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ABSTRACT

We presenia multiresoltion fusion algorithm which combinesas-
pectsof region and pixel-basedfusion We use multiresolution
decompositins to representhe input imagesat different scales,
andintroducea multiresoldion/multimodal sggmentationto parti-
tion the imagedomainat thesescales. This sggmentationis then
usedto guide the subsequenfiusion process.A region-basednul-
tiresolutionapproachallows us to considerlow-level as well as
intermediate-leel structues,andto imposedata-dependembnsis-
teng constraintdasedon spatial,inter- andintra-scaledependen-
cies.

1. INTRODUCTION

Among the variousframeworks in which imagefusion has
beentraditionally formulated,the multiresolution(MR) ap-
proachhasbeenoneof the mostintensively studiedandused
in practice. The basicideaunderlyingthe MR-basedmage
fusionapproachs to performaMR transformoneachsource
imageand,following somespecificfusionrules,to construct
acompositeMR representatiofrom theseinputs. Thefused
imageis obtainedby applyingthe inversetransformon this
compositeMR representation.

Several variantsof the MR fusion schemeexist in the lit-
erature [1, 2, 3, 4, 5]. Theseschemesare mainly pixel-
basedapproachesvhere eachindividual coeficient of the
MR decomposition(or possiblythe coeficientsin a small
fixed neighbourhoodj)s treatedmore or lessindependently
However, for most,if not all, imagefusion applications,it
could be more meaningfulto combineobjectsratherthan
pixels. As an intermediatestepfrom pixel-basedtowards
object-basedusion,onemight consideregion-basedppro-
aches Suchapproache$ave the additionaladvantagethat
the fusion processbecomesamore robust and, moreover, it
may helpto circumventsomeof the well-known dravbacks
of pixel-basedechniquessuchasblurring effects,high sen-
sitivity to noiseandmisregistration.

In this paperwe proposea MR fusionalgorithmwhich com-
binesaspect®f region andpixel-level fusion. Thebasicidea
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is to computea seggmentationbasedon all differentsource
imagesandto usethis segmentationto guidethefusion pro-
cess. A major differencewith other existing region-based
approacheg®6, 7] is thatthe sgmentationperformeds: (1)
multimodal in the seng that a single sgmentationis ob-
tainedbasedn all sourceémagesand(2) multiresolutionin
the seng thatit is computedn a MR fashion(i.e., it is not
merely a sggmentationof a sequene of imagesat different
resolutions).

The paperis organizedasfollows. Section2 briefly reviews
someMR decompositiormethods. Section3 describesa
generaframewvork for MR imagefusionwhich supportgegion-
basedVIR fusionschemesA particularexampleis discussd
in Section4. Finally, Section5 endswith someconclusions.

2. MR DECOMPOSITIONS

A MR schemedecomposeshe signal being analyzedinto
saveralcomponentseachof which capturesnformationpre-
sentatagivenscale.

2.1. Pyramids

A classicaimagepyramid[8] consistsof asequene of sim-
plified versionsof an original imagein which resolutionis
graduallydecreasg. In a low-passor approximationpyra-
mid, the bottomor zerolevel (% of the pyramidis equalto
the original imagez, andeachsuccesive level imagez(*),
k > 0, is constructedrom its lower level by low-passfil-
teringandsubsampling.A high-passor detail pyramid can
thenbederivedby interpolationof theapproximatiorimages
z(®), and subtractionof the outcomefrom its predecessor
z(*=1 At eachlevel, the resultingdetailimagey*) con-
tainsonly thosefeaturedost from onelevel to the next, and
thereforecontainsonly detailswithin a restrictedrangeof
resolution.

Formally, the pyramid transform([9] is the mappingz(®)
{yW,y@ ... yE) 2(E)} wherey®) is the detailimage
atlevel k andz(X) is the approximatiorat the coarseslevel
K. Notethatthepyramidtransformof animagex constitutes
a completerepresentationf z, sincethe stepsusedto con-
structthe detail pyramid canbereversedin orderto recover
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z exactly.

