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Abstract. Simplepixel-by-pixel imagesubtractionis widely usedin imageanalysisto identify changesin
imagepairs.For example,multiplesclerosis(MS) produceslesionsin thebrainthatcanbedetectedby subtrac-
tion of MRI scanstakenbeforeandaftertheinjectionof GdDTPA contrastagent,whichhighlightsthelesions.
However, theresultis returnedin arbitraryunitsof pixel grey-level, with nostatisticallywell-definedmeaning.
We describea new, non-parametricsubtractionmeasure,analogousto standardstatisticaltests,which allows
regionaldatafusionanddirectprobabilisticinterpretationof imagedifferences.We demonstratethetechnique
usingscansof MS lesions,but is expectedto beapplicableto a wide rangeof imageformationprocesses.

1 Intr oduction

Imagesubtractionis widely usedto analysedifferencesbetweenpairsof images.However, interpretationof the
resultingdifferenceimagepresentsa rangeof difficulties [1]. Identificationof changesbetweenimagesthrough
the applicationof a thresholdto a simplesubtractionresult is equivalent to the formationof a null hypothesis
teststatistic,usingtheassumptionof a singledistribution for theexpectedlevel of change,dueto uniform noise.
Successfuluseof this techniquethereforerequiresthat theonly differencesbetweentheimagepair aredueto the
mechanismsof interest,andthismayin turnrequiresophisticatedrealignmentandpre-processingof theimagepair
to removegrosschangesprior to subtraction.In addition,althoughtheresultcanbeusedimmediatelyto identify
regionsof maximalchange,it is quotedin arbitraryunitsof grey-level with no statisticallywell-definedmeaning.
This obstructsany quantitative analysisof the results. Ultimately it would be desirableto obtaina quantitative,
statisticalinterpretationof thesignificanceof thechanges.Generallynoknown statisticalmodelof theimagedata,
or perhapseventhe imagingprocess,will beavailable. However, sufficient datais usuallyavailablein the image
pair to extracta sensiblemodelof databehaviour from thedataitself. Non-parametricimagesubtraction[2] uses
this approachto obtainquantitative,statisticallywell-definedmeasuresof differencefor arbitraryimagepairs.

2 Method

Non-parametricimagesubtraction [2] measuresthedifferencesbetweena pair of imagesin termsof an implicit
modelof the databehaviour. This is obtainedin the form of a scattergram

�������	�
����

of the grey levels

���	�
���
of

pairsof pixelsat correspondingpositionsin thetwo images.A verticalslice in thescattergramisolatesall pixels
in image1 with somegrey level
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givesthe relative
frequency of grey levelsfor thecorrespondingpixelsin theotherimage.Normalisationconvertsthesefrequencies
into probabilities.An integrationis thenperformedalongtheverticalslicepassingthroughthecoordinatesdefined
by eachpixel pair, summingall smallerprobabilities.This is directlyequivalentto theconstructionof aconfidence
interval [3], giving theprobabilityof findingamoreuncommonpairingof grey-levelsthanthatseenat theoriginal
pixel pair. This probability can then be usedto producea statisticaldifferencemap. Sincethe probability is
calculatedwith referenceto thedataitself, only localised(ratherthanglobal)differencesbetweentheimageswill
be detected.In addition,the techniqueis asymmetricunderinterchangeof data,soonly localiseddifferencesin
theimageplottedon theordinateof thescattergramwill beidentified.

Thetechniqueis basedonaprobabilityintegral transform,sothedistributionof grey levelsin thedifferenceimage
is by definitionuniform(andthereforehonest),providing a mechanismfor self-test.In additiontheequation[4],��� �! "
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existsto renormaliseany quantity
 

thatis theproductof
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independentquantities
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, eachdrawn from a uniform
probability distribution, suchthat
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alsohasa uniform distribution. A derivation for this equationis givenE
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(a) (b) (c) (d)
Figure1. Pre-contrast(a),post-contrast(arrowsshow lesions)(b), simplesubtraction(c) andscattergram(d).

