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Abstract. Simple pixel-by-pixel image subtractionis widely usedin imageanalysisto identify changesn
imagepairs. For example multiple sclerosigMS) producedesionsin thebrainthatcanbedetectedy subtrac-
tion of MRI scangakenbeforeandaftertheinjectionof GADTFA contrasiagentwhich highlightsthelesions.
However, theresultis returnedn arbitraryunits of pixel grey-level, with no statisticallywell-definedmeaning.
We describea new, non-parametrisubtractionmeasureanalogougo standardstatisticaltests,which allows
regional datafusionanddirectprobabilisticinterpretatiorof imagedifferences We demonstratéhe technique
usingscanof MS lesions but is expectedo beapplicableto awide rangeof imageformationprocesses.

1 Intr oduction

Imagesubtractionis widely usedto analysedifferencesbetweenpairs of images.However, interpretationof the

resultingdifferenceimagepresents rangeof difficulties [1]. Identificationof changedetweenimagesthrough
the applicationof a thresholdto a simple subtractionresultis equivalentto the formation of a null hypothesis
teststatistic,usingthe assumptiorof a singledistribution for the expectedevel of changedueto uniform noise.
Successfuuiseof this techniquethereforerequiresthatthe only differencedbetweertheimagepair aredueto the

mechanismsf interestandthis mayin turnrequiresophisticatedealignmentndpre-processingf theimagepair

to remove grosschangesgprior to subtraction.In addition,althoughthe resultcanbe usedimmediatelyto identify

regionsof maximalchangeijt is quotedin arbitraryunits of grey-level with no statisticallywell-definedmeaning.
This obstructsary quantitative analysisof the results. Ultimately it would be desirableto obtaina quantitatie,

statisticalinterpretatiorof thesignificanceof the changesGenerallyno known statisticalmodelof theimagedata,
or perhapsventheimagingprocesswill be available. However, sufficient datais usuallyavailablein theimage
pair to extracta sensiblemodelof databehaiour from the dataitself. Non-parametrigmagesubtraction2] uses
this approacho obtainquantitatve, statisticallywell-definedmeasuresf differencefor arbitraryimagepairs.

2 Method

Non-parametridmagesubtraction [2] measureshe differencedbetweena pair of imagesin termsof animplicit
modelof the databehaiour. This is obtainedin the form of a scattegramS(g:, g2) of thegrey levels g, , g» of
pairsof pixelsat correspondingpositionsin the two images.A verticalslicein the scattegramisolatesall pixels
in imagel with somegrey level g; = const. Thedistribution of this dataG(g: = const, g2) givestherelative
frequeng of grey levelsfor the correspondingpixelsin the otherimage.Normalisationcorvertsthesefrequencies
into probabilities.An integrationis thenperformedalongtheverticalslice passinghroughthe coordinateslefined
by eachpixel pair, summingall smallerprobabilities.Thisis directly equivalentto the constructiorof aconfidence
interval [3], giving the probability of findinga moreuncommormpairingof grey-levelsthanthatseerat theoriginal
pixel pair. This probability canthenbe usedto producea statisticaldifferencemap. Sincethe probability is
calculatedwith referenceo thedataitself, only localised(ratherthanglobal) differencesbetweerthe imageswill
be detected.In addition,the techniqueis asymmetricunderinterchangeof data,so only localiseddifferencesn
theimageplottedon the ordinateof the scattegramwill beidentified.

Thetechniqués basedn a probabilityintegral transform sothedistribution of grey levelsin thedifferencemage
is by definitionuniform (andthereforehonest) providing a mechanisnfor self-test.In additionthe equation4],

3 (clnp) i
F,(p) = pz ———> where p= Hwi, Q)

=

existsto renormaliseary quantityp thatis the productof n independentuantitiesy;, eachdravn from a uniform
probability distribution, suchthat F,,(p) alsohasa uniform distribution. A derivation for this equationis given
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Figure 2. Non-parametricsubtraction(a), thresholdat 1% (b), andhistogramof the differenceimage(c).

