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Abstract

We present a new method to register high and low res-
olution color images of the retina as well as high resolu-
tion angiographies. The registration method is based on
global point mapping with blood vessel bifurcations as con-
trol points. We also present results of various image fusion
algorithms to determine the most appropriate one. Regis-
tration and fusion quality assessment is also discussed.

1. Introduction

Ophthalmologyis one of the many medical areasfor
which diagnosisimplies the manipulationand analysisof
a largenumberof images,evenfor a singlepatient.For in-
stance,massscreeningof diseaseslike diabeticretinopathy
caninvolvea follow-upbasedon imagesacquiredfrom dif-
ferentmodalities(color or angiography)over many years.
Largepartsof the imageanalysisprocessarestill doneby
handwhichcontributeto increasetheworkloadfor theoph-
thalmologists. Therefore,any automaticimagemanipula-
tion proceduresthat could help reducingthat workloador
evensuggestnew waysto presentthevisual informationis
of potentialinterest. In this work, we concentrateon two
procedures:temporaland multimodal imageregistration,
andpixel-level imagefusion.

Registrationmethodscanbedividedin four groups:elas-
tic models,Fourier, correlationandpoint matchingmeth-
ods. Since ophthalmic image deformationsare mainly
global, elastic model methodsare unnecessary. Fourier
methodsare not appropriatebecauserotation and scaling
can be present. Correlationmethodshave alreadybeen
testedfor unimodalophthalmicimageregistration[3] but
they cannotdealwith local intensityreversalin multimodal
registration. For thosereasons,we proposea point match-
ing methodthat usesblood vesselbifurcationsas control
points. Contraryto ZanaandKlein [9], our methoddoes
notassumeamonomodalintensityfor thevesselprofileand
is mucheasierto implement.

Imagefusionexploits complementaryinformationfrom

different imagemodalities. The fusedimagemustcontain
all the pertinentinformationof the sourceimageswith no
fusion artifacts. The fusion domainhasbeenlessinvesti-
gatedin ophthalmologythantheregistration.To ourknowl-
edge,only one paper[2] presentsa feature-basedfusion
methodwhereanatomicalandpathologicalfeaturesareex-
tractedfrom scanninglaserophthalmoscopeimagesandsu-
perposedonthesameimage.Here,weconcentrateonpixel-
level imagefusion.

The paperis organizedas follows. Section2 presents
thedatasetused.Section3 describestheregistrationtech-
nique we have developedand tested. Section4 describes
theimagefusionmethodsselectedfor thecomparisonstudy.
In Section5, we discussthe resultsobtainedon our image
dataset.Finally, someconclusionsandfuturework aregiven
in thelastsection.

2. Data set

The datausedin the presentstudy are (1) imagesac-
quired from a mydriatic fundus camera,with and with-
out fluoresceininjection, and digitized to a resolutionof
6� m/pixel, and(2) imagesacquiredfrom adigital low reso-
lution (20� m/pixel) non-mydriaticfunduscamera(Canon
CR6-45NM). For the color images,only the greenband
is used. Angiographic imagesare very different from
monochromaticones:they have a bettercontrastandsome
features(blood vessels,microaneurisms)are intensity re-
versed.They areusefulto detectleaksandotherarteriesab-
normalities,occludedcapillaries,macularoedema,microa-
neurismsandneovascularization.Color imagesareuseful
to detectexudatesandhemorrhages.

3. Registration

A good imageregistrationprocessrequiresthat a suf-
ficient numberof correspondingcontrol pointsbe present
in both imagesand uniformly distributed. For theserea-
sons,blood vesselbifurcation pointsarea naturalchoice.
Our registrationalgorithmhasten parameters( ��� to ���
	 )
of which sevenaredependentof the imageresolution.The



threeleft arethemainfreeparameters.Thetransformations
retainedfor thetestsarethesimilarity, affine and2ndorder
polynomial.

3.1. Control point detection

The control point detectioninvolves two steps: retinal
vesselcenterlinedetectionfollowedby bifurcationpointde-
tection. First, a binary imageis createdby performinga
nonuniformilluminationcompensation(imagedividedby a
median-filteredversionwith a kernelof size ��� ) followed
by a Gaussian-CFAR threshold��� . Second,small circular
objectslikemicroaneurismsareeliminatedby openingwith
alinearstructuringelementof size �� [8]. Third, vesselseg-
mentsareconnectedby dilating with a circular structuring
elementof size ��� . Fourth,theimageis thinnedandamask
[1] is usedto hidetheoptic disk. On this monopixel binary
retinal network, bifurcationpointsarepixels with threeor
four neighbors.Groupsof threeadjacentbifurcationpoints
arefusedbecausethey correspondto the samebifurcation
point. Bifurcation points due to small vessels(maximum
length ��� ) areeliminated.Pairsof bifurcationpointsformed
by vesselsjuxtapositionarealsofused(maximumdistance
��� ). Finally, anglesof bifurcationpointsurroundingvessels
areobtainedby the intersectionbetweenthe vesselsanda
circleof fixeddiameter��� centeredon eachpoint [9].

