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Abstract

Image subtractionis usedin mary areasof machinevision to identify
smallchangedetweerequivalentpairsof images.Oftenonly asmallsubset
of the differenceswill be of interest. In motion analysisonly thosediffer-
encescausedy motion areimportant,anddifferencesdueto othersources
only seneto complicateinterpretation.Simpleimagesubtractiordetectsall
differencesegardlessof their source,andis thereforeproblematicto use.
Superiortechniquesanalogougo standardstatisticaltests,canisolatelo-
caliseddifferencegueto motionfrom global differencedue,for example,
to illumination changes.Four suchtechniquesare described.In particulay
we introducea new non-parametrictatisticalmeasurewhich allows a di-
rect probabilisticinterpretationof imagedifferences.We expectthis to be
applicableto a wide rangeof imageformation processeslts applicationto
medicalimagess discussed.

1 Introduction

Imagesubtractionis a commontool for the analysisof changein pairsof images. The
methodis usedin varying circumstancesangingfrom surwillanceto interpretationof
medicalimagedata [1] [2] [3] [4]. Thoughthis standardool is quite simple, mostre-
searchersvill alreadybefamiliarwith the difficulties of interpretingthe resultingdiffer-
enceimage [5]. Takingasimplesubtractiorbetweertwo imagesandidentifying regions
of changeusingathresholds directly equivalentto forming a null hypothesigeststatis-
tic, with theassumptiorof a singledistribution for the expectedevel of changedueonly
to noisethatis the sameacrossthe entireimage. In orderfor the techniqueto be used
successfullygreatcarehasto be taken to ensurethat the only changegaking placebe-
tweenthetwo imagesaredueto the physicalmechanismshatwe areinterestedn. This
may requirethatimagedatasetsarerealignedor pre-processeh orderto remove gross
changedeforea subtractioncanbe performed. The resultcanalways be usedimmedi-
atelyto identify regionsof maximalchangehut ultimatelywe would alsolike to beable
to put a quantitatve statisticalinterpretationon the significanceof the obsened change.
The problemthatstandsn the way of forming suchaninterpretationusingcorventional
statisticds generallythelack of aknown modelof theexpectedscenecontentsor perhaps



eventheimagingsystem.However, mostimagescontaina sufficiently large quantity of

datathatin theorywe might be ableto extract sensiblemodelsof databehaiour from

the dataitself. This approachhasbeenusedwidely in recentimageregistrationtech-
nigues [6], particularin medicalapplications[7]. Thetechniquegenerallyreferredto as
maximisationof mutualentroyy is in facta boot-strapapproactto the constructionof a
maximum-likelihoodstatistic [8]. It thereforeseemseasonabléo attemptto adaptthese
measuresandequivalentapproachedp the problemof imagesubtractiorin orderto in-

vestigatethe possibility of gettingquantitatve andstatisticallywell-definedmeasuresf

differencefor arbitraryimagepairsfor usein imageinterpretatiortasks.

The imagesubtractiontechniquesiescribechereare basedon the use of animage
scattegramfrom a sampleof imagedataasa basisfor a statisticalmodel. In orderto
constructhescattegramS(g;, g=) from apairof imagescorrespondingixelsweretaken
andtheir grey levelsgy, go wereusedto defineco-ordinatesor entriesin the scattegram.
The two imagesarereferredto belov asthe first and secondimages,andin eachcase
thefirstimagegrey levelswereplottedon the abscissaf the scattegram,andthe second
imagegrey levelson the ordinate. A vertical cut on the scattegram F'(g; = const, gs)
isolatesa setof pixelsin thefirstimagewith the samegrey level. Thedistribution of this
datathengivestherelative frequeng of grey levelsfor pixelsin the secondmage.

Iterativetangentiasmoothingvasappliedto thescattegramto ensurehatthesurface
in grey-level spacevassmoothandcontinuousThis techniqueappliesiocal averagingof
threegrey level valueslying ontangentgo thelocal directionof maximumgradientin the
scattegram.By definitionthereshouldbenochangen thetangentialirection,otherthan
thatdueto noise,for a 2D dataset. This techniquehereforesmoothghe surfacein grey-
level spacen away thatpreseresthe original datadistribution. The main advantageof
iterative tangentiakmoothingover Gaussiarsmoothingn the applicationdescribechere
is that the former doesnot increasethe overall size of featuresin the grey level space,
an effect thatwasfoundto be detrimentalto the performanceof someof the subtraction
algorithmsdescribedelow.

