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Abstract

Methodsare presentedor increasingthe coverage and
accuracy of image mosaicsconstructedrom multiple, un-
calibrated,weak-pespectiveviewsof thehumanretina. Ex-
tendingour previousalgorithmfor registeringpairs of im-
age usinga non-irvertible, 12-parameterquadmatic image
transformatiormodelanda hierarchical, robustestimation
technique twoimportantinnovationsare presented(1) The
firstis a linear, non-iterative methodfor jointly estimating
thetransformation®f all imagesontothemosaic.Thisem-
ploys constaints derivedfrom pairwise matding between
thenon-mosaidémage frames.t allowsthetransformations
to be estimatedor imagesthat do not overlap the mosaic
andor frame and resultsin mutually consistentransfor
mationsfor all images. This meansthe mosaicscan cover
a mud broaderareaof theretinal surface eventhoughthe
transformatiomrmodelis notclosedundercompositionThis
capability is particularly valuablefor mosaicingthe reti-
nal peripheryin the context of diseasesuct asAIDS/CMV
(2) Thesecondinnovationis a methodto improve the ac-
curacy of the pairwisematthesas well asthe joint estima-
tion byrefiningthefeatuie locationsandby addingnew fea-
turesbasednthetransformatiorestimateshemselved-or
matding image framesof size 1024x 1024 this cutsthe
registration error from the range of 1 to 3 pixelsto about
0.55 pixels. Theoverall transformationerror in final mo-
saic constructionis 0.80 pixelsbasedon experimentsover
alarge setof eyes.

1 Intr oduction

Building a mosaicimage from a sequenceof partial
views is a powerful meansof obtaininga complete,non-
redundanview of asceng11]. Oneapplicationdomainin
which mosaicsare particularly valuableis ophthalmology
[4, 12, 3,7]. A seamlessnosaicformedfrom multiple fun-
duscameramagesaidsin diagnosisprovidesa meansfor
monitoringthe progresoof diseasesand may be usedasa
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spatialmapduringsumgical treatmentWe arecurrentlyde-
signinga real-timecomputevision systemto continuously
determindghelocationof alaserwith referenceo theretinal
mosaicduringlaserretinal suigery. This capability known
asspatialrefeencing allows automatictreatmenimonitor
ing, spatialdosimetry andsafetyshutofs whenthe laseris
aimedincorrectly This candramaticallyimprove thetreat-
mentof mary of the leadingcauseof blindnessaffecting
tensof millions of patients[21]. Constructingan accurate
mosaicis thereforeanimportantmilestonein this project.

In recently publishedwork [6], we describeda retinal
mosaicconstructiormethodbasedon pairwiseregistration
of retinalimageswith a centralanchorimage. Theregistra-
tion algorithm usesa 12-parameteimage-to-imagerans-
formation modelthat accountsfor the unknowvn curvature
of the retinal surface. The algorithm is feature-basedo
accountfor viewpointdependentnon-uniformillumination
andto toleratdargehomogeneousnageregions,especially
thosenearthe retinal periphery The estimationalgorithm
usesa hierarchyof transformatiormodelsandrobust esti-
mationtechniquesThis allows registrationof imageswith
relative low overlapandensuresheaccurag of theresults.
The imagesare 1024x 1024, but individual blood vessels
may subtendmageregionsonly 4-5 pixelswide. Registra-
tion errorssmallerthana pixel areneededo producecrisp
mosaicsndto ensureaccuray in the spatialreferencing A
mosaicformed by registeringa pair of imagesis shavn in
Figurel.

2 Motivation for Joint Estimation

Unfortunately pairwiseregistrationof imagess not suf-
ficient for constructinga mosaicwith the broadestpossi-
ble coverageof theretinal surface. Both the technicaland
application-specificeasondor this canbe bestunderstood
by consideringhow the mosaicis formed. The physician
first choosesan image (the “anchorimage”) on which to
build the mosaic.Thisimagemay be arywhereon thereti-



Figure 1: A mosaicof two retinalfundusimagescombinedusing
the pairwiseregistrationtechnique.

