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Abstract. Imagesubtractionis usedin many areasof machinevision to identify smallchangesbetweenequiv-
alentpairsof images.Oftenonly a smallsubsetof thedifferenceswill beof interest.For example,MS lesions
canbe detectedby subtractionof MRI scanstaken beforeandafter the injection of GdDTPA contrastagent.
Thecontrastagenthighlightsthe lesions,but alsoresultsin globalchangesin thepost-injectionscan.Simple
imagesubtractiondetectsall differencesregardlessof theirsource,andis thereforeproblematicto use.Superior
techniques,analogousto standardstatisticaltests,canisolatelocaliseddifferencesdueto lesionsfrom global
differences.Weintroduceanew non-parametricstatisticalmeasurewhichallowsadirectprobabilisticinterpre-
tationof imagedifferences.We expectthis to beapplicableto a wide rangeof imageformationprocesses.Its
applicationto medicalimagesis discussed.

1 Introduction

Imagesubtractionis a commontool for theanalysisof changein pairsof images,usedin a wide rangeof circum-
stances[1]. Most researcherswill alreadybefamiliar with thedifficultiesof interpretingtheresultingdifference
image [2]. Takinga simplesubtractionbetweentwo imagesandidentifying regionsof changeusinga threshold
is directly equivalentto forming a null hypothesisteststatistic,with the assumptionof a singledistribution for
the expectedlevel of changedueto uniform noise. In orderfor the techniqueto be usedsuccessfullygreatcare
hasto be taken to ensurethat the only differencesbetweenthe two imagesaredueto the physicalmechanisms
of interest.This mayrequirerealignmentor pre-processingof thedatain orderto removegrosschangesbeforea
subtractioncanbeperformed.Theresultcanalwaysbeusedimmediatelyto identify regionsof maximalchange,
but ultimatelywewouldalsolike to beableto puta quantitativestatisticalinterpretationon thesignificanceof the
observedchange.The formationof suchan interpretationusingconventionalstatisticsis generallypreventedby
thelackof aknownstatisticalmodelof theexpectedscenecontentsor perhapseventheimagingprocess.However,
mostimagescontaina sufficient datathat in theorywe might extractsensiblemodelsof databehaviour from the
dataitself. Thisapproachhasbeenusedwidely in recentimageregistrationtechniques[3], particularlyin medical
applications [4]. The techniquegenerallyreferredto asmaximisationof mutualentropy is in fact a boot-strap
approachto the constructionof a maximum-likelihoodstatistic [5]. It thereforeseemsreasonableto attemptto
adaptthesemeasures,andequivalentapproaches,to the problemof imagesubtractionin orderto investigatethe
possibilityof gettingquantitativeandstatisticallywell-definedmeasuresof differencefor arbitraryimagepairs.

2 Methods

The ideabehindthe new subtractiontechnique,oneof four developed[1], wasto try to constructa probability
valuethatreflectedhow likely it wasthateachgrey level hadbeendrawn from thesamegenerationprocessasthe
restof thedata.A scattergramproducedfrom asampleof imagedatawasusedasabasisfor astatisticalmodel.In
orderto constructthescattergram
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from a pair of images,correspondingpixelsweretakenandtheir grey

levels
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wereusedto defineco-ordinatesfor entriesin thescattergram.Thetwo imagesarereferredto below
asthe first image,plottedon the abscissaof the scattergram,andthe secondimage,plottedon on the ordinate.
A verticalcut on thescattergram � �������������������
���	


isolatesa setof pixels in thefirst imagewith thesamegrey
level. Thedistribution of this datathengivesthe relative frequency of grey levels for thosepixels in the second
image. Iteratedtangentialsmoothing[1] wasappliedto the scattergramto ensurethat the surfacein grey-level
spacewassmoothandcontinuous.Furthermore,thescattergramwasnormalisedalongall verticalcuts
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give a probabilitydistributions,so thateachgraphpixel correspondedto theprobabilityof obtaininga particular
grey level valueat a pixel in thesecondimagegiventhegrey level valueof thesamepixel in thefirst image.

Thegrey levelsof apairof pixelsfrom theoriginal imageswereusedasco-ordinatesin thenormalisedscattergram.
An integrationwasthenperformedalongtheverticalcutpassingthroughthispoint,summingvaluessmaller than 
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(a) (b) (c) (d)
Figure 1. Theoriginal MRI brainimages(a,b),scattergram(c), andsimplesubtractiondifferenceimage(d), with
a !#" offsetaddedto a smallregionof image(b).