Thereare several waysto modify the pyramid construction
methoddescribedabove. For instanceonecanreplacethe
linearfilters by morphologicalones,which resultsin a mor-
phological pyramid [10]. Alternatively, one can compute
the ratio (insteadof the difference)of the succesive low-
passfiltered imagesto constructthe so-calledratio of low-
passpyramid [11]. Yet anothervariation on this themeis
the gradientpyramid [12], which resultswhen a gradient
operatoris appliedto eachlevel of the low-passpyramid.
In this case,the detail imagesy(¥) are further subdvided
into subbandsiccordingto their orientation;namely y(¥) =
{y® (-[1),5®)(-2), y¥)(-|3),y®)(|4)}. representinghehor
izontal, verticalandthetwo diagonaldirections.

2.2. Wavelets

AnotherMR analysismethodsimilarto pyramidsis thewave-
let decompositior]13]. The main differenceis that while
pyramidslead to an overcompleteset of transform coefi-
cients,thewaveletdecompositiorresultsin a non-redundant
representation,e., thesizeof theinputequalshesizeof the
output.

Onedravback of the (discrete)wavelet transformis that it
generallyyields a shift-variant signal representation.This
meanghatasimpleshift of theinputsignalmayleadto com-
pletely differenttransformcoeficients. This lack of trans-
lation invariancecan be avoidedif the outputsof the filter
banksarenotdecimated Theresultingundecimateavavelet
transform[13] yields a redundanMR representationvhere
theapproximatioranddetailsignalshave all thesamesizeas
theoriginalinput.

Often, waveletand pyramid transformsare designedor the
one-dimensionatase By succesive applicationof suchone-
dimensionatransformsontherows andthecolumns(or vice
versg of animage,one obtainsa so-calledsepagble two-
dimensionalransform. In the wavelet case,at eachlevel k
the approximationimagez(*) is decomposeéhto a coarser
approximationz(**+1) andthreedetailimagesy*t1) =
{y*+V([1),y*+D(-|2), y*+1(-[3)}, correspondingo the
horizontal,verticalanddiagonaldirections.
Non-separabléransformscan also be constructedand pro-
vide shift invarianceand/ordirectionalseletivity. More-
over, nonlinearextensionsof the wavelettransformare pos-
sible [14]. A generalndflexible approacHor theconstruc-
tion of MR decompositiorschemeganbefoundin [9, 15].

2.3. Notation

In this paper the MR decompositiorof animagez = z(©) is
denotedby y andit is assumd to be of theform:

y = {y(1)7y(2)’ A 7y(K)7w(K)} * (1)

Here,z(X) representtheapproximatiorimageatthehighest
level (lowestresolution)of the MR structure while images
y®) k = 1,..., K, representhe detail imagesat level k.
The detail at level £ will, in general,comprisevariousfre-
queng or orientationbands,dependingon the type of MR
transformthathasbeenused.We assuméienceforttthaty (¥)
is composeaf P detailimagesj.e.,y*) = {y¥)(-|1),...,
y®) (| P)}. We usethe coordinategi, j) to index the spatial
positionof thecoeficient. Thus,z(¥) (4, j) representtheap-
proximationcoeficientatlocation(s, j) within level k. Sim-
ilarly, y*) (i, j|p) representshe detail coeficientatlocation
(4, 7) within level £ andbandp. If no confusionis possible,
we will usethe shorthandnotationof (-) to denote(z, j|p);
e.g.,wewill write y(¥)(-) ratherthany ) (i, j|p).

3. AREGION-BASED MR FUSION SCHEME

3.1. Statementof the problem

Beforestartingthediscussiorof ourregion-basedusionsche-
me, let usbriefly recallthe problemof imagefusion. We are
givenasetof sourcémagestgs, S € S, correspondingvith a
certainscene Theseimagescancomefrom multiple sensors
or from a single sensordevice monitoredover someperiod
of time. In ary case,eachof the sourceimagesmay repre-
senta partial view of the scene and containboth ‘relevant’
and‘irrelevant’ datafor thetaskat hand. The goalof anim-
agefusion algorithmis to combinethe sourceimagesinto a
singlecompositémage,z », which containsamoreaccurate
descriptionof the scenethanary of the individual sources.
Moreover, the combinedimageshouldalsoappearnatural’
sothatit canbeeasilyinterpretecdoy humans.