Figure 2: Whenthe transformatiorof eachof the two imagesin

Figure 1 onto a third (anchor)imageis computedndependently
theresultingmosaicis not seamlessgspeciallyoutsidethe region

of overlapwith the anchorimage. SeeFigure 3 for an expanded
view of theoutlinedregion.

nal surface ideally centerednaregion of medicalinterest.
Next, the retinais imagedin a seriesof views nearand, if
possible surroundingthe anchor For eachview the trans-
formationto the anchorimageis computed. The pairwise
transformationsare thenappliedto the imagesandthe re-
sultsarecombinedo form themosaiqFiguresl through4).
Whenthe transformatioronto the anchorimageis esti-
matedseparatelfor eachimage,two problemsarise.

Non-overlapping images: Someimagesmay not overlap
theanchorimageat all, makingdirect computatiornof
thetransformatioimpossible Thestraightforvardso-
lution is to composetransformationsising an “inter-

Figure 3: Blow-up of regionsfrom Figure 2 (left) and Figure 4
(right) shawving the advantagesof the joint solution. The ghost-
ing artifactshave disappeareth the joint solutionmosaicandthe
detailsaremuchsharper

Figure4: In contrastwith theresultin Figure2, joint estimationof
the transformationaising constraintsfrom the pairwisematching
shavn in Figure 1l producesa seamlessnosaic. SeeFigure3 for
anexpandedview of theoutlinedregion.

mediate”image,but this is problematic:the transfor
mationmodelis not closedundercompositionand,in
ary casecompositiorof transformationsnagnifieser-
rors[15, 17].

Mutually inconsistenttransformations: The other prob-
lem arisesevenfor imagesthatoverlaptheanchorim-
age. Eachimagemay individually registeraccurately
with theanchorimageandthenon-anchoimagesmay
evenregisteraccuratelywith eachother, but this does
not ensurethat the transformationsonto the anchor
framesare mutually consistent!Figures2 and3 illus-
tratethis.

The solutionproposedn this paperis to jointly estimate



the transformationsof all imagesonto the anchorimage
by exploiting constraintsestablishedhroughmatchingthe

non-anchorimagesto eachother Relying heavily on the

effectivenesof our currentpairwiseregistrationalgorithm,
the joint solutionis linear and non-iteratize. It works for

imageghatdonotoverlaptheanchorimage.Thetechnique
is relatedto the methodsin [15, 17], but is simpleryet ex-

tremelyaccurate.The effectivenesof the joint solutionis

illustratedin Figures3 and4.

Additionally, two new techniquesareintroducedin this
paperto increasethe accurayg of pairwiseregistrationand
the efficiency of the overall solution. Thefirst is a subpixel
refinemenbf featurepositionsduring pairwiseregistration.
The methodaccountdor non-lineardistortionsinducedby
the quadratictransformation. This is especiallyimportant
for registeringrelatively featurelessmagestaken from the
peripheryof theretina. Theseconds atechniquédor choos-
ing which imagesto matchpairwise. The goal is to avoid
unnecessargomputationwhile still providing enoughcon-
straintsfor joint estimation. The overall resultsareillus-
tratedin Figure5 usinganchorframeson the peripheryof
theretina.

3 Pairwise Registration

This sectionsummarize®ur currenttechniquefor com-
putingimage-to-imagépairwise)transformation$6].
3.1 Transformation Model

In theimage-to-imagéransformatioomodel theretinais
modeledasa quadraticsurface. Rigid transformationde-
tweenviewpointsareassumedandthe camerasare weak-
perspectie. Let I, be oneimageframe,let |, bethe refer
enceimageframe,andletp  xy ' beapixel locationin
In. Let

Xp Ixyx®xyy " (1)