For similarimagestheridgein thescattegramprovidesamodeldescribingheglobal
variationsbetweerthetwo images.For instanceijf thelevel of illuminationin thesecond
imagewasincreasedthe ridge would move upwardsin the scattegram. The ridge can
thereforebe usedto differentiatebetweerglobal differencesiueto illumination changes
andlocaliseddifferencescausedby motion. Four imagesubtractionmethodsbasedon
imagescattegramswereinvestigatedandeachof theseis describedn detailbelow. Fig.
1 shovs a schematidiagramof the new imagesubtractiormethods.

Methods
1.1 SplineRidges

The simplestmethodfor extractingthe positionof the ridgein the scattegramwasto fit
it overaseriesof rangeswith polynomials.Cubicsplineswereusedto guarante¢hatthe
curve wassmoothandcontinuousattheboundariebetweertherangesThesplineswere
fitted to a seriesof knot pointson theridge. Initial approximationdor theseknot points
werechoserby specifyingthe numberof pointsn desireddividing the graphinton — 1
rangesn the horizontaldirection,andsearchinglongtheboundarie®f therangesn the
verticaldirectionto find the maximumvalues.



Oncetheinitial approximationgo the knot pointshadbeenfound,simplex minimisa-
tion wasusedto optimisethefit [9]. Thecostfunctionfor thesplinefit wasdefinedasthe
negative sumof the grey levels of the pixelsi lying underthe splinecurve C(g; , g5*2*)
in the scattegram.

Cost = — ) F(gi,C(gi, g5)

Oncethe splinefit hadbeenoptimisedin this way, it wasusedto producea new version
of thesecondmage. The grey levelsof pixelsfrom thefirst imagewereusedto definea
vertical cut on the scattegram,andthe correspondingertical ordinatesfor the ridge in

thescattegramwerefoundusingthesplinecurves. Theverticalordinatesverethenused
asgrey levelsin the new secondmage,which couldthenbe subtractedrom theoriginal

secondmageto give adifferencemage.

Dl(xay) = 12('7:73/) - C(Il(x7y)7g;nax)

Thenew secondmageis anestimateof thefirstimage,scaledo removetheglobalvaria-
tionsbetweertheoriginalimagesencodedn theridgein thescattegram. The subtraction
of the new secondimagefrom the original secondmagethereforeeffectively removed
ary globalmappingbetweergrey level valuesin thetwo images.

1.2 Log-Likelihood

An alternatve to the splines-basethethodfor calculatingthe differenceimagethat did
notrely onfitting curvesor finding the maximain the scattegramwasalsoimplemented.
Normalisingthe profile alongthe verticalcut g; = k& givesa probability distribution,
with eachgraphpixel correspondingo the probability of obtaininga particulargrey level
valueatapixel in thesecondmagegiventhegrey level valueof the samepixel in thefirst
image. The differenceimagewasthenproducedby taking correspondingpairs of pixel
grey levels andproducinga differenceimagewith valuesgivenby —2 timesthe natural
log of thescattegramvalue.

F(l(2,y), I>(z,y))
Zc F(Il (.CL', y)7 C)

Assumingthatthe probability distribution takesthe form of a Gaussian,

DQ(xay) = _2ln[

1 —(e=p)?
e 202 R

P(z;p,0) =
oV 2w
whereP is the probability of obtaininga measurement from a Gaussiardistribution of
meanu andwidth o, thenthe —2In P is givenby

IPRY:
9P = 2novar+ T
g

Comparingthis to the standardiorm for a z-score,(z = (*#)), it canbe seenthat
the right-handside of the equationfor —2In P, ignoring the first term, is equivalentto
thesquareof the z-score.The advantageherehowever is thatthe scattegramwill model
ary arbitrary distribution, not just a Gaussianand this also includesdistributions with
arbitrarywidth.



This differenceimage,whensummed givesan overall differencestatisticwhich is
directly equivalentto the mutualentropy measuresisedfor image co-registration. We
maythereforeexpectthatthereturnedvaluescanbe of usein termsof arriving atsensible
statisticaldecisionsregardingthe level of differencebetweerthe two images. Unfortu-
nately this is only the casewhenthe spreadof measuredialuesis the samefor all mean
values.We mustthereforeseekanothemeasuref we wish to make statisticaldecisions
regardingindividual pixels.