(a) (b)
Figure 2. Thedifferenceimageproducedby thenew method(a) showing thealteredregion in theupperleft. The
histogramof thisdifferenceimage(b) is by definitionflat.
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This integrationis identicalto theconstructionof a confidenceinterval, usingtheoriginal definitiondueto Ney-
man [6], utilizing an orderingprinciple which guaranteesthe shortestpossibleinterval [7]. The result is the
probability of the pairing of grey levels at correspondingpixels in the original images.The distribution of grey
levelsin thedifferenceimageis by definitionflat andthereforehonest [8], i.e. a 1% probabilityimpliesthatdata
will begeneratedworsethanthis only 1/100th of thetime. Themeasurehasthesameinterpretationasthecon-
ventional“chi-squaredprobability” but is essentiallynon-parametric.Low probabilitiesindicatethat thepairings
of pixelsareexpectedto beuncommon.This is exactly the typeof measureneededin orderto identify outlying
combinationsof pixel valuesin an automaticmanner. The distribution of grey levels in the differenceimages
producedusingthis methodcanalsoactasa self-test.Any significantdeparturefrom a flat distribution indicates
inappropriatebehaviour of thetwo datasetsandthereforeunsuitabilityof thestatisticfor thatcomparison.

3 Results

MS lesionsin the brain canbe difficult to detectin an MRI scan,but canbe highlightedusingan injection of
gadolinium(GdDTPA), which concentratesat the lesionsites. Scanstakenbeforeandafter the injectioncanbe
subtractedto helpidentify lesions,but thegadoliniumalsoalterstheglobalcharacteristicsof thescan,soasimple
pixel-by-pixel subtractionwill not remove all of the underlyingstructureof the brain from the image. The new
imagesubtractionmethodshouldignoretheglobalchanges,andsoproduceanimagethatshowsonly thelesions.

Obtainingagoldstandardfor thiswork is difficult withoutextensivehystologicalinvestigation.In orderto simulate
the imagingprocess,two T2 scanswith slightly differentechotrain times(TE) of thesamesliceof a brainwere
used.This simulatestheeffectsof repeatscanningon differentscannersaftera significanttime interval, andthe
smallquantitativechangeswhich occurin thesignaldueto thepresenceof a contrastagent.Thebackgroundwas
removedfrom the imagesothatour statisticalmodel(scattergram)wasestimatedusingonly thetissuesin which
we wereinterested.It wasexpectedthat,undermany circumstances,correctionsfor intensitynon-uniformitiesin
the datawould needto be applied[9], but this wasnot found to be neccessarywith theseimages.A grey-level
offset too small to be detectedvisually was then addedto a small circular region of one of the brain images,
simulatinglesionsin a testablemanner. Themagnitudeof theoffsetwasbasedon thenoisein theoriginal images.
Thesubtractionroutinewasappliedto this datain anattemptto detectthechange.Fig. 1 shows thebrainimages

1 9 representstheKronecker deltafunction.



(a) (b) (c)
Figure 3. MRI brainscansfrom anMS patientbefore(a)andafter(b) GdDTPA injection,andthescattergram(c).

(a) (b) (c)
Figure 4. Thedifferenceimagesproducedby simplesubtraction(a) andthenew method(b) from theMRI brain
scansof anMS patient,andtheresultof thresholdingtheimageat the1% level (c).

with an offset of !�" addedto a small region of one image,togetherwith the scattergram and the resultsof a
simplesubtraction.Thealteredregion cannotbedetectedvisually in theoriginal images,andis barelyvisible in
thepixel-by-pixel differenceimage.Fig. 2 shows thedifferenceimagegeneratedusingthenew method,andthe
alteredregion shows up clearly. Thealteredregion ceasedto bedetectablewhenthemagnitudeof theoffsetwas
reducedbelow around :�" . Fig. 2 alsoshows a histogramgeneratedfrom the differenceimageand,asexpected,
this methodproducedanhonestprobabilitydistribution,confirmingtheapplicabilityof this statisticalmeasureto
this MR data.

