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ABSTRACT

We presenta multiresolution fusionalgorithm which combinesas-
pectsof region and pixel-basedfusion. We use multiresolution
decompositions to representthe input imagesat different scales,
andintroducea multiresolution/multimodalsegmentationto parti-
tion the imagedomainat thesescales.This segmentationis then
usedto guide thesubsequentfusionprocess.A region-basedmul-
tiresolutionapproachallows us to considerlow-level as well as
intermediate-level structures,andto imposedata-dependentconsis-
tency constraintsbasedon spatial,inter- andintra-scaledependen-
cies.

1. INTR ODUCTI ON

Among the variousframeworks in which imagefusion has
beentraditionally formulated,the multiresolution(MR) ap-
proachhasbeenoneof themostintensively studiedandused
in practice.ThebasicideaunderlyingtheMR-basedimage
fusionapproachis to performaMR transformoneachsource
imageand,following somespecificfusionrules,to construct
acompositeMR representationfrom 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-
basedapproacheswhereeachindividual coefficient of the
MR decomposition(or possiblythe coefficients in a small
fixed neighbourhood)is treatedmoreor lessindependently.
However, for most, if not all, imagefusion applications,it
could be more meaningfulto combineobjectsrather than
pixels. As an intermediatestep from pixel-basedtowards
object-basedfusion,onemightconsiderregion-basedappro-
aches. Suchapproacheshave the additionaladvantagethat
the fusion processbecomesmore robust and, moreover, it
mayhelp to circumventsomeof thewell-known drawbacks
of pixel-basedtechniques,suchasblurringeffects,high sen-
sitivity to noiseandmisregistration.
In thispaperweproposeaMR fusionalgorithmwhichcom-
binesaspectsof regionandpixel-level fusion.Thebasicidea
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is to computea segmentationbasedon all different source
imagesandto usethis segmentationto guidethefusionpro-
cess. A major differencewith other existing region-based
approaches[6, 7] is that thesegmentationperformedis: ( � )
multimodal, in the sense that a single segmentationis ob-
tainedbasedonall sourceimages,and( � ) multiresolution, in
the sense that it is computedin a MR fashion(i.e., it is not
merelya segmentationof a sequence of imagesat different
resolutions).
Thepaperis organizedasfollows. Section2 briefly reviews
someMR decompositionmethods. Section3 describesa
generalframework for MR imagefusionwhichsupportsregion-
basedMR fusionschemes. A particularexampleis discussed
in Section4. Finally, Section5 endswith someconclusions.

2. MR DECOMPOSITIONS

A MR schemedecomposesthe signal being analyzedinto
severalcomponents,eachof whichcapturesinformationpre-
sentat agivenscale.

2.1. Pyramids

A classicalimagepyramid[8] consistsof asequenceof sim-
plified versionsof an original imagein which resolutionis
graduallydecreased. In a low-passor approximationpyra-
mid, thebottomor zerolevel � �
	��

of thepyramidis equalto
the original image � , andeachsuccessive level image � �

��

,�����
, is constructedfrom its lower level by low-passfil-

tering andsubsampling.A high-passor detail pyramid can
thenbederivedby interpolationof theapproximationimages� �

��

, and subtractionof the outcomefrom its predecessor� �

������
. At eachlevel, the resultingdetail image � �

��

con-
tainsonly thosefeatureslost from onelevel to thenext, and
thereforecontainsonly detailswithin a restrictedrangeof
resolution.
Formally, thepyramidtransform[9] is themapping� ��	������ � � ����! � �
"#�#!�$�$�$%! � �
&��#! � �'&��)(

, where � �

��
is the detail image

at level
�

and � �
&��
is theapproximationat thecoarsest level*

. Notethatthepyramidtransformof animage� constitutes
a completerepresentationof � , sincethe stepsusedto con-
structthedetailpyramidcanbereversedin orderto recover
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� exactly.
Thereareseveral waysto modify the pyramid construction
methoddescribedabove. For instance,onecanreplacethe
linearfilters by morphologicalones,which resultsin a mor-
phological pyramid [10]. Alternatively, one can compute
the ratio (insteadof the difference)of the successive low-
passfiltered imagesto constructthe so-calledratio of low-
passpyramid [11]. Yet anothervariation on this themeis
the gradientpyramid [12], which resultswhen a gradient
operatoris applied to eachlevel of the low-passpyramid.
In this case,the detail images � �

��

are further subdivided
into subbandsaccordingto their orientation;namely, � �

��,+� � �

���-/.10 �32 ! � �

���-/.10 �42 ! � �

���-/. 0 5 2 ! � �

���-/.10 6 2 ( , representingthehor-
izontal,verticalandthetwo diagonalsdirections.