We take as a pre-requisitethat the sourceimagesare fully
registered,andassumenve do not have ary furtherinforma-
tion aboutthemthantheir pixel values,i.e., we do not start
from ary a priori model. Thisimpliesthatthelocalisationof
salientinformationin the sourceimageswill dependnly on
brightnessrariations.

3.2. MR imagefusion

Imagefusion requiresidentification’ of salientinformation
in thesourcesandits ‘transfer’ into the output(fused)image.
The paradigmunderlyingMR imagefusionis that the MR

representationsf the sourcedacilitatethis type of analysis,
not only becaus it enablesoneto considerandfuseimage
featuresseparatelyat different scalesand orientations,but
alsobecaus it producedarge coeficientsnearedges thus
revealingsalientinformation.

The generalstructureof a fusion schemebasedon MR de-
compositionds depictedin Fig. 1. First,a MR transformis

appliedto all sourceimages. Then,a compositeMR repre-
sentationis constructedoy a combinationof the MR coef-
ficients of the sources.Finally, the fusedimageis obtained
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by computingthe inversetransformof the compositerep-
resentation. As said before, one can find several variants

A > WU FyA
B > U FyB

Figure1: A geneml MR image fusion schemecomprisinga MR
transbrm ¥ of thesouices,combiration of coeficientsin thetrans-
form domah, andtheinversemultiresoluton transbrm ¥~ of the
composik representaton.

Combimation _
Algorithm %yF% U1 >2ZF

of this generalschemein the literature. Most of the exist-
ing schemeshowever, arepixel-basedn the sensehateach
transformcoeficient (or possiblythe coeficients within a
smallfixedwindow) is consideredeparately

Themainfunctionalblocksof theproposedegion-basedu-
sionstratgy aredepictedn Fig. 2. This schemds anexten-
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Figure2: Region-basedMR fusionschemewith two input sources
x4 andz g, andoneoutput fusedimage zr.

sionof thebasicMR fusionschemef Fig. 1, in whicha‘seg-
mentationblock’ hasbeenaddedandthe combinationalgo-
rithm hasbeenspecified . Thatis, we useMR decompositions
torepresentheinputimagesatdifferentscalesand,addition-

ally, we introducea multiresolution/mulimodal (MR/MM)
sementationto partition the imagedomainat thesescales.
In thecombinatioralgorithm(seeFig. 1), we distinguishfour
modulegqseeFig. 2): theactivityandmatd measuresxtract
informationfrom the MR decompositiongs, whichis then
usedby the decisionand combinationmapsto computethe
MR decompositiony of thefusedimage.Theactiity mea-
sureand matchmeasuresare computedfor every region in
the decomposedhput images. Thesemeasuresnay corre-
spondto low-level aswell asintermediate-leel structures.
Furthermoe, the MR segmentationR allows us to impose
data-dependentonsisteng constraintsbasedon spatialas
well asinter andintra-scaledependenciesAll this infor-
mation,i.e, the measuresindthe consisteng constraintsijs
integratedto yield a decisionmapd which governsthe com-
binationof the coeficientsof the transformedsources.This
combinationresultsin aMR decompositioryr, andby MR
synthesisve obtainafusedimagezr.

It is interestingto notethatfor the particularcasein which
eachregioncorrespondfo asingleposition(z, j), theregion-
basedapproachreducedo apixel-basedapproachThus,the
region-basedR fusion schemeoffersa generafframework
for MR-basel imagefusionwhich encompassemostof the
existing MR fusionalgorithms.