Thenew subtractiontechniquewasalsoappliedto genuineMRI data,in the form of a pair of scansof thebrain
of anMS patient,takenbeforeandaftertheinjectionof theGdDTPA contrastagentusedto highlight MS lesions.
Fig. 3 shows thetwo scans,togetherwith thescattergram.Thelargerlesionscaneasilybeseenin boththesecond
scan,asthe lighter regions,andthe resultsof the simplesubtraction,as the darker regions. The resultof both
a simplesubtractionand the new imagesubtractionmethodareshown in Fig. 4. As in the previous example,
thenew methodremovedall of theunderlyingbrainstructurefrom the image,leaving only the lesionsasdarker
regionsagainsta backgroundof randomnoisewith a flat probabilitydistribution. Fig. 4 alsoshows theresultof
thresholdingthe differenceimageat the 1% level to highlight the lesions. The lesionsitesdetectedby the new
techniquematchedthoseidentifiedby theradiologist.In theseimagesthelesionswereeasilyvisible,andsovisual
inspectionof the simplesubtractionresultsby the radiologistwassufficient to identify the lesionsites. In this
casethemainadvantageof thenew subtractiontechniquewasthat it producedresultsin termsof a well-defined
statisticalquantity. Thiswouldallow furtherprocessingof theimagesto beconductedin a quantitativemanner.

4 Discussion and Conclusions

Pixel-by-pixel imagesubtraction,whenconsideredasa statisticaltest,canbeshown to rely on many assumptions
regardingtheinformationcontainedin apairof images.Theseassumptionsarerarelyvalid and,asaconsequence,
simpleimagesubtractioncannotbeusedreliably [2]. Thenew imagesubtractiontechniquedescribedhereuseda
scattergramof thegrey levelsin apair of imagesasa modelof theglobalvariationsbetweentheimages,avoiding
suchassumptions,andallowing thenew techniqueto focusonly on localisedvariations.Thetechniquewasshown
to be superiorin detectingabnormalitiesin medical images. In addition the grey levels in the new technique
differenceimagecorrespondto a probability, a well-definedquantity. The new techniquecanbe consideredas
thedefinitionof new non-parametricstatisticaltest,with theoreticallypredictableproperties.As such,themethod
is firmly groundedin the existing body of statisticaldecisiontheoryandcanbe usedin combinationwith more
restrictive parametrictechniquesfor hypothesistesting.This factmakesextensivequantiativeanalysisredundant,



thoughtheresultspresentedheredemonstratetheapplicabilityof thesemeasuresto thesubtractionof MR datasets.

Thenew techniqueproducesanoutputimagewheretheprobabilitydistributionis flat,whichprovidesamechanism
for self-test. Suchstatisticalmethodsalsopermit datainterpretationusingonly the singlemodelof interest. In
contrast,Bayesiantechniquesfor computingthe probability ; �=<?>A@ $ 
 thata givenmodel
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requireprior knowledgeof modelsrepresentingall thedistributionspresentin thedata,
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This differencecanbe importantin somedatainterpretationtasks. In addition,a standardtechniqueexists for
combiningandre-flatteningindependentflat probabilitydistributions [10]. If n probabilitiesP drawn from a flat
distributionaremultiplied to produceacombinedprobability, thecombinedprobabilitycanbere-flattenedusing
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This processis potentiallynestable,allowing region-baseddatafusion to producea principledstatisticaltestof
whetherthe dataaredrawn from the meandistribution. Thesemeasurescould also be usedin the analysisof
co-occurenceof spatiallydistributedvaluesandmaythusalsohavea role in theanalysisof texture.

Thetechniqueasdescribedhereproducesanoutputimagewith a flat probabilitydistribution,andsothresholding
atsomelevel

�
will extractthelowest-probability:�STS �VU of thepixelsfrom theimage.However, if thescattergram

is generatedfrom regionsof the imageswherethedifferencesareduesolely to noise,thenthedistribution in the
differenceimagewill beflat only for pixelsdrawn from themeandistribution. Localiseddifferencesbetweenthe
imagesnot dueto noisewill generatea peakat low probability in the probability distribution of the difference
image. Thresholdingat someprobabiltiy higher than this peakwill thereforeextract all the pixels due to the
differences,togetherwith someknown percentageof pixels from the rest of the images. Sincethe proprotion
of normal tissuepixels extractedis known, volumetricanalysisof the lesionscanbe performed. The issuesof
enhancingthecontrastof MS lesionsin MRI scansandof volumetricanalysisof the lesionsareimportantareas,
in relationto bothtrackingtheprogressionof thesubclinicaldisease,andto theraputictrials [11].
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