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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 al so discussed.

1. Introduction

Ophthalmologyis one of the mary medical areasfor
which diagnosisimplies the manipulationand analysisof
alarge numberof imagesevenfor asinglepatient.For in-
stancemassscreeningf diseasedik e diabeticretinopathy
caninvolve afollow-up basednimagesacquiredrrom dif-
ferentmodalities(color or angiography)over mary years.
Large partsof the imageanalysisprocessarestill doneby
handwhich contrituteto increase¢heworkloadfor the oph-
thalmologists. Therefore,ary automaticimage manipula-
tion procedureghat could help reducingthat workload or
evensuggeshen waysto presenthe visualinformationis
of potentialinterest. In this work, we concentrateon two
procedures:temporaland multimodal image registration,
andpixel-level imagefusion.

Ragistrationmethodsanbedividedin four groups:elas-
tic models,Fourier, correlationand point matchingmeth-
ods. Since ophthalmicimage deformationsare mainly
global, elastic model methodsare unnecessary Fourier
methodsare not appropriatebecauseotation and scaling
can be present. Correlation methodshave already been
testedfor unimodalophthalmicimageregistration[3] but
they cannotdealwith local intensityreversalin multimodal
registration. For thosereasonsye proposea point match-
ing methodthat usesblood vesselbifurcationsas control
points. Contraryto Zanaand Klein [9], our methoddoes
notassume monomodalntensityfor thevesseprofile and
is mucheasierto implement.

Imagefusion exploits complementarynformationfrom

differentimagemodalities. The fusedimagemustcontain
all the pertinentinformation of the sourceimageswith no
fusion artifacts. The fusion domainhasbeenlessinvesti-
gatedin ophthalmologythantheregistration.To our knowl-

edge, only one paper[2] presentsa feature-basedusion
methodwhereanatomicalndpathologicafeaturesareex-

tractedfrom scannindaserophthalmoscopenagesandsu-
perpose@nthesamamage.Here,we concentraten pixel-
level imagefusion.

The paperis organizedas follows. Section2 presents
the datasetused. Section3 describeghe registrationtech-
nique we have developedandtested. Section4 describes
theimagefusionmethodsselectedor thecomparisorstudy
In Section5, we discusgthe resultsobtainedon our image
datasetFinally, someconclusionsndfuturework 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
6um/pixel, and(2) imagesacquiredrom adigital low reso-
lution (20pm/pixel) non-mydriaticfundus camera(Canon
CR6-45NM). For the color images,only the greenband
is used. Angiographicimagesare very different from
monochromati®nes:they have a bettercontrastandsome
features(blood vessels microaneurismspare intensity re-
versed.They areusefulto detecieaksandotherarteriesab-
normalities,occludedcapillaries,macularoedemamicroa-
neurismsand neovascularization.Color imagesare useful
to detectexudatesandhemorrhages.

3. Registration

A good imageregistration processrequiresthat a suf-
ficient numberof correspondingcontrol points be present
in both imagesand uniformly distributed. For theserea-
sons,blood vesselbifurcation points are a natural choice.
Our registrationalgorithm hasten parameterga; to aig)
of which sevenaredependenof theimageresolution. The



threeleft arethe mainfree parametersThetransformations
retainedfor the testsarethe similarity, affine and2ndorder
polynomial.

3.1. Control point detection

The control point detectioninvolvestwo steps: retinal
vessekenterlinedetectiorfollowedby bifurcationpointde-
tection. First, a binary imageis createdby performinga
nonuniformillumination compensatiofimagedivided by a
median-filteredversionwith a kernel of size ;) followed
by a Gaussian-CAR thresholdas. Secondsmallcircular
objectslike microaneurismareeliminatedby openingwith
alinearstructuringelemenbf sizeas [8]. Third, vessebey-
mentsare connectedy dilating with a circular structuring
elemenbf sizea,. Fourth,theimageis thinnedandamask
[1] is usedto hide the optic disk. On this monopixel binary
retinal network, bifurcation points are pixels with threeor
four neighbors.Groupsof threeadjacenbifurcationpoints
arefusedbecausdahey correspondo the samebifurcation
point. Bifurcation points dueto small vessels(maximum
lengthas) areeliminated.Pairsof bifurcationpointsformed
by vesselguxtapositionarealsofused(maximumdistance
«g). Finally, anglesof bifurcationpointsurroundingressels
are obtainedby the intersectionbetweernthe vesselsanda
circle of fixeddiameterw; centeredn eachpoint[9].