3.3. Description of the modules

In this subsectionwe discusseachof the modulesin Fig. 2
in more detail. Note, however, that someof them, suchas
the ‘match module’, are optional. Furthermorethe routines
comprisedy thevariousmodulescanbe chosenn avariety
of ways.

MultiresolutionAnalysis

ThismodulecomputegaMR decompositiormf theinputsour
ces.Someissuedo beaddressedtthis stagearethe specific
typeof decompositiorfpyramid,wavelet,linear, morpholog-
ical, etc.)andthenumberof levels. We assumehatthesame
transform¥ is appliedto thesourceémageses. Thus,for ev-

ery inputzs we obtainits MR representatiogs = ¥(zg),

with ys having theform definedin (1). For corveniencewe

will denotetheapproximatiorimagexng) by y(SK)(-|O). In

this way, we canusethe generalexpressionof ygk) (-|p) to

refer both to the detail images(for p = 1,..., P) andthe
approximatiorimage(for p = 0).

MultiresolutionMultimodal Sgmentation
This moduleusesthe varioussourceimagesasinputandre-
turnsasingleMR segmentation

R={RL,R® ... RE}Y

asoutput. Here R(*¥) represents sggmentationat level k.
The basicideaunderlyingsucha segmentationis to identify
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the differentregionsin the scenein orderto make a global
interpretationof the dataat a more abstractievel. For this
purposewe develop aMR/MM segmentaion algorithm[16]
basedon a generalizecpyramid linking method[17]. Basi-
cally, thepyramidlinking segmentatioralgorithmconsistof
four steps:

1. Initialization. Imagesatlowerresolutionsareobtained
by a filtering/subsamplingorocedureto constructan
approximatiorpyramid asdescribedn Section2. We
imposetherequirementhatthe samplingschemaised
in this stageis the sameasthe one usedin the MR
analysisblock. However, the approximationpyramid
constructedheremaybe completelydifferentfrom the
MR decompositiorobtainedin the MR analysismod-
ule.

2. Linking androot labeling Child-parentrelationships
areestablishedetweersamplestconsecutieresolu-
tion levels. For eachchild a suitableparentis sought
amongthe candidateparents:it is linked to its most
‘similar’ parent.We definethis similarity basedn ge-
ometricalandgrayscaleproximity. Notein particular
that ‘similarity’ is computedusingall sourceimages.
Samplesaving ‘weak’ parentlinks andall samplesn
the highestlevel aremarkedasroots.

3. S@mentation Theactualsegmentatioris obtainedby
usingthe tree structureof the createdinks. At each
level, all the sampleghatare connectedo acommon
root areclassifiedasa singleregion R. Thus,ateach
level k, we obtaina segmentedmageR (¥) which con-
tainsthedifferentregionsR atthis level.

Loosely speaking,R providesa MR representatiorof the
variousregionsof the underlyingscene This representation
will guidethe otherblocksof the fusion processhencein-
steadof working at pixel-level, they will take into consider
ationtheregionsinferredby the segmentation As afirst ap-
proximation,we canregard theseregionsasthe constituent
partsof the objectsin theoverall scene.

Activity Measue

Thisblock asso@testo every bandimageyg“) (+|p) anactiv-
ity measurez(sk) (+|p), which reflectsthe local actiity of the
coeficients.Broadlyspeakingtheactivity measura(sk) (%, 7lp)
of asample(z, j) will behighif theaverageenepy (or some
other measure)pf ygk)(-|p) is high in the vicinity of (4, j).
Thus,onemayassumehatthe actvity measuraesultsfrom
somesortof enepgy calculationover a local neighbourhood
of coeficients. In the simplestcase the actvity measuras
justthe absolutevalueof the coeficient, thatis,

ad () = [y$7 ()] - 2)

Match Measue

The match measureis intendedto quantify the degree of
‘similarity’ betweerthe sources.More precisely the match
value mfﬁ, (-) reflectsthe resemblancéetweenthe inputs

yﬁf)(-) and yg“)(-). In the following expression this value
is definedasanormalizedcorrelationaveragedover aneigh-

bourhoodof thesamples:

2 X

(u,v)EW

k),. . k),. .
1955 G, 41p)I2 + |y G, 31p) |2

w(u, v)yY (u, v|p)y W (u, vlp)
(k) (: _
my, (i, jlp) =

)

3)

whereW is awindow centeredat (7, j) andw its asso@ted
weights.