2.2. Wavelets

AnotherMR analysismethodsimilartopyramidsis thewave-
let decomposition[13]. The main differenceis that while
pyramids lead to an overcompleteset of transformcoeffi-
cients,thewaveletdecompositionresultsin anon-redundant
representation,i.e., thesizeof theinputequalsthesizeof the
output.
Onedrawbackof the (discrete)wavelet transformis that it
generallyyields a shift-variant signal representation.This
meansthatasimpleshift of theinputsignalmayleadto com-
pletely different transformcoefficients. This lack of trans-
lation invariancecan be avoided if the outputsof the filter
banksarenotdecimated.Theresultingundecimatedwavelet
transform[13] yieldsa redundantMR representationwhere
theapproximationanddetailsignalshaveall thesamesizeas
theoriginal input.
Often,waveletandpyramid transformsaredesignedfor the
one-dimensionalcase.By successiveapplicationof suchone-
dimensionaltransformsontherowsandthecolumns(or vice
versa) of an image,oneobtainsa so-calledseparable two-
dimensionaltransform. In the wavelet case,at eachlevel

�
theapproximationimage � �

��

is decomposedinto a coarser
approximation� �

�78���

andthreedetail images� �

�79�/� +� � �

�78����-/.10 ��2 ! � �

�78����-/. 0 �42 ! � �

�79�/��-/.10 5 2 ( , correspondingto the
horizontal,verticalanddiagonaldirections.
Non-separabletransformscanalsobe constructedandpro-
vide shift invarianceand/ordirectionalselectivity. More-
over, nonlinearextensionsof thewavelet transformarepos-
sible [14]. A generalandflexible approachfor theconstruc-
tion of MR decompositionschemescanbefoundin [9, 15].

2.3. Notation

In thispaper, theMR decompositionof animage� + � ��	��
is

denotedby � andit is assumed to beof theform:� + � � �1��� ! � �'"#� !�$�$�$:! � �
&�� ! � �
&�� (;$
(1)

Here,� �
&��
representstheapproximationimageatthehighest

level (lowestresolution)of the MR structure,while images� �

��
,

� + � !�$�$�$%! *
, representthe detail imagesat level

�
.

The detail at level
�

will, in general,comprisevariousfre-
quency or orientationbands,dependingon the type of MR
transformthathasbeenused.Weassumehenceforththat � �

��
is composedof < detail images,i.e., � �

�� + � � �

�� -/. 0 ��2 !�$�$�$%!� �

���-/.10 <=2 ( . Weusethecoordinates

-1>#!@? 2 to index thespatial
positionof thecoefficient. Thus, � �

���-1>#!�? 2 representstheap-
proximationcoefficientat location

-1>#!�? 2 within level
�
. Sim-

ilarly, � �

�� -1>#!@?%0 A 2 representsthedetailcoefficient at location-1>#!@? 2 within level
�

andband
A
. If no confusionis possible,

we will usethe shorthandnotationof
-/. 2 to denote

-1>#!@?%0 A 2 ;
e.g.,wewill write � �'
���-/. 2 ratherthan � �

���-1>#!�?B0 A 2 .

3. A REGION-BASED MR FUSION SCHEME

3.1. Statementof the problem

Beforestartingthediscussionof ourregion-basedfusionsche-
me,let usbriefly recalltheproblemof imagefusion.Weare
givenasetof sourceimages�%C , DFEHG , correspondingwith a
certainscene.Theseimagescancomefrom multiplesensors
or from a singlesensordevice monitoredover someperiod
of time. In any case,eachof the sourceimagesmay repre-
senta partial view of the scene, andcontainboth ‘relevant’
and‘irrelevant’ datafor thetaskat hand.Thegoalof anim-
agefusionalgorithmis to combinethesourceimagesinto a
singlecompositeimage,�BI , whichcontainsamoreaccurate
descriptionof the scenethanany of the individual sources.
Moreover, thecombinedimageshouldalsoappear‘natural’
sothatit canbeeasilyinterpretedby humans.
We take asa pre-requisitethat the sourceimagesare fully
registered,andassumewe do not have any further informa-
tion aboutthemthantheir pixel values,i.e., we do not start
from any apriori model.This impliesthatthelocalisationof
salientinformationin thesourceimageswill dependonly on
brightnessvariations.