Then,combiningcamerasurface,andmotionassumptions
yieldsthetransformedixel locationp in framel,:

p O©Xp 2)

where© is a 2 x 6 parametematrix. This model gener
alizesearlieraffine, planaror purerotation motion models
usedin othermosaicconstructionwork [11, 18, 15]. It is
thesecond-ordefaylor expansiorof thegenerainterframe
mappingfunction; the usualaffine transformatiormodelis
the first-orderexpansion. Note that it is not closedunder
compositionandit is notinvertible.
3.2 Robust, Hierar chical Estimation of ©
Giventwo images,the 12 parameter®f © canbe esti-
matedusinga hierarchicalfeature-basetechniquethatsi-
multaneouslyestimateghe transformatiornparametersand
the feature correspondences.Thesecorrespondenceare
crucial for jointly estimatingthe final image-to-mosaic

Figure5: Two mosaic§ormedfrom thesamesetof 9images.The
top mosaicusegheleftmostimageastheanchor Thebottomuses
therightmostimage.Theseshav theability of thejoint solutionto

createmosaicscovering a large region of theretina. SeeFigure6

for moreexamples.

transformation.The featuresare branchingand cross-oer
pointsof the retinal vasculaturegetectedisinga recursve
vasculattracingandintersectiordetectiomalgorithm[5].
Matching landmarksand estimatingthe parametersf

the quadratictransformationmodel requiresspecialcare.
At least six correct matchesare required, but the land-
marksare not particularly distinguishabldrom eachother
locally becausemary have similar orientationsand back-
grounds[13]. Furthermore theremay be relatively small
overlap betweenimages. Togethey theseimply that there
will be mary differentpossiblematchedor eachlandmark,
and mary landmarksmay have no correctmatchesat all.



This makes matchingand transformationestimationsub-
stantiallymoredifficult thaneitherrelatedrobustmatching
problems[19, 20], or previous mosaicconstructionprob-
lems,which usea lower dimensionatransformatiormodel
[11, 15] andusuallyassumegreateioverlapbetweerimages
(except,se€[2, 15)).

Theestimatiormethods hierarchicahndusesobustes-
timationat eachstage.Initially, just atranslatiorvector to,
is estimated. This representshe 0" order transformation
model of the form Tq p;to p to. Lettheinitial vas-
culaturelandmarksetsfrom the two imagesbe denotedP
andQ, with Np andNg pointsrespectrely. Form aninitial
correspondencsetthatincludesall possiblematches,.e.
Co P x Q. Eachmatchyieldsanestimateof tg. All esti-
matesarecombinedn a coarseweightedhistogramwhose
peakdeterminesheestimately. Thematchesiearthe peak
form areducedcorrespondenceetCi.

Thenext level of the hierarchyestimatesan affine trans-
formationTy p; t1 p ti1, usinga variationon the
least-mediarof squareslgorithm(LMS) [14]. LetP; P
containthe featuresfrom I, having at leastone matchin
Ci,andforeachp PiletCyp g pqgqg Ci.Note
thatif the overlapbetweenimagesis small, the setP; will
be muchsmallerthanP. The LMS estimateof the affine
parameterss

t; amgminmedian min q p t12 (3)
ty pPL gCip

Minimization is accomplishedhrougha randomsampling

techniqud8, 14] modifiedto requirethatthe matchescho-

sento form minimal subset$iave no commonfeatures.
The final level of the hierarchyestimateshe quadratic

transformation,T, p;®  ©X p , usingan M-estimator

[9]. Thesimpleform of thisis

o argmianp g OXp O 4)
© pPy

whereq; is the bestmatchfor p; basedon the estimated
affine transformation,p is a “robust loss function” that

grows subguadraticallyand 6 is a robust scaleestimate.
Minimization involvesaniterative reweightedleastsquares
technique[10], with weightfunctionwu p u u. We

usethe Tukey biweight[1], which forcesweightsto 0 for

largevaluesof u. Thisallows usto enhanceheformulation

in (4) to reconsiderll possiblematchesnot just the clos-

estonesasdescribedn Eqn.4. Rolustweightsarescaled
by image-basetheasuresf similaritiesbetweermatching
featuresThebestmatch,if ary, for eachlandmarkp; is se-

lectedwhenthe minimizationcornverges.Resultsusingthis

techniqueareshownin Fig. 1.

