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Abstract

Imagesubtractionis usedin many areasof machinevision to identify
smallchangesbetweenequivalentpairsof images.Oftenonly asmallsubset
of the differenceswill be of interest. In motion analysisonly thosediffer-
encescausedby motionareimportant,anddifferencesdueto othersources
only serve to complicateinterpretation.Simpleimagesubtractiondetectsall
differencesregardlessof their source,and is thereforeproblematicto use.
Superiortechniques,analogousto standardstatisticaltests,can isolatelo-
caliseddifferencesdueto motion from globaldifferencesdue,for example,
to illumination changes.Four suchtechniquesaredescribed.In particular,
we introducea new non-parametricstatisticalmeasurewhich allows a di-
rect probabilisticinterpretationof imagedifferences.We expect this to be
applicableto a wide rangeof imageformationprocesses.Its applicationto
medicalimagesis discussed.

1 Introduction

Imagesubtractionis a commontool for the analysisof changein pairsof images.The
methodis usedin varying circumstancesrangingfrom surveillanceto interpretationof
medicalimagedata [1] [2] [3] [4]. Thoughthis standardtool is quite simple,mostre-
searcherswill alreadybefamiliar with thedifficultiesof interpretingtheresultingdiffer-
enceimage [5]. Takingasimplesubtractionbetweentwo imagesandidentifyingregions
of changeusinga thresholdis directly equivalentto forming a null hypothesisteststatis-
tic, with theassumptionof a singledistribution for theexpectedlevel of changedueonly
to noisethat is the sameacrossthe entire image. In orderfor the techniqueto be used
successfullygreatcarehasto be taken to ensurethat the only changestaking placebe-
tweenthetwo imagesaredueto thephysicalmechanismsthatwe areinterestedin. This
mayrequirethat imagedatasetsarerealignedor pre-processedin orderto removegross
changesbeforea subtractioncanbe performed.Theresultcanalwaysbeusedimmedi-
atelyto identify regionsof maximalchange,but ultimatelywe would alsolike to beable
to put a quantitative statisticalinterpretationon thesignificanceof theobservedchange.
Theproblemthatstandsin theway of forming suchaninterpretationusingconventional
statisticsis generallythelackof aknown modelof theexpectedscenecontentsor perhaps



eventhe imagingsystem.However, mostimagescontaina sufficiently largequantityof
datathat in theorywe might be ableto extract sensiblemodelsof databehaviour from
the dataitself. This approachhasbeenusedwidely in recentimageregistrationtech-
niques [6], particularin medicalapplications[7]. Thetechniquegenerallyreferredto as
maximisationof mutualentropy is in facta boot-strapapproachto theconstructionof a
maximum-likelihoodstatistic [8]. It thereforeseemsreasonableto attemptto adaptthese
measures,andequivalentapproaches,to theproblemof imagesubtractionin orderto in-
vestigatethepossibilityof gettingquantitative andstatisticallywell-definedmeasuresof
differencefor arbitraryimagepairsfor usein imageinterpretationtasks.

The imagesubtractiontechniquesdescribedherearebasedon the useof an image
scattergramfrom a sampleof imagedataasa basisfor a statisticalmodel. In order to
constructthescattergram
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from apairof imagescorrespondingpixelsweretaken

andtheirgrey levels
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wereusedto defineco-ordinatesfor entriesin thescattergram.
The two imagesarereferredto below as the first andsecondimages,and in eachcase
thefirst imagegrey levelswereplottedon theabscissaof thescattergram,andthesecond
imagegrey levelson theordinate.A verticalcut on thescattergram � ��� ������������� ��� 
 �
isolatesa setof pixelsin thefirst imagewith thesamegrey level. Thedistributionof this
datathengivestherelative frequency of grey levelsfor pixelsin thesecondimage.