3.2. MR imagefusion

Imagefusion requires‘identification’ of salientinformation
in thesourcesandits ‘transfer’ into theoutput(fused)image.
The paradigmunderlyingMR imagefusion is that the MR
representationsof thesourcesfacilitatethis typeof analysis,
not only because it enablesoneto considerandfuseimage
featuresseparatelyat different scalesand orientations,but
alsobecause it produceslarge coefficientsnearedges,thus
revealingsalientinformation.
The generalstructureof a fusion schemebasedon MR de-
compositionsis depictedin Fig. 1. First, a MR transformis
appliedto all sourceimages.Then,a compositeMR repre-
sentationis constructedby a combinationof the MR coef-
ficientsof the sources.Finally, the fusedimageis obtained
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by computingthe inversetransformof the compositerep-
resentation. As said before,one can find several variants

�BJLKM N KM �4JPOQ RRR
Combination
Algorithm KM �SI KM N �T� KM �BI�%U KM N KM �VUXW YZZZ

Figure1: A general MR image fusionschemecomprisinga MR
transform [ of thesources,combinationof coefficientsin thetrans-
form domain, andtheinversemultiresolution transform []\_^ of the
composite representation.

of this generalschemein the literature. Most of the exist-
ing schemes,however, arepixel-basedin thesensethateach
transformcoefficient (or possibly the coefficients within a
smallfixedwindow) is consideredseparately.
Themainfunctionalblocksof theproposedregion-basedfu-
sionstrategy aredepictedin Fig. 2. Thisschemeis anexten-�BJ

`a
�%U
`aKM Segmentationb

`a
cd

Ne�f g N e�hKM`a Matchi]fVh
`a

`acd
KM Activityj�f Activityj3h cd

KM Decisionk`a cd
KM Combinatione�l`a cd

N �T�
`a�BI

Figure2: Region-basedMR fusionschemewith two input sourcesmon and mqp , andoneoutput fusedimage mor .

sionof thebasicMR fusionschemeof Fig.1, in whicha‘seg-
mentationblock’ hasbeenaddedandthecombinationalgo-
rithm hasbeenspecified.Thatis,weuseMR decompositions
to representtheinputimagesatdifferentscalesand,addition-

ally, we introducea multiresolution/multimodal (MR/MM)
segmentationto partition the imagedomainat thesescales.
In thecombinationalgorithm(seeFig.1),wedistinguishfour
modules(seeFig.2): theactivityandmatch measuresextract
informationfrom theMR decompositions�4C , which is then
usedby the decisionandcombinationmapsto computethe
MR decomposition�4I of thefusedimage.Theactivity mea-
sureandmatchmeasuresarecomputedfor every region in
the decomposedinput images. Thesemeasuresmay corre-
spondto low-level aswell as intermediate-level structures.
Furthermore, the MR segmentations allows us to impose
data-dependentconsistency constraintsbasedon spatialas
well as inter- and intra-scaledependencies.All this infor-
mation,i.e, themeasuresandtheconsistency constraints,is
integratedto yield a decisionmap t which governsthecom-
binationof thecoefficientsof thetransformedsources.This
combinationresultsin a MR decomposition�4I , andby MR
synthesisweobtaina fusedimage�BI .
It is interestingto notethat for the particularcasein which
eachregioncorrespondstoasingleposition

-1>#!@? 2 , theregion-
basedapproachreducesto apixel-basedapproach.Thus,the
region-basedMR fusionschemeoffersa generalframework
for MR-based imagefusionwhich encompassesmostof the
existingMR fusionalgorithms.

3.3. Description of the modules

In this subsection,we discusseachof themodulesin Fig. 2
in moredetail. Note, however, that someof them,suchas
the ‘matchmodule’,areoptional. Furthermore,theroutines
comprisedby thevariousmodulescanbechosenin avariety
of ways.