4 Feature RefinementTechniques
Accurate pairwise registration requiresrepeatabilityin
detectedfeature locations (see discussionin [16]), espe-

cially when few feature matchesare available. Unfortu-

nately due to illumination differences,viewpoint differ-

encesandnoise,the samefeaturein two differentimages
canvary in its detectedocation (after registration)by sev-

eral pixels. lllumination, viewpoint, and noise can also
causeanisseddetectionof featuresfurtherreducingthe cor-

respondenceet. Fortunately as the pairwiseregistration
converges thetransformatiorestimatecanbe usedto refine
featurelocationsanddetectnew feature417].

4.1 Location Refinement

Let I, and I, be the two images;let ©mn be the esti-
matedtransformation;let pmi and pnj be corresponding
featurelocations;and let Pn OmnX pmi bethetrans-
formedfeaturelocationin imagel,. Theideais to apply
émn to transforma region Ry of Iy surroundingpm into
I, andthensearchor the locationin I, nearp, thatmin-
imizes the sum-of-squared-diérerces(SSD) betweenthe
transformedregion andthe imageregion surroundingpy, ;
in In. Localintensitynormalizationin eachimageis usedto
correctfor illumination differences.

The mostimportantquestionis how to transformthein-
tensitiesbetweenthe images. The simplestmethodwould
betoignorethenon-lineawarpinginducedby thequadratic
transformation. In effect, this translatessachpixel in re-
gion Ry by (:)mnX Pmi  Pmi- Weusedthis methodin our
earlierwork. Thistendsto reducethetransformatiorerror,
measuredstheaveragedistancebetweerp,, ; andpy j from
about3.5pixelsto aboutl.8 pixels.

We can do substantiallybetter by using the estimated
transformatiorto warptheimageregion Ry, ;. Thisrequires
re-centeringhe transformatiorat pmi andusingan affine
approximation.This givesaninvertible mappingwhich can
thenbe usedto transformregion Ryi. To seehow, first de-
composéy, into

@mn tmn mn mn

wheretmn, mnand mpare2x 1,2 x 2 and2 x 3, respec-
tively, andgive the 0", 18 and2"® ordertermsof thetrans-
formation(seeEquationsl and?). For ary pointp Xy
nearpmi, letpmi X yi ' andletp p pmi Xy |
bethere-centereghoint. Then,aftersomemanipulation

é)mnx p c:)mnx Pmi P
i 2 0 « X 2
OmnX Pmi i X y Xy
0 2y y 2
Pn j p

This affine approximationis accuratebecause is small.
The inversetransformationfor p nearpy, ; is ! p

Pnj  Pmi.



Usingthis affine approximationandits inverse refining
featurepositionsis straightforward. Definea W x W win-
dow, centerecat p, ; in the targetimagel,. W canbe es-
tablishedastwice the pixel width of the vessels.For each
pixel locationin this window, inversemapthelocationinto
Im, andusebilinear interpolationto estimatethe intensity
Onceall pixel locationshave beenmappedgcenterandnor-
malizethe intensityvalues. Then, shift the window over a
2U x 2U regioncenteredatp, ; to minimizethenormalized
SSD.Useparabolidnterpolationto obtainsubpixel position
accurag in both dimensions.This becomeghe new loca-
tion for pn j. Thesearchwindow sizeU canbe determined
from thefitting errorof the currenttransformatiorestimate.
4.2 Adding Features

A similar methodcan be usedto detectadditionalfea-
ture positionsandform new matches.For eachunmatched
featurelocationpp i in imagelny, calculatea centeredaffine
approximatiorandthenusethe normalizedSSDtechnique
to searchfor the bestmatcharound®mX pmi . For un-
matchedeaturelocations,py j, thefirst stepis to calculate
a quadratictransformationestimate®ny, by reversingthe
rolesof the correspondencesThen,featurematchingpro-
ceedsasbefore.