Iterativetangentialsmoothingwasappliedto thescattergramto ensurethatthesurface
in grey-levelspacewassmoothandcontinuous.This techniqueapplieslocalaveragingof
threegrey level valueslying ontangentsto thelocaldirectionof maximumgradientin the
scattergram.By definitionthereshouldbenochangein thetangentialdirection,otherthan
thatdueto noise,for a 2D dataset.This techniquethereforesmoothsthesurfacein grey-
level spacein a way thatpreservestheoriginal datadistribution. Themainadvantageof
iterative tangentialsmoothingoverGaussiansmoothingin theapplicationdescribedhere
is that the former doesnot increasethe overall sizeof featuresin the grey level space,
aneffect thatwasfoundto bedetrimentalto theperformanceof someof thesubtraction
algorithmsdescribedbelow.

Forsimilar images,theridgein thescattergramprovidesamodeldescribingtheglobal
variationsbetweenthetwo images.For instance,if thelevel of illumination in thesecond
imagewasincreased,the ridge would move upwardsin the scattergram. The ridge can
thereforebeusedto differentiatebetweenglobaldifferencesdueto illumination changes
andlocaliseddifferencescausedby motion. Four imagesubtractionmethodsbasedon
imagescattergramswereinvestigated,andeachof theseis describedin detailbelow. Fig.
1 showsa schematicdiagramof thenew imagesubtractionmethods.

Methods

1.1 Spline Ridges

Thesimplestmethodfor extractingthepositionof theridgein thescattergramwasto fit
it overaseriesof rangeswith polynomials.Cubicsplineswereusedto guaranteethatthe
curvewassmoothandcontinuousat theboundariesbetweentheranges.Thesplineswere
fitted to a seriesof knot pointson theridge. Initial approximationsfor theseknot points
werechosenby specifyingthenumberof points

�
desired,dividing thegraphinto
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rangesin thehorizontaldirection,andsearchingalongtheboundariesof therangesin the
verticaldirectionto find themaximumvalues.



Oncetheinitial approximationsto theknotpointshadbeenfound,simplex minimisa-
tion wasusedto optimisethefit [9]. Thecostfunctionfor thesplinefit wasdefinedasthe
negative sumof thegrey levelsof thepixels  lying underthesplinecurve ! ��� � �#"%$'&
() �
in thescattergram. ! �*���+� �-,/. � ���
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Oncethesplinefit hadbeenoptimisedin this way, it wasusedto producea new version
of thesecondimage.Thegrey levelsof pixelsfrom thefirst imagewereusedto definea
verticalcut on the scattergram,andthe correspondingvertical ordinatesfor the ridge in
thescattergramwerefoundusingthesplinecurves.Theverticalordinateswerethenused
asgrey levelsin thenew secondimage,which couldthenbesubtractedfrom theoriginal
secondimageto giveadifferenceimage.1 ����23��45� �76 
8��2��945� � ! � 6 ����23��45�:�#" $'&
() �
Thenew secondimageis anestimateof thefirst image,scaledto removetheglobalvaria-
tionsbetweentheoriginal imagesencodedin theridgein thescattergram.Thesubtraction
of the new secondimagefrom the original secondimagethereforeeffectively removed
any globalmappingbetweengrey level valuesin thetwo images.

1.2 Log-Likelihood

An alternative to the splines-basedmethodfor calculatingthe differenceimagethat did
not rely onfitting curvesor finding themaximain thescattergramwasalsoimplemented.
Normalisingthe profile alongthe vertical cut
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givesa probability distribution,

with eachgraphpixel correspondingto theprobabilityof obtainingaparticulargrey level
valueatapixel in thesecondimagegiventhegrey level valueof thesamepixel in thefirst
image. The differenceimagewasthenproducedby takingcorrespondingpairsof pixel
grey levelsandproducinga differenceimagewith valuesgivenby
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timesthenatural

log of thescattergramvalue.
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Assumingthattheprobabilitydistribution takestheform of a Gaussian,
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whereP is theprobabilityof obtaininga measurementx from a Gaussiandistribution of
mean

J
andwidth

L
, thenthe
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is givenby
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Comparingthis to the standardform for a z-score,( ^ � ��_�`bac � ), it canbe seenthat
the right-handsideof the equationfor

�'<*>A� H
, ignoring the first term, is equivalentto

thesquareof thez-score.Theadvantageherehowever is thatthescattergramwill model
any arbitrarydistribution, not just a Gaussian,and this also includesdistributionswith
arbitrarywidth.