MultiresolutionAnalysis
ThismodulecomputesaMR decompositionof theinputsour-
ces.Someissuesto beaddressedat thisstagearethespecific
typeof decomposition(pyramid,wavelet,linear, morpholog-
ical, etc.)andthenumberof levels.Weassumethatthesame
transformN is appliedto thesourceimages�%C . Thus,for ev-
ery input �%C we obtainits MR representation�VC + N - �%Cu2 ,
with �VC having theform definedin (1). For convenience,we
will denotethe approximationimage � �
&��C by � �'&��C -/.10 � 2 . In

this way, we canusethe generalexpressionof � �

��C -/.10 A 2 to
refer both to the detail images(for

Av+ � !�$�$�$:! < ) andthe
approximationimage(for

AH+ �
).

MultiresolutionMultimodalSegmentation
This moduleusesthevarioussourceimagesasinput andre-
turnsasingleMR segmentations + � s � ��� ! s �'"#� !�$�$�$%! s �'&�� (
asoutput. Here s �

��

representsa segmentationat level
�
.

Thebasicideaunderlyingsucha segmentationis to identify
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the different regionsin the scenein orderto make a global
interpretationof the dataat a moreabstractlevel. For this
purpose,wedevelop aMR/MM segmentation algorithm[16]
basedon a generalizedpyramid linking method[17]. Basi-
cally, thepyramidlinking segmentationalgorithmconsistsof
four steps:

1. Initialization. Imagesat lowerresolutionsareobtained
by a filtering/subsamplingprocedureto constructan
approximationpyramidasdescribedin Section2. We
imposetherequirementthatthesamplingschemeused
in this stageis the sameas the one usedin the MR
analysisblock. However, the approximationpyramid
constructedheremaybecompletelydifferentfrom the
MR decompositionobtainedin theMR analysismod-
ule.

2. Linking and root labeling. Child-parentrelationships
areestablishedbetweensamplesatconsecutiveresolu-
tion levels. For eachchild a suitableparentis sought
amongthe candidateparents:it is linked to its most
‘similar’ parent.Wedefinethissimilarity basedonge-
ometricalandgrayscaleproximity. Note in particular
that ‘similarity’ is computedusingall sourceimages.
Sampleshaving ‘weak’ parentlinks andall samplesin
thehighestlevel aremarkedasroots.

3. Segmentation. Theactualsegmentationis obtainedby
usingthe treestructureof the createdlinks. At each
level, all thesamplesthatareconnectedto a common
root areclassifiedasa singleregion w . Thus,at each
level

�
, weobtainasegmentedimages �

��

whichcon-
tainsthedifferentregions w at this level.

Loosely speaking,s provides a MR representationof the
variousregionsof theunderlyingscene. This representation
will guidethe otherblocksof the fusion process;hencein-
steadof working at pixel-level, they will take into consider-
ationtheregionsinferredby thesegmentation.As a first ap-
proximation,we canregard theseregionsasthe constituent
partsof theobjectsin theoverall scene.

ActivityMeasure
Thisblockassociatesto every bandimage� �

��C -/. 0 A 2 anactiv-

ity measurex �

��C -/. 0 A 2 , which reflectsthelocal activity of the

coefficients.Broadlyspeaking,theactivity measurex �

��C -1>#!@?%0 A 2
of asample

-1>�!@? 2 will behigh if theaverageenergy (or some
othermeasure)of � �'
��C -/.10 A 2 is high in the vicinity of

-1>�!@? 2 .
Thus,onemayassumethattheactivity measureresultsfrom
somesort of energy calculationover a local neighbourhood
of coefficients. In the simplestcase,the activity measureis
just theabsolutevalueof thecoefficient, thatis,x �

��C -/. 2 +zyy � �

��C -/. 2 yy $ (2)

Match Measure
The match measureis intendedto quantify the degree of
‘similarity’ betweenthesources.More precisely, thematch
value { �

��J:U -/. 2 reflectsthe resemblancebetweenthe inputs� �

��J -/. 2 and � �

��U -/. 2 . In the following expression,this value
is definedasanormalizedcorrelationaveragedoveraneigh-
bourhoodof thesamples:

{ �

��J:U -1>#!�?%0 A 2 + � |�~}�� �����S��� -1�T!#� 2�� �

��J -1�T!��%0 A 2�� �

��U -1�T!#�:0 A 20 � �

��J -1>#!@?%0 A 2 0 ",� 0 � �

��U -1>#!@?%0 A 2 0 " !
(3)

where � is a window centeredat
-1>#!�? 2 and � its associated

weights.
By analyzingthe matchmeasure,onecandeterminewhere
thesourcesdiffer andto which extent,andusethis informa-
tion to combinethemin anappropriateway. For example,if
thematchmeasureatagivenpositionis low (i.e, thesources
aredistinctly differentat thatposition),thecoefficient from
the sourcedecompositionwith the highestactivity measure
is taken asthe compositecoefficient. On the otherhand,if
thematchmeasureis high(i.e., thesourcesaresimilarat that
position),the coefficientsfrom the differentsourcesareav-
eragedto yield thecompositecoefficient.