3.2. Matching and transformation

Eachbifurcation point in an imageis linked to the bi-
furcationpointsin theotherthatarelocatedinsidea given
distance��� , with the samenumberof surroundingvessels
andadifferencebetweentheangleslessthanagiventhresh-
old ��� . After this steptherearebifurcationpointswithout
matchesorwith uniqueandmutualmatchesorwith ambigu-
ousmatches.Eachcaseis treateddifferently. First,bifurca-
tion pointswithout matchesareeliminated.Second,unique
andmutualmatchesarenotautomaticallyacceptedbecause
they may containoutliers. To eliminate those,similarity
transformationparametersare calculatedfor eachcombi-
nationof a pair of points in one imagewith the matching
pair in the other. Thenmeanparametersareobtainedand
appliedto pointsin oneimage.A candidatematchis elim-
inateduntil the distancebetweenthe transformedandref-
erencepoints is smallerthana threshold ���
	 . Remaining
matchesareaccepted.Third, for eachambiguousmatchthe
nearestacceptedmatchis identified. This is basedon the
suppositionthat the transformationis the sameon a small
imagearea. Thenthe worst candidatematchis eliminated
until thereis only one left (looser take nothing strategy).
The comparisoncriteria arethe distanceandthe anglebe-
tweenmatchingpoints.Thentransformationparametersare
recalculatedwith this matchand appliedto points in one

image.Thematchis acceptedonly if thedistancebetween
transformedand referencepoints is smaller than ���
	 . If
therearemorematchesthanneededto find an exact solu-
tion, the leastmeansquaremethodis usedto estimatethe
transformationparameters.

3.3. Registration quality assessment

In the fundusimageliterature,a visual quality assess-
mentof registrationisoftendonebycreatingacheckerboard
of referenceandtransformedimages[3] or by superposing
transformedextractedvesselson thoseof thereferenceim-
age[2]. Visualevaluationis usefulbut maybe insufficient
to comparetheregistrationquality for differenttransforma-
tion types.We thusdevelopeda quantitativecriteria.

A goodregistrationis onewith a goodsuperpositionof
blood vesselcenterline.However retinal networks may be
slightly differentbecausethesourceimagesaredifferentor
thebloodvesseldetectionis incomplete.Thereforethereti-
nal network with lesspixelsis usedasreference.Superpo-
sition is definedaspresenceof anothernetwork pixel into
a fixedsizewindow centeredon a referencenetwork pixel.
A window of sizeunity correspondsto the true superposi-
tion definition. We useda 3 � 3 window. Thesuperposition
percentageis theregistrationqualityquantitativecriterion.

4. Fusion

4.1. Methods

Rockingerand Fechner[4] have implementedseveral
classicalgrayscaleimagefusionmethods(average,pca,se-
lect maximum,selectminimum,discretewavelettransform
andLaplacian,filter-subtract-decimate,ratio, contrast,gra-
dient,morphologicalpyramid)anda shift invariantdiscrete
wavelet transformmethodin a Matlab toolbox. We tested
all thesetwelvemethods.

Whenthegrayscalefusioninvolvesat leastonecolor im-
age,the color informationcontentis lost. To remedythis,
we addedtheredandbluebandsof thecolor image(of bet-
ter resolutionif morethanonecolor image)to thegrayscale
fusedimage.However, in grayscalefusion(with or without
addingcolor bands)thereis no way to tracebacktheimage
information if oneonly looks at the fusedimage. This is
why we alsoimplementedcolor imagefusionmethodsthat
have recentlybeenproposed:the so-calledTNO [5] and
MIT [7] methods.Furthermore,color fusionprovidescolor
contrastinformationin additionto thebrilliancecontrastin-
formation.TheTNO methodis afalsecolormappingwhere
the“unique” and“common”componentsof thetwo images
areassignedto theRGB bandsaccordingto a specificrule
(see[5] for details).TheMIT methodis basedonthehuman
visualsystemandis illustratedon Fig. 1. Thefirst stepis a



contrastenhancementandnormalizationwithin-bandwhile
thesecondstepis a between-bandfusion. Arrows indicate
which imagefed the centerandwhich imagefed the sur-
roundof theoperatorrepresentedby concentriccircles(see
[7] for details).
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Figure 1. Fusion architecture .