This differenceimage,whensummed,givesan overall differencestatisticwhich is
directly equivalentto the mutualentropy measuresusedfor imageco-registration. We
maythereforeexpectthatthereturnedvaluescanbeof usein termsof arriving atsensible
statisticaldecisionsregardingthe level of differencebetweenthe two images.Unfortu-
nately, this is only thecasewhenthespreadof measuredvaluesis thesamefor all mean
values.We mustthereforeseekanothermeasureif we wish to make statisticaldecisions
regardingindividualpixels.

1.3 Local Maxima

In somecaseswemaybegivenpairsof imagesfor which thereareambiguousgrey level
regions. This maymanifestitself asbi-modaldistributionswithin the scattergram. One
way to dealwith this is to take thedifferencenot from theglobalmaximumalonga cut,
but from the nearestlocal maxima. In order to calculatethe z-scorewith referenceto
thenearestlocalmaximumthepeaksin thescattergramwerelocatedby a simplesearch.
Thegrey levels for a pair of pixels from theoriginal imagesdefinedco-ordinatesin the
scattergramthat actedas the startingpoint for the search. The searchthen proceeded
bothupwardsanddownwardsin � ��� � �	� 
 � . Thepeakswereroughlylocated,andthenthe
positionwasrefinedby interpolationusinga quadraticfit to the threepointsaroundthe
peak.Thisgave theverticalordinate
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of thenearestpeakin thescattergram,which

wassubtractedfrom the vertical ordinateof the startingpositionto give an effective z-
score.Thedifferenceimagecanbedefinedas1ih �A2���45� �j6E
 ��23��45� � � CAd
e	fEg
The z-scorewasusedasthe grey level in the differenceimage,andthe procedurewas
repeatedfor everypair of pixelsfrom theoriginal images.

1.4 Probability Integration

The final methodwe devised for calculatingthe differenceimageusedthe probability
distributionsin thescattergramdirectly, withoutcalculatinganeffectivez-score.Theidea
wasto try to constructa probabilityvaluethat reflectedhow likely it wasthateachgrey
level hadbeendrawn from thesamegenerationprocessastherestof thedata.A vertical
cut in thenormalisedscattergramgaveaprobabilitydistributiondescribingthegrey levels
of asetof pixelsin thesecondimagethatall hadthesamegrey level in thefirst image.As
in thepreviousmethods,thegrey levelsof a pair of pixelsfrom theoriginal imageswere
usedto defineasetof co-ordinatesin thescattergram.An integrationwasthenperformed
alongtheverticalcut passingthroughthis point, summingall of thevaluessmaller than
thatof this pixel. This total1 wasusedasthegrey level valuefor therelevantpixel in the
differenceimage.

1lk �A2���45� �m, Con � � �A2�� � �qp � �A2��94r�s� � �A2�� � �
This techniqueproducesa differenceimagein which the grey level of eachpixel is

the probability of the pairing of grey levels for the correspondingpixels in the original
1 t representstheKronecker deltafunction.



images. The distribution of grey levels in the differenceimageis by definition flat for
datadrawn from the meandistribution. Suchprobability distributionsarehonest [10],
i.e. a 1% probability implies that datawill be generatedworsethanthis only 1/100th
of the time. The measurehasthe sameinterpretationasthe conventional“chi-squared
probability”, exceptwe do not needto specifya particulardistribution which meansthat
it is essentiallynon-parametric.Low probabilitiesindicatethat the pairingsof pixels
are expectedto be uncommon. This is exactly the type of measurewe needin order
to identify outlying combinationsof pixel valuesin an automaticmanner, solving the
problemsinherentin thelikelihood-basedapproach.