1.3 Local Maxima

In somecasesve may be givenpairsof imagesfor which thereareambiguougyrey level
regions. This may manifestitself asbi-modaldistributionswithin the scattegram. One
way to dealwith thisis to take the differencenot from the global maximumalonga cut,
but from the nearestocal maxima. In orderto calculatethe z-scorewith referenceto
the nearestocal maximumthe peaksin the scattegramwerelocatedby a simplesearch.
The grey levelsfor a pair of pixelsfrom the original imagesdefinedco-ordinatesn the
scattegramthat actedas the starting point for the search. The searchthen proceeded
bothupwardsanddownwardsin F(g1, g»). The peakswereroughlylocated.andthenthe
positionwasrefinedby interpolationusinga quadraticfit to the threepointsaroundthe
peak.This gave thevertical ordinateg.,.qx Of the nearespeakin the scattegram,which
was subtractedrom the vertical ordinateof the startingpositionto give an effective z-
score.Thedifferenceimagecanbe definedas

D3(m7y) = IQ(.’E,y) — Ycpeak

The z-scorewas usedasthe grey level in the differenceimage,andthe procedurevas
repeatedor every pair of pixelsfrom the originalimages.

1.4 Probability Integration

The final methodwe devisedfor calculatingthe differenceimage usedthe probability
distributionsin thescattegramdirectly, without calculatinganeffective z-score.Theidea
wasto try to constructa probability valuethatreflectednow likely it wasthateachgrey

level hadbeendrawn from the samegeneratiorprocessastherestof thedata. A vertical
cutin thenormalisedscattegramgave a probabilitydistribution describinghegrey levels
of asetof pixelsin thesecondmagethatall hadthesamegrey levelin thefirstimage.As

in the previousmethodsthe grey levelsof a pair of pixelsfrom the originalimageswere
usedto defineasetof co-ordinatesn the scattegram.An integrationwasthenperformed
alongthe vertical cut passinghroughthis point, summingall of the valuessmaller than
thatof this pixel. Thistotal wasusedasthe grey level valuefor therelevantpixel in the
differencemage.

Di(a,y) = Y. 8(F(z,0) > F(a,y) )F(z,c)

This techniqueproducesa differenceimagein which the grey level of eachpixel is
the probability of the pairing of grey levels for the correspondingixelsin the original

15 representghe Kronecler deltafunction.



images. The distribution of grey levelsin the differenceimageis by definition flat for
datadrawn from the meandistribution. Suchprobability distributionsarehonest [10],
i.e. a 1% probability implies that datawill be generatedvorsethanthis only 1/100th
of thetime. The measurehasthe sameinterpretationasthe corventional“chi-squared
probability”, exceptwe do not needto specifya particulardistribution which meanghat
it is essentiallynon-parametric.Low probabilitiesindicate that the pairings of pixels
are expectedto be uncommon. This is exactly the type of measurewe needin order
to identify outlying combinationsof pixel valuesin an automaticmanney solving the
problemsinherentin thelikelihood-base@pproach.

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

2 Results
2.1 Testing with Synthetic Data

Thefour routinesdescribedboveweretestedisingsyntheticdatato ensurehatthey were
working aspredicted.They weredesignedo be ableto ignoreeffectssuchaschangesn
the shadingor illumination of featuresandfocusonly on movementof featuresbetween
images. Two testimageswere preparedusing the imagecreationtool in TINA [11].
Eachwas an 8bpp greyscaleimage, 256 by 256 pixelsin size,of a 128 by 128 pixel
rectanglen the centreof theframe. Therectanglesvereshadedsothattheir grey levels
variedsmoothlybetweer30 on oneverticaledgeand200 on the other, with the shading
beinguniform in the vertical direction. The direction of shadingwasreversedbetween
thetwo images.Finally, Gaussiamoisewith a standarddeviation of 10 grey levelswas
addedto bothimages. The resultanttestimagesare shovn in Fig. 2, togetherwith the
scattegramandtheresultsof a simple pixel-by-pixel subtraction.It wasanticipatedhat
the image subtractiontechniquesdescribedabore should be capableof detectingthat
the rectangledid not move betweenthe two images,despitethe differencein shading,
andreturndifferenceimagescontaininguniform randomnoise. The differenceimages
producedy the four methodsareshavn in Fig. 3.

Thesplines-basethethodshavs thegreatestieparturdrom the expectedresults,and
thiswasdueto afailurein thesplinefitting. Thefit wasgoodfor the peakcloseto (0, 0),
which correspondedo the backgroundandcloseto the centralpart of the scattegram.
However, it failedin theregionscorrespondingo the highestandlowestgrey level values
in the rectanglein the first imagedueto the discontinuitiesin the scattegram at these
points. Therefore the differencemagedepartdrom the expectedoutputaroundthever
tical edgesf therectangle.