in [5]. Thisimmediatelyprovidesa techniquefor refining the identificationof localiseddifferencedetweenhe
imagesby forming the productof eachpixel in the differenceimagewith its four nearesheighbours Statistically
significantlocaliseddifferencesproducespatially correlatedclustersof low-probability pixelsin the difference
image.They will thereforeform low probabilityproductshatwill notrenormalisecorrectly Theeffectsof spatial
correlationon the backgroundpixelswill producea reductionin the effective numberof degreesof freedom[6],
which canbe correctedby reducingthe value of n usedin Eqn. 1 usingthe non-integer generalisatiorof that
equationin termsof gammafunctions

= 7&”) where p = H W, (2)
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derived in AppendixA. 1 The probability distribution for the renormalisedoroductswill then be uniform for
backgroundixels,but will featurea spike closeto zerofor localiseddifferencepixels. This spike canbeextracted
usingthresholdingallowing automatiddentificationof theimagedifferences.

3 Results

In orderto demonstrat¢heapplicabilityof thenon-parametritmagesubtractiortechniqueo identifying smallbut
significantchangesn medicalimageswhilstignoringglobal differencesuchasthosecausedy repeatscanning
overtime or ondifferentscannerst wasappliedto the problemof MS lesionidentification.Pre-andpost-contrast
T1 weightedimageswereobtainedn a singlepatientat eachof five visits. Visits werespacedpproximatelytwo
monthsapartoveraone-yeaperiod.Imagingconsisteaf contiguoussmmT1 weightedspinechoimageg TR/TE,
650/12,FOV 50mm?, matrix 2562). Thecontrastagentinjectionconsisteaf Immols/kgof GADTRA (Omniscan,
Nycomed,Oslo,Norway). All volumeswereco-registeredo the pre-injectionscansrom thefirst visit, usingthe
rigid co-registrationsoftwarewithin Tina [7], andthenre-slicedusingnormalisedsincinterpolationwith a 5x5x5
kernelto producethe co-rggisteredvolumes.Binary maskscoveringthe brain(grey matterandwhite matter)were
producedor theseimagesusinga simplegradient-basedegmentatiortechnique This allowedthe subtractiorto
be performedonly onthetissuesof interest.

Fig. 1 shaws pre-andpost-contrasscansof a slice featuringtwo enhancingViS lesions,taken at the samevisit,
togethemith theresultof simplesubtractiorandthe scattegramfor thisimagepair. Fig. 2 shavstheresultof the
new subtractiortechniqueappliedto thisimagepair. Thelesions(togethemwith any otherenhancingissuessuch
asvasculaturepreidentifiedasregionsof low-probabilities(dark regions)againsta backgroundf randomnoise

1Selectionof the requiredn canbe madeautomaticby generatinga flat referencehistogramand comparingit to the histogramof the
renormalisedmageusing one of the standardyoodness-of-fitests,suchasthe Kolmogora-Smirnaos testor the x? test,and performinga
golden-sectiosearchon the valueof n to find the bestfit.
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Figure 3. 5x renormalisationusingn = 4.3 (a), thresholdat 0.001%(b), andhistogramsf the 5x renormalisation

imagesusingn = 5 (c) andn = 4.3 (d).
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Figure 4. Thegroupsof lesionsidentifiedby non-parametrisubtractionbetweerthefour possiblecombinations
of imagedrom pre-andpost-contrasscangakenduringtwo visits (a). Postcontrasscangrom two visits (arrovs
shaw lesions)(b,c); 5x renormalisedNPI subtractiorc-b, thresholdedit 1 x 10~7% (d); samefor b-c (e).

with aflat probability distribution. Sincethe resultis quotedin termsof a probability, a statisticallywell-defined
guantity subsequenénalysiscan be performedin a quantitatve manner As a simple example, Fig. 2b showvs
the resultof applying a thresholdto the differenceimageat the 1% level, extracting the lowest probability 1%
of the pixelsfrom theimage. This identified tissueshighlightedby the contrastagent,including both enhancing
MS lesionsandthe vasculature.The identificationof the lesionsis clearly betterthanin the simple subtraction
result(Fig. 1¢). The histogramof the differenceimage(Fig. 2c) is flat, providing a self-testthatdemonstratethe
applicability of thetechniqueto this data.