The distribution of grey levels in the differenceimagesproducedusingthis method
canact asa self-test: ignoring the low-probability pixels generatedby localiseddiffer-
ences,it shouldbe flat. Any significantdeparturefrom a flat distribution thereforein-
dicatesinappropriatebehaviour of the two datasetsand thereforeunsuitability of the
statisticfor thatcomparison.

2 Results

2.1 Testing with Synthetic Data

Thefour routinesdescribedaboveweretestedusingsyntheticdatato ensurethatthey were
working aspredicted.They weredesignedto beableto ignoreeffectssuchaschangesin
theshadingor illumination of features,andfocusonly on movementof featuresbetween
images. Two test imageswere preparedusing the imagecreationtool in TINA [11].
Eachwas an 8bpp greyscaleimage,256 by 256 pixels in size, of a 128 by 128 pixel
rectanglein thecentreof theframe.Therectangleswereshadedsothat their grey levels
variedsmoothlybetween30 on oneverticaledgeand200on theother, with theshading
beinguniform in the vertical direction. The directionof shadingwasreversedbetween
the two images.Finally, Gaussiannoisewith a standarddeviation of 10 grey levelswas
addedto both images.The resultanttest imagesareshown in Fig. 2, togetherwith the
scattergramandtheresultsof a simplepixel-by-pixel subtraction.It wasanticipatedthat
the imagesubtractiontechniquesdescribedabove shouldbe capableof detectingthat
the rectangledid not move betweenthe two images,despitethe differencein shading,
andreturndifferenceimagescontaininguniform randomnoise. The differenceimages
producedby thefour methodsareshown in Fig. 3.

Thesplines-basedmethodshowsthegreatestdeparturefrom theexpectedresults,and
this wasdueto a failurein thesplinefitting. Thefit wasgoodfor thepeakcloseto
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which correspondedto the background,andcloseto the centralpart of the scattergram.
However, it failedin theregionscorrespondingto thehighestandlowestgrey level values
in the rectanglein the first imagedue to the discontinuitiesin the scattergramat these
points.Therefore,thedifferenceimagedepartsfrom theexpectedoutputaroundthever-
tical edgesof therectangle.

Thedifferenceimagesgeneratedby theremainingthreemethodsall closelymatchthe
expectedoutput.Theverticalfeaturesat theverticaledgesof therectanglescorrespondto
a slight differencein thepositioningof therectanglebetweenthetwo framesand,in that
respect,show thecapabilityof thesemethodsfor detectingmovementof imagefeatures
whilst ignoringothereffects.Thedifferenceimagereturnedby theprobabilityintegration
techniquehasaflatprobabilitydistributionandsoappearsnoisierthantheotherdifference



images.This is in fact the main advantageof the technique,sinceit allows subsequent
quantitativeprocessingof thedifferenceimage.

2.2 Testing with Image Sequences

In orderto convincingly demonstratetheability of thesemethodsto detectmovementin
images,they wereappliedto a pair of imagesfrom a sequenceshowing a moving train.
Theoriginal images,thescattergram,andtheresultsof asimplesubtractionareshown in
Fig. 4. Thefour differenceimagesgeneratedusingthenew methodsareshown in Fig. 5.

Theimagesof thetrainwerechosenbecauseof theirsimplicity, andsothey show none
of the undesirableeffects,suchasglobal illumination changes,that the new techniques
weredesignedto copewith. Thereforethereis little improvementin performanceover
simpleimagesubtraction.However, theseimagesdo prove that the new techniquesare
capableof identifying changesin imagesdueto motionwithin a scene:in eachcasethe
boundariesof the train wereidentified. The tracksandthe ruler next to themwerealso
detectedto varyingextents,sincethecamerawasfocussedonthefront of thetrain,andso
thepointof focusshiftedasthetrainmovedtowardsthecamera.Theconsequentchanges
in the degreeof blurring at any given point on thesefeaturesweregreatestcloseto the
point at which the camerawasfocussed,andso thesechangeswerelocalisedandwere
detectedby the new techniques.The region of the ruler closestto the camerawasalso
saturatedin bothof theoriginal images,suppressingthenoise,andthis washighlighted
by theprobabilityintegrationtechnique.