DecisionMap
Thedecisionmapis themain partof thecombinationalgo-
rithm. Its outputgovernstheactualcombinationof thecoef-
ficientsof theMR decompositionsof thevarioussources.
For eachlevel

�
, orientationband

A
, and sampleposition-1>#!@? 2 , thedecisionprocessassignsavalue t �

���-1>#!@?%0 A 2 which

is thenusedfor thecomputationof thecomposite� �'
��I -1>#!�?B0 A 2 .
Most often, the decisiontakesplaceindependentlyat each
level, band,andposition.However, it mayalsotake into ac-
countspatial,inter- andintra-scaledependenciesbetweenthe
samples,thusexploiting theideathatcoefficientsin thecom-
positeshouldnot becomputedindependently. For instance,
onemayrequireneighbouringcoefficientsin thesamelevel
and/ororientationto take thesamedecision.

CombinationMap
This moduledescribesthe actualcombinationof the trans-
form coefficientsof the sources.For simplicity, let us con-
sidertwo sourcesandlet usassumethateverycompositeco-
efficient � �

��I -/. 2 is ‘assembled’from thesourcecoefficientsat
thecorrespondinglevel, bandandposition.Moreprecisely,� �

��I -/. 2 +�� �'
��8� � �

��J -/. 2 ! � �

��U -/. 2 ! t �

�� -/. 2/� !

(4)

where
���

����

IR� ��
IR is thecombinationmapat level

�
. A

simplechoicefor
���

��

is a linearmapping,e.g.,� �

�� - � � ! � " !�� 2 + � �'
��J -�� 2�� � � � �

��U -�� 2�� " !
(5)
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wherethe weights � �'
��J -�� 2 , � �

��U -�� 2 dependon the decision
parameter

�
.

Henceforth,weassumethatthecompositecoefficients� �'
��I -/. 2
areobtainedby a linearcombinationasin (5), yet with pos-
sibly more than two input sources.It remainsto be speci-
fied how thedecisionparameter

��+ t �

���-/. 2 determinesthe
weights � �

��C -�� 2 . A naturalapproachis to assignto eachco-
efficient a weight that dependsincreasinglyon the activity
measure. In general,the resultingweightedaverageleads
to a stabilizationof the fusion result, but it introducesthe
problemof contrastreductionin caseof oppositecontrastin
differentsourceimages.This canbeavoidedby usinga se-
lective combinationrule wherethemostsalientcomponent,
i.e., the onewith largestactivity measure,is chosenfor the
composite.In thiscase,� �

��I -/. 2 + � �

��� -/. 2 !

(6)

with � +������;����� C ��� � x �

��C -/. 2 � .

In many approaches,the compositeapproximationcoeffi-
cientsof the highestdecompositionlevel, representingthe
meanintensity, aretakento bea weightedaverageof theap-
proximationof thesources,while thecompositedetailcoeffi-
cientsuseaselectivecombinationrule. Additionally, amatch
measurecanbeusedto determinewhichcombinationmode,
averagingor selection,to use. Moreover, the decisioncan
be madeglobally for a groupof samples;for example,one
might constrainthesamplesat thesamelevel

�
andposition-1>#!@? 2 to take thesamedecisionfor all bands

A
. Alternatively,

onecould‘extend’adecisionto aspatialneighbourhood.
Notefinally thatotherfactorsmaybeincorporatedfor thefu-
sionrules.In particular, if someprior knowledgeis available,
all thefusionblockscanusesuchinformationto improvefu-
sionperformance.For instance,whencombiningthesource
coefficients, the weightsassignedto themmay dependnot
only on the activity measureand matchmeasure,but may
alsoreflectsomea priori knowledgeof anspecifictype,giv-
ing preferenceto certain levels

�
, locations

-1>#!@? 2 or input
sources.

