20 addedto a small region of oneimage,togetherwith the scattegram and the resultsof a
simplesubtraction.The alteredregion cannotbe detectedvisually in the original images,andis barelyvisible in
the pixel-by-pixel differenceimage. Fig. 2 shavs the differenceimagegeneratedisingthe nev method,andthe
alteredregion shows up clearly. The alteredregion ceasedo be detectablavhenthe magnitudeof the offsetwas
reducedbelow aroundle. Fig. 2 alsoshavs a histogramgeneratedrom the differenceimageand,asexpected,
this methodproducedan honestprobability distribution, confirmingthe applicability of this statisticalmeasureo
this MR data.

The new subtractiontechniquewasalsoappliedto genuineMRI data,in the form of a pair of scansof the brain

of anMS patient,taken beforeandaftertheinjectionof the GADTFA contrastagentusedto highlight MS lesions.
Fig. 3 shovsthetwo scansfogethemwith thescattegram. Thelargerlesionscaneasilybe seenin boththesecond
scan,asthe lighter regions, andthe resultsof the simple subtraction,asthe darker regions. The resultof both

a simple subtractionand the new image subtractionmethodare shavn in Fig. 4. As in the previous example,
the new methodremovedall of the underlyingbrain structurefrom the image,leaving only the lesionsasdarker

regionsagainsta backgroundf randomnoisewith aflat probability distribution. Fig. 4 alsoshaws theresultof

thresholdingthe differenceimageat the 1% level to highlight the lesions. The lesion sitesdetectedby the new

techniquematchedhoseidentifiedby theradiologist.In thesemageshelesionswereeasilyvisible,andsovisual

inspectionof the simple subtractionresultsby the radiologistwas sufiicient to identify the lesionsites. In this

casethe main advantageof the new subtractiontechniquewasthatit producedesultsin termsof a well-defined
statisticalquantity Thiswould allow furtherprocessingf theimagesto be conductedn a quantitatve manner

4 Discussion and Conclusions

Pixel-by-pixel imagesubtractionwhenconsideredsa statisticaltest,canbe shavn to rely on mary assumptions
regardingtheinformationcontainedn apair of images.Theseassumptiongarerarelyvalid and,asaconsequence,
simpleimagesubtractiorcannotbe usedreliably [2]. Thenew imagesubtractiortechniquedescribechereuseda
scattegramof thegrey levelsin a pair of imagesasa modelof theglobalvariationsbetweertheimagesavoiding
suchassumptionsandallowing the new techniqueo focusonly onlocalisedvariations.Thetechniquevasshovn
to be superiorin detectingabnormalitiesin medicalimages. In additionthe grey levels in the new technique
differenceimagecorrespondo a probability, a well-definedquantity The new techniquecanbe consideredas
thedefinition of new non-parametristatisticaltest,with theoreticallypredictableproperties As such,themethod
is firmly groundedn the existing body of statisticaldecisiontheoryand canbe usedin combinationwith more
restrictive parametricechniquedor hypothesigesting. This fact makesextensive quantiatve analysisredundant,



thoughtheresultspresentedheredemonstratéheapplicabilityof thesemeasureto thesubtractiorof MR datasets.

Thenew techniqueproducesanoutputimagewheretheprobabilitydistributionis flat, which providesamechanism
for self-test. Suchstatisticalmethodsalso permit datainterpretationusing only the single model of interest. In
contrast,Bayesiantechniquegor computingthe probability P(C;|D) thata givenmodel C; explainsthe dataD
requireprior knowledgeof modelsrepresentingill the distributionspresenin the data,

_ P(C)P(D|Cy)
P(C;|D) = > P(C))P(D|C;)

This differencecan be importantin somedatainterpretationtasks. In addition, a standardechniqueexists for
combiningandre-flatteningindependentlat probability distributions [10]. If n probabilitiesP drawn from aflat
distribution aremultiplied to producea combinedprobability, the combinedprobability canbere-flattenedising

This processs potentially nestable allowing region-basediatafusion to producea principled statisticaltest of
whetherthe dataare dravn from the meandistribution. Thesemeasuregsould also be usedin the analysisof
co-occurencef spatiallydistributedvaluesandmaythusalsohave arole in theanalysisof texture.

Thetechniqueasdescribechereproducesanoutputimagewith aflat probability distribution, andsothresholding
atsomelevel n will extractthelowest-probabilityl00n% of thepixelsfrom theimage.However, if thescattegram
is generatedrom regionsof theimageswherethe differencesare duesolely to noise,thenthe distribution in the

differenceimagewill beflat only for pixelsdrawvn from the meandistribution. Localiseddifferencedetweerthe

imagesnot dueto noisewill generatea peakat low probability in the probability distribution of the difference
image. Thresholdingat someprobabiltiy higherthanthis peakwill thereforeextract all the pixels dueto the
differencestogetherwith someknown percentagef pixels from the restof the images. Sincethe proprotion
of normaltissuepixels extractedis known, volumetric analysisof the lesionscan be performed. The issuesof

enhancinghe contrastof MS lesionsin MRI scansandof volumetricanalysisof the lesionsareimportantareas,
in relationto bothtrackingthe progressiorof the subclinicaldiseaseandto theraputicrials [11].
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