2.3 Testing with Medical Data

The imagesubtractiontechniquesdescribedherecanalsobe appliedto medicalimage
data.For example,MS lesionsin thebraincanbedifficult to detectin anMRI scan,but
canbehighlightedusinganinjectionof gadolinium(GdDTPA), whichconcentratesat the
lesionsites.Scanstakenbeforeandafter the injectioncanbesubtractedto highlight the
lesions,but the gadoliniumalsoaltersthe globalcharacteristicsof thescan,soa simple
pixel-by-pixelsubtractionwill notremoveall of theunderlyingstructureof thebrainfrom
theimage.Thenew imagesubtractionmethodsshouldbeableto take theglobalchanges
into account,andthusproduceanimagewhich showsonly thelesions.

Obtaininga gold standardfor this work is difficult without extensivehystologicalin-
vestigation.In orderto simulatetheimagingprocess,two T2 scanswith slightly different
echotrain times(TE) of the samesliceof a brainwereused.This simulatesthe effects
of repeatscanningon differentscannersafter a significanttime interval and the small
quantitative changeswhich occurin signaldueto the presenceof a contrastagent.The
backgroundwasremovedfrom theimagesothatour statisticalmodel(scattergram)was
estimatedusingonly thetissuesin which we wereinterested.It wasexpectedthat,under
many circumstances,correctionsfor intensitynon-uniformitiesin thedatawould needto
beapplied[12], but this wasnot foundto beneccessarywith theseimages.An offsettoo
smallto bedetectedvisuallywasthenaddedto asmallcircularregionof oneof thebrain
images.Thissimulatesthetypicalchangesin recoveredsignalintensitywhichwould oc-
cur dueto lesionsbut in a testablemanner. Thesubtractionroutineswereappliedto this
datain an attemptto detectthe change.The magnitudeof the offset wasbasedon the
noisein theoriginal images,calculatedfrom thewidth of verticalandhorizontalgradient



histogramsof the original imagesaroundzero. Fig. 6 shows the brain imageswith an
offsetof

< L
addedto a small region of oneimage,togetherwith thescattergramandthe

resultsof asimplesubtraction.Thealteredregioncannotbedetectedvisually in theorig-
inal images,andis barelyvisible in thepixel-by-pixel differenceimage.Fig. 7 shows the
differenceimagesgeneratedusingthe methodsdescribedabove, andthe alteredregion
shows up clearly in the outputfrom the log-probabilityandintegration-basedmethods.
Thealteredregionceasedto bedetectablewhenthemagnitudeof theoffsetwasreduced
below around

� L
. Fig. 8 shows a histogramgeneratedfrom theintegration-baseddiffer-

enceimagedemonstratingthat,asexpected,this methodproducedanhonestprobability
distribution,confirmingthatthis statisticalmeasureis appropriatefor this MR data.

3 Conclusions

Simple pixel-by-pixel imagesubtraction,when consideredas a statisticaltest, makes
many assumptionsregardingthe informationcontainedin a pair of images. Theseas-
sumptionsarerarelyvalid andasaconsequencesimpleimagesubtractioncannotbeused
reliably [5]. However, thereis oftenconsiderableinformationavailablewithin a pair of
images,which canbe usedto avoid having to make all of theseassumptions.The new
imagesubtractiontechniquesdescribedhereusedascattergramof thegrey levelsin apair
of imagesto extractthisinformation.Thescattergramis effectivelyusedasamodelof the
global variationsbetweenthe images,allowing the new techniquesto focusonly on the
localisedvariations.They arethereforesuperiorin applicationssuchasmotiondetection.