MRSynthesis
Finally, the fusedimageis obtainedby applyingthe inverse
transformationon thecombinedMR decomposition�4I :�BI + N �T� - �SI;2 !

(7)

where N ���
is theinverseMR transform.

4. A CASE STUDY

Ourcurrentimplementationof theproposedalgorithmis still
in anearlystageof development.In thissection,weconsider
oneof thesimplestapproaches.

4.1. Specificationof the modules

Take two input images�BJ and �%U . For their MR decom-
position,we usea Laplacianpyramid (thus,we only have a
singleorientationband,i.e, < + � , andwe only distinguish
between

A + �
and

A + � in this case). In the MR/MM
segmentationalgorithm, both the linking and root labeling
criteria arebasedexclusively on the differencein grayscale
valuesbetweenparentandchild. Moresophisticatedcriteria,
aswell asconnectivity or entropy considerations,arestill to
beincorporated.
The combinationprocesswe considerheredoesnot usea
matchingmeasure.We definean activity measurefor each
region w EHs �

��

in � �

��C -/. 0 A 2 by

x �

��C - w 0 A 2 + �0 w 0¢¡�~£�� ¤����4¥ x �

��C -1>#!�?B0 A 2 !
(8)

where
0 w 0

is thesizeof region w .
Thecombinationprocessis performedasin (5), where

�H+t �

���-/. 2 and � �'
��J -�� 2 +��
, � �

��U -�� 2 + ��¦ �

, i.e.,� �

��I -/. 2 +�� � �

��J -/. 2 � - �§¦ � 2�� �'
��U -/. 2 $
(9)

The decisionis computedfor eachlevel
�

andregion w¨Es �

��
as

t �

�� -1>#!@?%0 A 2 +ª© � if x �

��J - w 0 A 2 � x �'
��U - w 0 A 2�
otherwise,

(10)

for all
-1>�!@? 2�E«w .

Thus, the compositeimages � �

��I are constructedby a se-
lective combinationwherethe compositecoefficientsof all
samplesbelongingto acertainregion w comefrom thesame
sourcedecompositionimage(either � �

��J or � �

��U ), namely,
the onewhoseactivity in that region is higher. This activ-
ity hasbeencomputedasthe averageof the activities mea-
suresx �

��C -1>#!@?%0 A 2 with

-1>�!@? 2¬E­w . For thedetailcoefficients

(
A�+ � ) we choosethe simplemeasurex �

��C -/. 2 +®0 � �

��C -/. 2 0

(since generally, high magnitudedetail coefficient implies
relevantperceptualinformation). For theapproximationco-
efficients (

Av+ �
), however, this choicewould not be very

meaningfulas it gives preferenceto coefficients with high
intensityvalues(bright regions). In thepixel-basedschemes
found in the literature,one commonapproachis to disre-
gard the activity measurefor the approximationimage,and
take

�¯+ t �
&���-1>#!�?B0 � 2 + ��°±� for all
-1>#!@? 2 . This implies

that the compositeapproximationimage � �
&��I -/.10 � 2 is con-
structedby the (pixel-wise) averageof the approximation
images� �
&��C . This is alsoa valid approachfor the region-
basedfusion scheme.However, by doing so, we would be
neglectingtheregion informationprovidedby s �
&��

. A bet-
ter choiceseemsto be the onewherethe decisionmapde-
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pendson an activity measurebasedon sometexture or en-
tropy criterion. Thus,in our experimentswe usethefollow-
ing activity measures:g For

AH+ �
,

x �
&��C - w 0 � 2 + �0 w 0 ¡�~£�� ¤²���S¥ � � �
&��C -1>�!@?%0 � 29¦v³� �
&��C - w 0 � 2 � "
where ³� �
&��C - w 0 � 2 + �0 w 0 ¡�~£�� ¤����S¥ � �
&��C -1>#!�?%0 � 2 .

g For
AH+ � ,

x �

��C - w 0 ��2 + �0 w 0 ¡�~£�� ¤����4¥ yy � �

��C -1>#!@?%0 ��2 yy $
Wehavetestedouralgorithmonseveralpairsof images.Two
examplesaregiven hereto illustrate the fusion processde-
scribedabove. In both cases,we have chosen

* +´5
and,

when displayingthe images,the gray valuesof the pixels
have beenscaledbetween

�
and �SµSµ (histogramstretching).