By analyzingthe matchmeasurepne candeterminewhere
the sourcedliffer andto which extent,andusethis informa-
tion to combinethemin anappropriatevay. For example,if
thematchmeasuret a givenpositionis low (i.e, thesources
aredistinctly differentat that position), the coeficient from
the sourcedecompositiorwith the highestactiity measure
is taken asthe compositecoeficient. On the otherhand,if
thematchmeasuras high (i.e.,thesourcesaresimilar atthat
position),the coeficientsfrom the differentsourcesare av-
eragedo yield the compositecoeficient.

DecisionMap

The decisionmapis the main part of the combinationalgo-
rithm. Its outputgovernsthe actualcombinationof the coef-
ficientsof the MR decompositionsf thevarioussources.
For eachlevel k, orientationbandp, and sampleposition
(4, 7), thedecisionprocessassignsavalued*) (4, j|p) which
is thenusedfor thecomputatiorof thecompositq;%“)(z',ﬂp).
Most often, the decisiontakes placeindependentlyat each
level, band,andposition. However, it mayalsotake into ac-
countspatial,inter- andintra-scaledlependencieisetweerthe
samplesthusexploiting theideathatcoeficientsin thecom-
positeshouldnot be computedndependently For instance,
onemay requireneighbouringcoeficientsin the samelevel
and/ororientationto take the samedecision.

CombinationMap

This moduledescribeghe actualcombinationof the trans-
form coeficients of the sources.For simplicity, let us con-
sidertwo sourcesandlet usassumehatevery compositeco-
efficientyg“) (+) is ‘assembledfrom thesourcecoeficientsat
the correspondindevel, bandandposition. More precisely

PO =0 (40,550,400, @

whereC*) : R® — RRis the combinationmapat level k. A
simplechoicefor C(*) is alinearmapping .g.,

C® (y1,2,8) = w'P (O)ys + wh) B)ya,  (5)
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wherethe WeightSwff)(d), wg“)(é) dependon the decision
parameteb.

Henceforthwe assumdehatthecomposite:oeficientsz/g“) )

areobtainedby a linearcombinationasin (5), yet with pos-
sibly more thantwo input sources. It remainsto be speci-
fied how the decisionparametes = d*)(-) determineghe

weightSwfgk)(é). A naturalapproaclis to assigrnto eachco-

efficient a weight that dependsncreasinglyon the activity

measure. In general,the resultingweightedaverage leads
to a stabilizationof the fusion result, but it introducesthe

problemof contrastreductionin caseof oppositecontrastin

differentsourceimages.This canbe avoidedby usinga se-
lective combinationrule wherethe mostsalientcomponent,
i.e., the onewith largestactivity measurejs chosenfor the

compositeln this case,

vy =y¥0), (6)

with M = arg maxgcs (agk)(-)).

In mary approachesthe compositeapproximationcoefi-
cientsof the highestdecompositiorevel, representinghe
meanintensity aretakento be a weightedaverageof theap-
proximationof thesourceswhile thecompositedetailcoefi-
cientsuseaselectve combinatiorrule. Additionally, amatch
measureanbe usedto determinevhich combinationmode,
averaging or selection,to use. Moreover, the decisioncan
be madeglobally for a groupof samplesfor example,one
might constrainthe samplesat the samelevel £ andposition
(7, 7) to take the samedecisionfor all bandsp. Alternatively,
onecould‘extend’ adecisionto a spatialneighbourhood.
Notefinally thatotherfactorsmaybeincorporatedor thefu-
sionrules.In particularif someprior knowledgeis available,
all thefusionblockscanusesuchinformationto improve fu-
sion performanceFor instancewhencombiningthe source
coeficients, the weightsassignedo them may dependnot
only on the actvity measureand matchmeasure put may
alsoreflectsomea priori knowledgeof anspecifictype, giv-
ing preferenceo certainlevels k, locations(s, j) or input
sources.