Thesplines-basedmethodwasthe simplestof the four new techniques,but alsothe
mostinaccurate,dueto failuresin thesplineto modeltheridgein thescattergram.In prac-
ticethetechniquewill alwaysbesusceptibleto thiseffect,asthereis nofitting methodthat
canguaranteeto fit to any arbitrarydataset.Themainresultfor thismethodwastherefore
to demonstratethata moresophisticatedtechniquewasneeded(thoughthemethodmay
havesomemerit onsmalldatasets).

An attemptto modelbi-modaldistributionsseemedto give resultswhich werenot
particularlyinformative. Selectionof thenearestpeaksimply allowedall datato berea-
sonablyconsistentwith themodel.

Thecapabilitiesof the log-probabilityandintegration-basedtechniqueswereclearly
demonstratedusingthesyntheticdata. The imagesof the moving train werechosenfor
theirsimplicity, anddid notexhibit any of theundesirableeffectsthatthenew techniques
weredesignedto avoid, sotherewaslittle improvementoversimplesubtractionfor these
images.However, whenboth setsof resultsareconsideredtogether, it is clearthat the
new techniqueswill besuperiorfor motiondetectionin morecomplex andrealisticenvi-
ronments.Thesetechniqueswerealsoshown to besuperiorin detectingabnormalitiesin
medicalimages,demonstratingthewide rangeof potentialapplications.

Oneof themostimportantfeaturesof thelog-probabilityandintegration-basedmeth-
odsis that thegrey levelsin thedifferenceimagescorrespondto well-definedquantities:
thesquareof thez-scoreanda probabilityrespectively. This is in sharpcontrastto pixel-
by-pixel imagesubtraction,wherethe grey levels in the differenceimagearearbitrary
measuresof differencein unitsof grey levels,andhaveno objectivemeaning.

The log-probabilityandintegration-basedtechniquescanbe consideredasthe defi-
nitions of new non-parametricstatisticaltests,with theoreticallypredictableproperties.



In particularthe probability integrationtechniqueis capableof self-test.As such,these
methodsarefirmly groundedin the existing body of statisticaldecisiontheoryandcan
beusedin combinationwith methodsdesignedfor morerestrictiveparametrictechniques
for the testingof hypotheses.This factmakesextensive quantiative analysisredundant,
thoughtheresultspresentedherealreadydemonstratetheapplicabilityof thesemeasures
to motionanalysisandsubtractionof MR datasets.Thesemeasurescouldalsohavearole
in theanalysisof co-occurenceof spatiallydistributedvaluesandmaythusalsobeused
for analysisof texture,this is anareathatwenow intendto investigate.
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Figure1: Theoperationof thenew imagesubtractionroutines.

(a)First Image (b) SecondImage (c) Scattergram (d) SimpleSubtraction

Figure2: Theoriginal images,scattergram,andsimplesubtractiondifferenceimagefor
thesyntheticdata.

(a) Splinesbased (b) Log-probabilitybased (c) Nearest-peakbased (d) Integration-based

Figure3: Differenceimagesfor thesyntheticdata.

(a) First frame (b) Secondframe (c) Scattergram (d) Simplesubtraction

Figure4: Theoriginal images,scattergram,andsimplesubtractiondifferenceimagefor
thetrainsequence.



(a) Splinesbased (b) Log-probabilitybased (c) Nearest-peakbased (d) Integrationbased

Figure5: Differenceimagesfor thetrain sequence.Theapparentextra noisein the inte-
grationbaseddifferenceimageis in factaconsequenceof its flat probabilitydistribution.

(a) (b) (c) Scattergram (d) Simplesubtraction

Figure6: Theoriginal MRI brainimages,scattergram,andsimplesubtractiondifference
image,with a
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offsetaddedto a smallregionof image(b).

(a) Splinesbased (b) Log-probabilitybased (c) Nearest-peakbased (d) Integration-based

Figure 7: Differenceimagesfor the MRI brain scanimages. The log-likelihood and
integration-baseddifferenceimagesclearlyshow thealteredregion in theupper-left area
of theimage.

Figure8: Histogramof the integration-baseddifferenceimagegeneratedfrom the MRI
brainimages,showing theflat probabilitydistribution.