3.2. Matching and transfor mation

Eachbifurcation point in animageis linked to the bi-
furcationpointsin the otherthatarelocatedinside a given
distanceasg, with the samenumberof surroundingvessels
andadifferencebetweertheangledessthanagiventhresh-
old ag. After this steptherearebifurcation pointswithout
matche®r with uniqueandmutualmatche®r with ambigu-
ousmatchesEachcaseis treateddifferently. First, bifurca-
tion pointswithout matchesareeliminated.Secondunique
andmutualmatchesarenotautomaticallyacceptedecause
they may containoutliers. To eliminate those, similarity
transformationparametersare calculatedfor eachcombi-
nationof a pair of pointsin oneimagewith the matching
pair in the other Thenmeanparameterare obtainedand
appliedto pointsin oneimage. A candidatematchis elim-
inateduntil the distancebetweenthe transformedand ref-
erencepointsis smallerthan a thresholda;o. Remaining
matchesareacceptedThird, for eachambiguousnatchthe
nearesiacceptednatchis identified. This is basedon the
suppositionthat the transformations the sameon a small
imagearea. Thenthe worst candidatematchis eliminated
until thereis only one left (loosertake nothing stratey).
The comparisorcriteria are the distanceandthe anglebe-
tweenmatchingpoints. Thentransformatiorparameterare
recalculatedwith this matchand appliedto pointsin one

image. The matchis acceptednly if the distancebetween
transformedand referencepointsis smallerthan a;q. If
thereare more matcheghanneededo find an exact solu-
tion, the leastmeansquaremethodis usedto estimatethe
transformatiorparameters.

3.3. Registration quality assessment

In the fundusimageliterature, a visual quality assess-
mentof registrationis oftendoneby creatingacheclerboard
of referenceandtransformedmages[3] or by superposing
transformedextractedvesselson thoseof the referencam-
age[2]. Visualevaluationis usefulbut may be insufficient
to compareheregistrationquality for differenttransforma-
tion types.We thusdevelopeda quantitatie criteria.

A goodregistrationis onewith a good superpositiorof
blood vesselcenterline. However retinal networks may be
slightly differentbecausehe sourceimagesaredifferentor
thebloodvesseletectionis incomplete.Thereforethereti-
nal network with lesspixelsis usedasreference.Superpo-
sition is definedaspresencef anothemetwork pixel into
afixed sizewindow centeredn areferencenetwork pixel.
A window of sizeunity correspondso the true superposi-
tion definition. We useda 3x 3 window. The superposition
percentagés theregistrationquality quantitatve criterion.

4. Fusion
4.1. Methods

Rockingerand Fechner[4] have implementedseveral
classicalgrayscalémagefusionmethodgaverage pca,se-
lect maximum,selectminimum, discretewavelettransform
andLaplacian filter-subtract-decimateatio, contrastgra-
dient, morphologicalpyramid) anda shift invariantdiscrete
wavelet transformmethodin a Matlab toolbox. We tested
all thesetwelve methods.

Whenthegrayscaldusioninvolvesatleastonecolorim-
age,the color information contentis lost. To remedythis,
we addedheredandbluebandsof the colorimage(of bet-
terresolutionif morethanonecolorimage)to thegrayscale
fusedimage.However, in grayscaldusion (with or without
addingcolor bands)}hereis no way to tracebacktheimage
informationif one only looks at the fusedimage. This is
why we alsoimplementedcolor imagefusion methodshat
have recently beenproposed:the so-calledTNO [5] and
MIT [7] methods Furthermorecolor fusion providescolor
contrasinformationin additionto thebrilliance contrasin-
formation. The TNO methods afalsecolormappingwhere
the“unique” and“common” component®f thetwo images
areassignedo the RGB bandsaccordingto a specificrule
(seg[5] for details). TheMIT methodis basecdnthehuman
visual systemandis illustratedon Fig. 1. Thefirst stepis a



contrastenhancemerdandnormalizatiorwithin-bandwhile
the secondstepis a between-bandusion. Arrows indicate
which imagefed the centerand which imagefed the sur
roundof the operatorepresentetdy concentriccircles(see
[7] for details).