(a) (b) (c)
Figure2. Non-parametricsubtraction(a), thresholdat 1%(b), andhistogramof thedifferenceimage(c).

in [5]. This immediatelyprovidesa techniquefor refiningthe identificationof localiseddifferencesbetweenthe
imagesby forming theproductof eachpixel in thedifferenceimagewith its four nearestneighbours.Statistically
significantlocaliseddifferencesproducespatiallycorrelatedclustersof low-probability pixels in the difference
image.They will thereforeform low probabilityproductsthatwill not renormalisecorrectly. Theeffectsof spatial
correlationon thebackgroundpixelswill producea reductionin theeffective numberof degreesof freedom[6],
which canbe correctedby reducingthe valueof
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usedin Eqn. 1 using the non-integer generalisationof that
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derived in Appendix A. 1 The probability distribution for the renormalisedproductswill then be uniform for
backgroundpixels,but will featureaspikecloseto zerofor localiseddifferencepixels.Thisspikecanbeextracted
usingthresholding,allowing automaticidentificationof theimagedifferences.

3 Results

In orderto demonstratetheapplicabilityof thenon-parametricimagesubtractiontechniqueto identifyingsmallbut
significantchangesin medicalimages,whilst ignoringglobaldifferencessuchasthosecausedby repeatscanning
overtimeor ondifferentscanners,it wasappliedto theproblemof MS lesionidentification.Pre-andpost-contrast
T1 weightedimageswereobtainedin a singlepatientat eachof five visits. Visits werespacedapproximatelytwo
monthsapartoveraone-yearperiod.Imagingconsistedof contiguous3mmT1 weightedspinechoimages(TR/TE,
650/12,FOV K�LAM/M � , matrix N�K�O � ). Thecontrastagentinjectionconsistedof 1mmols/kgof GdDTPA (Omniscan,
Nycomed,Oslo,Norway). All volumeswereco-registeredto thepre-injectionscansfrom thefirst visit, usingthe
rigid co-registrationsoftwarewithin Tina [7], andthenre-slicedusingnormalisedsincinterpolationwith a5x5x5
kernelto producetheco-registeredvolumes.Binarymaskscoveringthebrain(grey matterandwhitematter)were
producedfor theseimages,usingasimplegradient-basedsegmentationtechnique.Thisallowedthesubtractionto
beperformedonly on thetissuesof interest.

Fig. 1 shows pre-andpost-contrastscansof a slice featuringtwo enhancingMS lesions,takenat thesamevisit,
togetherwith theresultof simplesubtractionandthescattergramfor this imagepair. Fig. 2 shows theresultof the
new subtractiontechniqueappliedto this imagepair. Thelesions(togetherwith any otherenhancingtissues,such
asvasculature)areidentifiedasregionsof low-probabilities(darkregions)againsta backgroundof randomnoise

1Selectionof the required P canbe madeautomaticby generatinga flat referencehistogramandcomparingit to the histogramof the
renormalisedimageusingoneof the standardgoodness-of-fittests,suchasthe Kolmogorov-Smirnov testor the Q&R test,andperforminga
golden-sectionsearchon thevalueof P to find thebestfit.
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Figure3. 5x renormalisationusing
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Figure4. Thegroupsof lesionsidentifiedby non-parametricsubtractionsbetweenthefour possiblecombinations
of imagesfrom pre-andpost-contrastscanstakenduringtwo visits (a). Postcontrastscansfrom two visits (arrows
show lesions)(b,c);5x renormalisedNPI subtractionc-b, thresholdedat Z\[]Z�L %"^�_ (d); samefor b-c (e).

with a flat probabilitydistribution. Sincetheresultis quotedin termsof a probability, a statisticallywell-defined
quantity subsequentanalysiscan be performedin a quantitative manner. As a simple example,Fig. 2b shows
the resultof applyinga thresholdto the differenceimageat the 1% level, extractingthe lowestprobability 1%
of the pixels from the image. This identifiedtissueshighlightedby the contrastagent,includingbothenhancing
MS lesionsandthe vasculature.The identificationof the lesionsis clearly betterthanin the simplesubtraction
result(Fig. 1c). Thehistogramof thedifferenceimage(Fig. 2c) is flat, providing a self-testthatdemonstratesthe
applicabilityof thetechniqueto this data.

Fig. 3 shows the resultof applyingthe Eqn.1 to the productof eachpixel in the differenceimagewith its four
nearestneighbours(the“ K`[ renormalisation”).This allows the lesionsto beextractedat muchlower thresholds
(Fig. 3b), andso muchof the backgroundcontaminationdueto vasculatureis eliminated.The histogramof the
productrenormalisedwith

�a� K (Fig. 3c) is not flat, showing thereductionin theeffectivenumberof degreesof
freedomdueto thespatialcorrelationpresentin thedifferenceimage.Thiswascorrectedby reducingthevalueof�

usedto 4.3,producingahistogramwith a flat distribution for backgroundpixels(Fig. 3d).