MR Synthesis
Finally, the fusedimageis obtainedby applyingthe inverse
transformatioron the combinedMR decompositioryz:

TF :\Il_l(yF)a (7)

where¥ 1 js theinverseMR transform.

4. A CASE STUDY

Our currentimplementatiorof the proposedalgorithmis still
in anearlystageof development.In this sectionwe consider
oneof thesimplestapproaches.

4.1. Specificationof the modules

Take two input imagesz 4 andzg. For their MR decom-
position,we usea Laplacianpyramid (thus,we only have a
singleorientationband,i.e, P = 1, andwe only distinguish
betweenp = 0 andp = 1 in this case). In the MR/MM
segmentationalgorithm, both the linking and root labeling
criteriaare basedexclusively on the differencein grayscale
valuesbetweemarentandchild. More sophisticatedriteria,
aswell asconnectity or entrofy considerationsarestill to
beincorporated.

The combinationprocesswe considerheredoesnot usea
matchingmeasure.We definean activity measureor each

region R € R® in y ¥ (-[p) by

P Rp) == Y oP,ilp), ®)

|R| 4
(i,5)ER

where|R)| is thesizeof region R.
The combinationprocesds performedasin (5), whered =

d® () andw® () = 5, w® (5) =1 -4, i.e.,

y W) =80+ (- 0)ys (). ©)

The decisionis computedfor eachlevel k£ andregion R €
R as

.. 1 ifa(k)Rp >a(k)Rp
d(k)(l’ﬂp) - {0 othgrvE/isL) 5 () (10)

for all (4, 7) € R.

Thus, the compositeimageSyg“) are constructedby a se-
lective combinationwherethe compositecoeficients of all

sampledelongingto a certainregion R comefrom thesame
sourcedecompositiorimage(eitherygc) or yg“)), namely
the onewhoseactiity in that region is higher This activ-

ity hasbeencomputedasthe averageof the actvities mea-
sureSagk)(i,ﬂp) with (4,7) € R. For thedetail coeficients
(p = 1) we choosethe simplemeasurea(sk)(-) = |y(Sk)(-)|

(since generally high magnitudedetail coeficient implies
relevant perceptualnformation). For the approximationco-
efficients(p = 0), however, this choicewould not be very
meaningfulasit gives preferenceo coeficients with high
intensityvalues(bright regions). In the pixel-basedschems
found in the literature, one commonapproachis to disre-
gard the actvity measurdor the approximationmage,and
take 6 = d¥)(i,j|0) = 1/2 for all (3,5). This implies
that the compositeapproximationimagey}K)(-|O) is con-
structedby the (pixel-wise) averageof the approximation
imageSyng). This is alsoa valid approachfor the region-
basedfusion scheme.However, by doing so, we would be
neglectingthe region informationprovided by R (5). A bet-
ter choiceseemdo be the onewherethe decisionmap de-
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pendson an activity measurebasedon sometexture or en-
tropy criterion. Thus,in our experimentsve usethe follow-
ing activity measures:

e Forp=0,
K 1 K), . . _(K 2
a§ )(R|0):@ > (5596.510) - 559 (RI0))
(i.4)eR
Whereys (R|0) = Z y(K) (2, 4]0).
(M)ER
e Forp=1,
k k
a§ (R|1) = |R| > 1G]

(i,7)€R

We havetestedburalgorithmon severalpairsof images.Two
examplesare given hereto illustrate the fusion processle-
scribedabove. In both caseswe have chosenK = 3 and,
when displayingthe images,the gray valuesof the pixels
have beenscaledbetweern) and255 (histogramstretching).
Theinputsourcesc 4 andz g aredisplayed respectiely, on
theleft andright top of thecorrespondindigure. For thede-
cisionmaps,pixelswith § = 0, 1 aredisplayedin blackand
white, respectiely. Thus, accordingto our algorithm, co-
efficientscorrespondingo ‘white regions’ areselectedrom
A, while coeficientscorrespondingo ‘black regions’arese-
lectedfrom B.