Thedifferenceémagesgeneratedy theremainingthreemethodsall closelymatchthe
expectedoutput. Theverticalfeaturesattheverticaledgeof therectanglesorrespondo
aslightdifferencen the positioningof therectanglebetweernthe two framesand,in that
respectshov the capabilityof thesemethodsfor detectingmovementof imagefeatures
whilstignoringothereffects. Thedifferencemagereturnedoy the probabilityintegration
techniquehasaflat probabilitydistributionandsoappearsoisierthantheotherdifference



images. This is in factthe main advantageof the technique sinceit allows subsequent
guantitatve processingf the differenceimage.

2.2 Testing with Image Sequences

In orderto corvincingly demonstrat¢he ability of thesemethodgo detectmovementin
images they wereappliedto a pair of imagesfrom a sequenceshaving a moving train.
Theoriginalimagesthe scattegram,andtheresultsof a simplesubtractiorareshovn in
Fig. 4. Thefour differencémagesgeneratedisingthe nev methodsareshavn in Fig. 5.

Theimagesf thetrainwerechoserbecausef theirsimplicity, andsothey showv none
of the undesirableeffects, suchasglobal illumination changesthat the new techniques
weredesignedo copewith. Thereforethereis little improvementin performanceover
simpleimagesubtraction.However, theseimagesdo prove thatthe new techniquesare
capableof identifying changesn imagesdueto motionwithin a scene:in eachcasethe
boundarie®f the train wereidentified. The tracksandthe ruler next to themwerealso
detectedo varyingextents,sincethecameravasfocussednthefront of thetrain,andso
thepointof focusshiftedasthetrain movedtowardsthecameraTheconsequenthanges
in the degreeof blurring at ary given point on thesefeatureswere greatestloseto the
point at which the camerawasfocussedand so thesechangesvere localisedandwere
detectedby the new techniques.The region of the ruler closestto the camerawasalso
saturatedn both of the original images suppressinghe noise,andthis washighlighted
by the probabilityintegrationtechnique.

2.3 Testingwith Medical Data

The imagesubtractiontechniquegdescribedherecanalso be appliedto medicalimage
data. For example,MS lesionsin the braincanbe difficult to detectin an MRI scan,but
canbehighlightedusinganinjectionof gadolinium(GdDTRR), which concentrateatthe
lesionsites. Scangaken beforeandafter the injection canbe subtractedo highlight the
lesions,but the gadoliniumalsoaltersthe global characteristicef the scan,soa simple
pixel-by-pixel subtractiorwill notremoveall of theunderlyingstructureof thebrainfrom
theimage.Thenew imagesubtractiormethodsshouldbe ableto take the globalchanges
into accountandthusproduceanimagewhich shavs only thelesions.

Obtaininga gold standardor this work is difficult without extensive hystologicalin-
vestigation.In orderto simulatetheimagingprocesstwo T2 scanswith slightly different
echotrain times(TE) of the sameslice of a brainwere used. This simulatesthe effects
of repeatscanningon differentscannersfter a significanttime interval and the small
guantitatve changeshich occurin signaldueto the presencef a contrastagent. The
backgroundvasremovedfrom theimagesothatour statisticalmodel(scattegram)was
estimatedusingonly thetissuesn which we wereinterestedlt wasexpectedhat,under
mary circumstances;orrectiongor intensitynon-uniformitiesin the datawould needto
beapplied[12], but thiswasnotfoundto be neccessarwith theseimages.An offsettoo
smallto be detectedrisually wasthenaddedo a smallcircularregion of oneof thebrain
images.This simulateghetypical changesn recoveredsignalintensitywhich would oc-
cur dueto lesionsbut in a testablemanner The subtractiorroutineswereappliedto this
datain an attemptto detectthe change. The magnitudeof the offset was basedon the
noisein the originalimages calculatedrom the width of verticalandhorizontalgradient



histogramsof the original imagesaroundzero. Fig. 6 shavs the brainimageswith an
offsetof 20 addedto a smallregion of oneimage,togethemwith the scattegramandthe
resultsof asimplesubtraction.Thealteredregion cannotbe detected/isually in theorig-

inal imagesandis barelyvisible in the pixel-by-pixel differenceimage.Fig. 7 shovsthe
differenceimagesgeneratedisingthe methodsdescribedabove, andthe alteredregion

shaws up clearly in the outputfrom the log-probability and integration-baseanethods.
Thealteredregion ceasedo be detectablavhenthe magnitudeof the offsetwasreduced
belov aroundle. Fig. 8 shawvs a histogramgeneratedrom the integration-basedliffer-

enceimagedemonstratinghat, asexpected this methodproducedan honestprobability
distribution, confirmingthatthis statisticalmeasures appropriatdor this MR data.