4.2. Fusion quality assessment

In the literature,almostall imagefusionevaluationsare
donequalitatively. For color image fusion it is the only
practicalevaluationmethod.However therearesomequan-
titative criteria that can be used[6]. Someneedan ideal
fusedimage(root meansquareerror, mutual information,
differenceentropy) while othersdo not (standarddeviation,
entropy, crossentropy, spatialfrequency). We are limited
to the secondgroup. The standarddeviation and the en-
tropy measurerespectively thecontrastandtheinformation
contentin an image.Thecrossentropy measuresthesimi-
larity in informationcontentbetweenthe sourceandfused
images. For the qualitative evaluation,we consideredthe
following criteria: naturalappearance,brilliance contrast,
presenceof complementaryfeatures,enhancementof com-
monfeatures,andcolor contrastfor color images.

5. Results

5.1. Registration

Theregistrationalgorithmhasbeentestedon five image
pairsof patientswith diabeticretinopathy. Fig. 2 givesan
exampleof a pair of sourceimagesand shows the result
of the retinal network andcontrol point detection.On av-
erageon eachimagepair, 53 control pointshave beende-
tectedand16 goodmatcheshave beenfound. Considering
that all the outliersandall the goodmatcheshave always
beenidentified, the matchingalgorithm is very efficient.
Fig. 3 shows an exampleof registrationresult. On aver-
agetheregistrationquality is 15� (notransformation),61�
(similarity transformation),66� (affinetransformation)and
65� (polynomialtransformation).Werecallthatto obtaina
100� score,all pixelsof thereferenceretinalnetwork must
be presentin the othernetwork (which is highly unlikely)
andbewithin aonepixel distance.

Figure 2. Color non-m ydriatic and reversed an-
giographic images, retinal netw orks, and contr ol
points (cir cles).

5.2. Fusion

Fusionalgorithmshave beentestedon the imagepair in
Fig. 2. For fusion tests,we choosethe affine transforma-
tion sinceit gave the“best” quality for our dataset.For the
multiresolutionmethodsweobtainedbestresultswith seven
decompositionlevels,salience/matchmeasurefor highpass
coefficient combination,andsourceimageaveragefor the
lowpasscoefficient combination(see[4]). Table1 shows
the threebestfusionmethodsfor eachevaluationcriterion.
Selectmaximumis the bestmethodaccordingto the stan-
darddeviation, but thefusedimagedoesnot have a natural
appearanceand importantdark features(microaneurisms,
hemorrhages)are missing. For the two other criteria, the
first two positionsaredisputedby thediscretewavelettrans-
form andits shift invariantextension(Fig. 4, top-left). The
imageslook like theangiographicimagebecauseit hasthe
bettercontrastandexhibits muchdetails. The monochro-
matic imagemainly contributesto enhancethe optic disk,
laser treatmentspots(bright round spotsin the lower-left
region) andthe the exudatesthatarenot presentin the an-
giographicimage(bright lesionsin theupper-right region).
We have alsoobserved that for the standarddeviation cri-
terion, the bestfusedresult is worst thanthe angiographic
sourceimage. For the entropy criterion, the worst fused
result is betterthanthe angiographicsourceimage. So in
fusing imagewe lost a little contrastbut gaina lot in infor-
mationcontent.

Top-right part of Fig. 4 shows the resultof addingthe



red andblue bandsof the color image. This givesrealis-
tic yellow color to the optic disk, exudatesandlasertreat-
mentspots.In addition,choroidredstreaksbecomeappar-
ent. Bottompartof Fig. 4 showsexamplesof theTNO and
MIT fusion methods. Fusedimagesare similar sincethe
TNO methodis an approximationof theMIT one. All the
brilliancecontrastinformationof thegrayscalefusedimage
is presentandonecantracebackthe informationfrom the
color contrast.However we losethenaturalcolor informa-
tion (yellow lesions,red streaks).A moredetaileddiscus-
sionaboutTNO andMIT fusionresultswill bereportedin
thenearfuture.

Figure 3. Color (red) and angiographic registered
images with no and affine transf ormation.

Standard deviation Entropy Cross entropy

maximum sidwt dwt
morphological dwt sidwt

laplacian laplacian contrast

Table 1. Best fusion methods for each criterion.

6. Conclusions

We proposedan algorithm for the temporaland multi-
modal registrationof low and high resolutionretinal im-
ageswhich canbeusedfor any global transformationtype.
Wealsointroducedaquantitativeregistrationqualityassess-
ment. We investigatedtwelve grayscaleandtwo color fu-
sionmethodsandevaluatedthemqualitatively andquantita-
tively. We planto furthertesttheregistrationalgorithmand
someof thefusionmethodson8 additionalimagepairslike
thoseusedin thisstudyand28groupsof images,eachcom-
posedof acolorand3 fluoresceinangiographyimagestaken
at early, middleandlatestages,of variousretinaldiseases.
Resultswill bereportedin thenearfuture.
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