Fig. 3 shaws the resultof applyingthe Eqn. 1 to the productof eachpixel in the differenceimagewith its four
nearesneighbourgthe“5x renormalisation”).This allows the lesionsto be extractedat muchlower thresholds
(Fig. 3b), andso muchof the backgrounccontaminatiordueto vasculaturds eliminated. The histogramof the
productrenormalisedvith n = 5 (Fig. 3c) is notflat, shaving thereductionin the effective numberof degreesof
freedomdueto the spatialcorrelationpresenin the differenceimage.This wascorrectedoy reducingthevalueof
n usedto 4.3, producinga histogramwith aflat distribution for backgroundixels (Fig. 3d).

Fig. 4 shavs subtractionbetweerpost-contrasscangakenduring visits separatethy approximatelytwo months.
Subtractiondetweenthesescansidentify changesn the enhancingissuesover time, ratherthanthe enhancing
tissueshemseles.Furthermoretheasymmetnyof thesubtractiortechniguecanbeexploitedto identify enhancing
tissuegpresenpnlyin thesecondscan(Fig. 4d),or onlyin thefirst (Fig. 4e),simply by plotting theseémagesonthe

ordinateof the scattegram. Fig. 4ashavs the variouscombinationsof imagesavailable. The 5x renormalisation
techniquedescribedabore hasbeenappliedto the resultsshavn to further enhancdesionidentification. These
subtractionglearly shov thechangesn thelesions againwith somesmall contaminatiorfrom vasculature.

4 Conclusions

The detectionof MS lesionsin MRI scands animportantissuebothin relationto monitoringthe progresf the
pre-clinicaldiseasandto therapeutidrials[8]. Currentlythemostpopulartechniqueusedfor thispurposes visual



inspectionof the scans.We have presented novel imagesubtractiorroutinebaseduponcorventionalstatistical
approachethatcanidentify smallbut significantdifferencedetweerpairsof imagesn arobustmanneyproducing
anoutputin termsof a probability. We have demonstratethe useof this measuren identificationof MS lesions,
andhave shovn it to besuperiorto simplesubtractionUnlike simpleimagesubtractionthenew techniqueeturns
aresultin termsof a probability, a statisticallywell-definedquantity makingquantitatie analysisof the resulta
possibility Suchdatacanbe usedeitherdirectly or to focuspartial volumeanalysis.We have alsodemonstrated
thatthe techniguecan detectchangesn enhancindesionsover time asymmetricallyfor exampleshaving only
new enhancingesions,providing a route to automaticmeasurementf diseaseprogression. Finally, we have
demonstrated techniguéor refiningtheidentificationof enhancindesionsby analysingspatialcorrelationin the
subtractiorresults. Although the examplesgiven hererelateto MS lesionidentification,we expectthe technique
to be applicableto a wide rangeof imageformationprocessesA systematicstudyis now requiredto assesshe
useof this techniquen clinical applicationge.g. prompting)andquantitatve lesionstudies.
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A Extensionof the Renormalisation Equation to Non-Integer n

In orderto generalisé=gn. 1 to non-inteyervaluesof n, it mustberewrittenin termsof gammafunctions.Thecompletegamma
functionI'(a) canbeexpressedsa sumof two functionscalledthe upperandlowerincompletegammafunctions,I'(a, z) and
v(a, ) respectiely, through

F(a):(a—l)!:/ t“_le_ldt:/ -t _ldt+/ t*"te~'dt = y(a,2) + I'(a, z) 3)
0 0 z
~(a, z) hasthe seriesexpansion

1(,2) = (a - 1)!(1 —et Y —,) @

Rearranging@ndusingEqn.3 gives

a—1 4 a—1
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TheR.H.S.is alsoin commonuse,andis calledtheregularisedupperincompletegammafunction Q(a, z). Puttinga = n and
— In(p) givesthenon-intggern generalisatiorof Eqn. 1

Fu(p) = pz h”“’ Qn, ~ In(p)) ©®)