Fig. 4 showssubtractionsbetweenpost-contrastscanstakenduringvisitsseparatedby approximatelytwo months.
Subtractionsbetweenthesescansidentify changesin the enhancingtissuesover time, ratherthanthe enhancing
tissuesthemselves.Furthermore,theasymmetryof thesubtractiontechniquecanbeexploitedto identifyenhancing
tissuespresentonly in thesecondscan(Fig.4d),or only in thefirst (Fig.4e),simplyby plottingtheseimagesonthe
ordinateof thescattergram.Fig. 4ashows thevariouscombinationsof imagesavailable. The5x renormalisation
techniquedescribedabove hasbeenappliedto the resultsshown to further enhancelesionidentification. These
subtractionsclearlyshow thechangesin thelesions,againwith somesmallcontaminationfrom vasculature.

4 Conclusions

Thedetectionof MS lesionsin MRI scansis animportantissuebothin relationto monitoringtheprogressof the
pre-clinicaldiseaseandto therapeutictrials[8]. Currentlythemostpopulartechniqueusedfor thispurposeisvisual



inspectionof thescans.We have presenteda novel imagesubtractionroutinebaseduponconventionalstatistical
approachesthatcanidentify smallbutsignificantdifferencesbetweenpairsof imagesin arobustmanner, producing
anoutputin termsof a probability. We have demonstratedtheuseof this measurein identificationof MS lesions,
andhaveshown it to besuperiorto simplesubtraction.Unlikesimpleimagesubtraction,thenew techniquereturns
a resultin termsof a probability, a statisticallywell-definedquantity, makingquantitative analysisof theresulta
possibility. Suchdatacanbeusedeitherdirectly or to focuspartialvolumeanalysis.We have alsodemonstrated
that the techniquecandetectchangesin enhancinglesionsover time asymmetrically, for exampleshowing only
new enhancinglesions,providing a route to automaticmeasurementof diseaseprogression.Finally, we have
demonstratedatechniquefor refiningtheidentificationof enhancinglesionsby analysingspatialcorrelationin the
subtractionresults.Althoughtheexamplesgivenhererelateto MS lesionidentification,we expectthetechnique
to beapplicableto a wide rangeof imageformationprocesses.A systematicstudyis now requiredto assessthe
useof this techniquein clinical applications(e.g.prompting)andquantitative lesionstudies.
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A Extensionof the RenormalisationEquation to Non-Integer r
In orderto generaliseEqn.1 to non-integervaluesof s , it mustberewrittenin termsof gammafunctions.Thecompletegamma
function tvu�wdx canbeexpressedasasumof two functionscalledtheupperandlower incompletegammafunctions,t�u�w&y{z=x andb`u�w&y�z=x respectively, throught�u�w�x,|}u�w9~C��x*�A|������� k<�6���	�3�{� � |������� k<�6���	�3�{� �6� ���� � k��3���	�3��� � |$b"u�w�y�z=x � t�u�w�y�z=x (3)b`u�w&y�z=x hastheseriesexpansion b`u�w&y{z=x,|}u�w9~���x*�*�"�#~ � � � k<�6�' ��� � z

�� ��� (4)

RearrangingandusingEqn.3 givesb`u�w&y�z=xt�u�wdx |��2~ � � � k<�3�' ��� � z
�� ����� � � � k<�3�' ��� � z

�� � |��2~ b`u�w&y�z=xtvu�wdx | tvu�wdx3~>b"u�w�y{z=xtvu�wdx | t�u�w&y{z=xt�u�w�x |���u�w&y�z=x (5)

TheR.H.S.is alsoin commonuse,andis calledtheregularisedupperincompletegammafunction �\u�w&y{z	x . Putting w�|�s andz�|�~¡ !¢3u¤£&x givesthenon-integer s generalisationof Eqn.1¥ p u¤£�x,|J£ pA�3�' ¦ � � u�~§ !¢�£&x
¦¨ � |$�\u�s,y©~¡ !¢3u¤£�x{x (6)