4.2. First experiment

Fig. 3 shaws the fusion of imagesobtainedwith different
sensors Note thatin the visualimage(Fig. 3, top left) it is
hardto distinguishthe personin camouflagdgrom the back-
ground, while it is clearly obserablein the infrared (IR)
image(Fig. 3, top right). In contrastthe easilydiscernible
backgroundn thevisualimageis nearlyundetectablén the
IR image. Thefirst level of the resultingsegmentationand
decisionmapareshavn in the middle row. The correspond-
ing secondandthird levels aredisplayedon the bottomleft.
It is interestingto notethat, accordingto d® andd®), al-
thoughmostof the backgrounds selectedrom theirrespec-
tive visual |magey(k) k = 2,3, the region corresponding

to thepersonis selectedrom their respectre IR imageyg“) ,
k = 2,3. Thefinal fusedimageis depictedat the bottom
right of Fig. 3.

4.3. Secondexperiment

The examplein Fig. 4 illustratesthe usageof fusionin ra-
diotheray andskull sugery. Here,theinformationprovided
by magneticresonancémaging (MRI) andX-ray computed

!ﬁ

Figure 3: First experiment. Top: visual and infrared source im-
ages. Middle: 1st level of sggmentatdn (left) and decisionmap
(right). Bottom: 2nd and 3rd level of sgmentatdn (left) and
decisionmap (middle), and fusedimage (right). Souce images
are courtesyof AlexanderToet, TNO HumanFactors Institute The
Netherlands

tomograply (CT) is complementaryNormal andpathologi-
cal softtissuesarebettervisualizedby MRI (Fig. 4, top left),

while the structureof the tissueboneis bettervisualizedby
CT (Fig. 4, topright). Thefusedimage,depictedat the bot-
tom right of Fig. 4, provides salientinformationfrom both
imagessimultaneouslywhich may be usefulfor physicians
in medicaldiagnosis. For this particularexample,we also
shaw (Fig. 4, bottomleft) the correspondindusedoutputwe
would have obtainedusing a pixel-basedMR fusion algo-
rithm with the samefusionrules(exceptfor p = 0 wherewe
useafix § = 1/2) asin theregion-basedlgorithm.

4.4, Discussion

Despitethe crudenessf the currentimplementationthe vi-
sualperformances surprisinglygood. This suggestshatthe
region-basedapproachproposedhere can at leastbe com-
petitive with (but morelikely outperform)other MR fusion
techniques.

Furtherinvestigationsarenecessarfor thefine-tuningof pa-
rameteraswell astheproperselectiorof thedifferentingre-
dientsof the scheme Towardsthis end,performancesses-
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Figure4: Secondexperiment. Top: MRI and CT source images.
Bottam: pixel-basedleft) andregion-basedright) fusedimages.

mentcriteriawill be developedto evaluateanddemonstrate [7]
thecapacitieof thenew fusiontechniqueaswell asto com-
pareits performancewith othersMR fusion schemesTests
will be carried out basedboth on objective and subjectve
criteria.
(8]
5. CONCLUSIONS

In this paper we have introduceda generalframenork for [9]
MR imagefusionwhichsupport$othpixel andregion-based
approachesThe implementatiorof our algorithmis still in
apreliminarystageandin the experimentperformedwe did
notattempto optimizeits performanceHowever, theresults
obtainedso far suggesthat our approachmay be usefulfor
several imagefusion applications. We intendto investicate
this morethoroughlyin the future. A substantiapartof our
efforts will be devotedto the designof objective measures  [11]
for fusionperformanceassesment.

In the future we alsointendto replacethe MR/MM segmen-

tation by pyramid linking by someotherapproachsuchas [12]
a hierarchicalwatershedalgorithmfrom mathematicamor-

phology

[10]

[13]
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