3 Conclusions

Simple pixel-by-pixel image subtraction,when consideredas a statisticaltest, makes
mary assumptionsegardingthe information containedin a pair of images. Theseas-
sumptionsarerarelyvalid andasa consequencsimpleimagesubtractiorcannotbe used
reliably [5]. However, thereis often considerablénformationavailablewithin a pair of
images,which canbe usedto avoid having to make all of theseassumptionsThe new
imagesubtractiortechniqueslescribedereuseda scattegramof thegrey levelsin apair
of imagego extractthisinformation. Thescattegramis effectively usedasa modelof the
global variationsbhetweenthe images,allowing the new techniquedo focusonly on the
localisedvariations.They arethereforesuperiorin applicationssuchasmotiondetection.

The splines-basethethodwasthe simplestof the four new techniquesbut alsothe
mostinaccuratedueto failuresin thesplineto modeltheridgein thescattegram.In prac-
ticethetechniquewill alwaysbesusceptibléo this effect,asthereis nofitting methodthat
canguaranteo fit to ary arbitrarydataset. Themainresultfor this methodwastherefore
to demonstrat¢hata more sophisticatedechniguevasneededthoughthe methodmay
have somemerit on smalldatasets).

An attemptto model bi-modal distributions seemedo give resultswhich were not
particularlyinformative. Selectionof the nearespeaksimply allowed all datato berea-
sonablyconsistentvith the model.

The capabilitiesof the log-probabilityandintegration-basedechniquesvereclearly
demonstratedisingthe syntheticdata. The imagesof the moving train werechoserfor
their simplicity, anddid not exhibit ary of theundesirablesffectsthatthe new techniques
weredesignedo avoid, sotherewaslittle improvementover simplesubtractiorfor these
images. However, when both setsof resultsare consideredogether it is clearthatthe
new techniqueill be superiorfor motiondetectionin morecomplex andrealisticervi-
ronments.Thesetechniquesverealsoshovn to be superiorin detectingabnormalitiesn
medicalimagesgdemonstratinghe wide rangeof potentialapplications.

Oneof themostimportantfeaturesof thelog-probabilityandintegration-basedneth-
odsis thatthe grey levelsin the differenceimagescorrespondo well-definedquantities:
the squareof the z-scoreanda probabilityrespectiely. Thisis in sharpcontrasto pixel-
by-pixel image subtractionwherethe grey levelsin the differenceimageare arbitrary
measuresf differencen unitsof grey levels,andhave no objective meaning.

The log-probability andintegration-basedechniquescan be consideredas the defi-
nitions of new non-parametristatisticaltests,with theoreticallypredictableproperties.



In particularthe probability integrationtechniqueis capableof self-test. As such,these
methodsarefirmly groundedin the existing body of statisticaldecisiontheoryand can
beusedin combinatiorwith methodsdesignedor morerestrictve parametridechniques
for the testingof hypothesesThis fact makesextensive quantiatve analysisredundant,
thoughtheresultspresentedherealreadydemonstratéhe applicability of thesemeasures
to motionanalysisandsubtractiorof MR datasetsThesemeasuresouldalsohavearole
in the analysisof co-occurencef spatiallydistributedvaluesandmay thusalsobe used
for analysisof texture, thisis anareathatwe now intendto investigate.
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Figure3: Differenceimagesfor the syntheticdata.
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Figure4: The originalimages,scattegram,andsimple subtractiondifferenceimagefor
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Figure5: Differenceimagesfor thetrain sequenceThe apparentxtra noisein theinte-
grationbasedlifferenceimageis in facta consequencef its flat probability distribution.
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Figure6: Theoriginal MRI brainimages scattegram,andsimplesubtractiordifference
image,with a 2o offsetaddedto a smallregion of image(b).
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Figure 7: Differenceimagesfor the MRI brain scanimages. The log-likelihood and
integration-basedlifferencemagesclearly shav the alteredregionin the upperleft area
of theimage.

Figure8: Histogramof the integration-basedlifferenceimagegeneratedrom the MRI
brainimages shaowing theflat probability distribution.