Theinput sources�BJ and �%U aredisplayed,respectively, on
theleft andright topof thecorrespondingfigure.For thede-
cisionmaps,pixelswith

�¶+ � ! � aredisplayedin blackand
white, respectively. Thus, accordingto our algorithm, co-
efficientscorrespondingto ‘white regions’ areselectedfrom·

, while coefficientscorrespondingto ‘black regions’arese-
lectedfrom ¸ .

4.2. First experiment

Fig. 3 shows the fusion of imagesobtainedwith different
sensors. Note that in the visual image(Fig. 3, top left) it is
hardto distinguishthepersonin camouflagefrom theback-
ground, while it is clearly observable in the infrared (IR)
image(Fig. 3, top right). In contrast,the easilydiscernible
backgroundin thevisual imageis nearlyundetectablein the
IR image. The first level of the resultingsegmentationand
decisionmapareshown in themiddlerow. Thecorrespond-
ing secondandthird levelsaredisplayedon thebottomleft.
It is interestingto note that, accordingto t �
"#�

and t � � � , al-
thoughmostof thebackgroundis selectedfrom their respec-
tive visual image � �

��J ,

� + � !²5
, the region corresponding

to thepersonis selectedfrom their respective IR image� �

��U ,� + � !²5
. The final fusedimageis depictedat the bottom

right of Fig. 3.

4.3. Secondexperiment

The examplein Fig. 4 illustratesthe usageof fusion in ra-
diotherapy andskull surgery. Here,theinformationprovided
by magneticresonanceimaging(MRI) andX-ray computed

Figure3: First experiment. Top: visual and infrared source im-
ages. Middle: ¹�º²» level of segmentation (left) and decisionmap
(right). Bottom: ¼�½_¾ and ¿3À�¾ level of segmentation (left) and
decisionmap (middle), and fusedimage (right). Source images
are courtesyof AlexanderToet,TNOHumanFactors Institute, The
Netherlands

tomography (CT) is complementary. Normalandpathologi-
calsoft tissuesarebettervisualizedby MRI (Fig. 4, top left),
while thestructureof the tissueboneis bettervisualizedby
CT (Fig. 4, top right). Thefusedimage,depictedat thebot-
tom right of Fig. 4, providessalientinformation from both
imagessimultaneously, which may be usefulfor physicians
in medicaldiagnosis. For this particularexample,we also
show (Fig. 4, bottomleft) thecorrespondingfusedoutputwe
would have obtainedusing a pixel-basedMR fusion algo-
rithm with thesamefusionrules(exceptfor

AÁ+ �
wherewe

useafix
�Â+ ��°�� ) asin theregion-basedalgorithm.

4.4. Discussion

Despitethecrudenessof thecurrentimplementation,thevi-
sualperformanceis surprisinglygood.Thissuggeststhatthe
region-basedapproachproposedherecan at leastbe com-
petitive with (but morelikely outperform)otherMR fusion
techniques.
Furtherinvestigationsarenecessaryfor thefine-tuningof pa-
rametersaswell astheproperselectionof thedifferentingre-
dientsof thescheme.Towardsthis end,performanceassess-
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Figure4: Secondexperiment.Top: MRI and CT source images.
Bottom: pixel-based(left) andregion-based(right) fusedimages.

mentcriteriawill bedevelopedto evaluateanddemonstrate
thecapacitiesof thenew fusiontechnique,aswell asto com-
pareits performancewith othersMR fusionschemes. Tests
will be carriedout basedboth on objective and subjective
criteria.

5. CONCLUSIONS

In this paper, we have introduceda generalframework for
MR imagefusionwhichsupportsbothpixelandregion-based
approaches. The implementationof our algorithmis still in
apreliminarystageandin theexperimentsperformedwedid
notattemptto optimizeits performance.However, theresults
obtainedso far suggestthatour approachmaybeusefulfor
several imagefusion applications.We intendto investigate
this morethoroughlyin thefuture. A substantialpartof our
efforts will be devoted to the designof objective measures
for fusionperformanceassessment.
In thefuturewe alsointendto replacetheMR/MM segmen-
tation by pyramid linking by someotherapproach,suchas
a hierarchicalwatershedalgorithmfrom mathematicalmor-
phology.
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