Figure 1. Fusion architecture .
4.2. Fusion quality assessment

In theliterature,almostall imagefusion evaluationsare
done qualitatvely. For color image fusion it is the only
practicalevaluationmethod.However therearesomeguan-
titative criteria that can be used[6]. Someneedan ideal
fusedimage (root meansquareerror, mutual information,
differenceentropy) while othersdo not (standardieviation,
entropy, crossentropy, spatialfrequeng). We arelimited
to the secondgroup. The standarddeviation and the en-
tropy measureespectiely the contrastandtheinformation
contentin animage. The crossentroy measureshe simi-
larity in information contentbetweenthe sourceandfused
images. For the qualitative evaluation,we consideredhe
following criteria: naturalappearancebrilliance contrast,
presencef complementaryeaturesgnhancemeraf com-
monfeaturesandcolor contrastfor colorimages.

5. Results
5.1. Registration

Theregistrationalgorithmhasbeentestedon five image
pairsof patientswith diabeticretinopathy Fig. 2 givesan
example of a pair of sourceimagesand shavs the result
of theretinal network and control point detection. On av-
erageon eachimagepair, 53 control points have beende-
tectedand 16 good matcheshave beenfound. Considering
that all the outliersandall the good matcheshave always
beenidentified, the matchingalgorithm is very efficient.
Fig. 3 shaws an exampleof registrationresult. On aver
agetheregistrationquality is 15% (notransformation)61%
(similarity transformation)66% (affine transformationjand
65% (polynomialtransformation)We recallthatto obtaina
100% scoreall pixelsof thereferenceaetinalnetwork must
be presentin the other network (which is highly unlikely)
andbewithin aonepixel distance.

Figure 2. Color non-mydriatic and reversed an-

giographic images, retinal networks, and contr ol
points (circles).

5.2. Fusion

Fusionalgorithmshave beentestedon the imagepair in
Fig. 2. For fusiontests,we choosethe affine transforma-
tion sinceit gave the “best” quality for our datasetFor the
multiresolutionmethodswve obtainedestresultswith seven
decompositiorievels, salience/matcimeasurdor highpass
coeficient combination,and sourceimageaveragefor the
lowpasscoeficient combination(see[4]). Table1 shavs
the threebestfusion methodsfor eachevaluationcriterion.
Selectmaximumis the bestmethodaccordingto the stan-
darddeviation, but the fusedimagedoesnot have a natural
appearancend importantdark features(microaneurisms,
hemorrhagesare missing. For the two other criteria, the
firsttwo positionsaredisputedoy thediscretevavelettrans-
form andits shift invariantextension(Fig. 4, top-left). The
imageslook like the angiographidmagebecausét hasthe
bettercontrastand exhibits much details. The monochro-
matic imagemainly contributesto enhancehe optic disk,
lasertreatmentspots(bright round spotsin the lower-left
region) andthe the exudatesthat are not presentin the an-
giographicimage(bright lesionsin the uppetright region).
We have alsoobsenedthat for the standarddeviation cri-
terion, the bestfusedresultis worst thanthe angiographic
sourceimage. For the entropy criterion, the worst fused
resultis betterthanthe angiographicsourceimage. Soin
fusingimagewe lost a little contrastbut gainalot in infor-
mationcontent.

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



red and blue bandsof the color image. This givesrealis-
tic yellow color to the optic disk, exudatesandlasertreat-
mentspots.In addition,choroidred streaksbecomeappar

ent. Bottompartof Fig. 4 shovs examplesof the TNO and
MIT fusion methods. Fusedimagesare similar sincethe
TNO methodis an approximationof the MIT one. All the
brilliance contrasinformationof thegrayscaldusedimage
is presentandonecantracebackthe informationfrom the
color contrast.However we losethe naturalcolor informa-
tion (yellow lesions,red streaks).A more detaileddiscus-
sionaboutTNO andMIT fusionresultswill bereportedin

thenearfuture.

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

| Standard deviation | Entropy | Crossentropy ]

maximum sidwt dwt
morphological dwt sidwt
laplacian laplacian contrast

Table 1. Best fusion methods for each criterion.
6. Conclusions

We proposedan algorithmfor the temporaland multi-
modal registration of low and high resolutionretinal im-
ageswhich canbe usedfor any globaltransformatiortype.
We alsointroduceda quantitatveregistrationquality assess-
ment. We investigatedwelve grayscaleandtwo color fu-
sionmethodsandevaluatedhemqualitatively andquantita-
tively. We planto furthertestthe registrationalgorithmand
someof thefusionmethodson 8 additionalimagepairslike
thoseusedin this studyand28 groupsof imagesgachcom-
posedof acolorand3fluoresceirangiographymagegaken
at early, middle andlate stagespf variousretinal diseases.
Resultswill bereportedn thenearfuture.
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