Once feature positions have been refined and new
matchesadded,a more accurateestimateof the quadratic
parametermatrix ©m, may be calculatedusing the M-
estimatortechniquedescribedbore. Overall,thecombina-
tion of featurepositionrefinementandthe additionof new
featuresreducesthe averagetransformationerror to about
0.55pixels.

5 Joint Estimation of the Transformations

Givenanancholimage,lg, onwhichto build themosaic,
we needto calculatethe quadratictransformationsfrom
the remainingimages, |1 In, onto the coordinatesys-
temof lp. In otherwords,the goalis to estimatetransfor
mationparameter®; o Ono- Thejoint solutionuses
correspondencdsetweemon-anchoimagesin estimating
O10 Ono. For example,correspondencesbtainedby
successfullymatchingl; and|; are usedto constrainG; o
and©j . Thisturnsout to be surprisinglyeasyto do and
resultsin a linear solutionfor the estimationproblem. On
the otherhand,it alsointroducesthe additionalproblemof
choosingwhichof theO N2 pairsof imagesto matchpair-
wise. This problemis addressedfter presentinghe linear
solution.
5.1 Notation

As above, let theimageindicesbemn 01 N .
In our application,the choiceof anchorimage, lg, will be
madeby the ophthalmologistusuallyto centerthe mosaic
onpathologicalegionsof greatesinterest.Let beasetof

1This is onemeandor inverting the quadratictransformation |t is not
sufficiently accuratéor final mosaicconstruction.

pairsof imageindices,where m n if a pairwisecor-
respondencbetweenm andn was successfullyestimated.
Assumethe pairs m n are orderedso that I, maps

onto I, andthatif mn then nm . More re-
strictionson arediscussedelon. Finally, let ¢ m
mO0 betheindicesof imagesmatchedo theanchor
frame,andlet ; mn mn andmn O bethe
pairsof non-anchoimagematches.

We turn now to the matchesthemseles. For each
mn ,let  mn bethe setof correspondindeature

indices. In otherwords, i j m n if the featureat
Pmi in Im correspondgo the featureat pyj in Ih. These
featurepositionsarerefined, however, during the pairwise
matching,andno effort is madeto enforceconsisteng. As
aresult,in matchinglm to Iy, pn j couldberefinedoneway,
while in matchingly to I, pn j couldberefinedin aslightly
differentway. We usepp,; andpy; to denoterefinedfea-
ture positions,althoughonly oneof thetwo will bealtered.
(Notethatpp,; will only be“modified” if it is newly addedo
thefeaturesetduringrefinement.)Finally, let wmn; j bethe
final robustweightfor the matchingpair, scalecby 1 ¢2,,,,
whereonn, is the robust scaleestimate. This ensureghat
lessreliable matchesindividually and lessreliable corre-
spondencaetsoverall receve lower weights.
5.2 Linear Solution

Thejoint solutionerrorfunctionto be minimizedis

O10 Ono 5)
Wmoi j OmoX Pmi  Pgj
m g ij mOo
> Y Wmnij OmoX PR ©noX pRy
mn 1 ij mn

The first summationincludes the individual image-to-
mosaicconstrainterms. The secondsummatiorrepresents
the couplingfrom pairwiseconstraints.Imagesl, thatdid
not matchthe anchorimagepairwiseonly contrituteto the
secondsummation.

Minimizing toestimated1 o Onoisalinearprob-
lem. Thiscanbeseerby calculatingthederivativeof — with
respecto eachtermin each®; ¢. Estimationof thetermsin
the 1% row of the parametematrices®; o canbe separated
from estimationof the termsin the 2" row. Eachestima-
tion requiresthe inverseof the same6N x 6N matrix. An
exampleresultfrom the joint solutionwasshowvn earlierin
Figure4.

This techniqueworks becausexplicit correspondences
are establishedbetweenfeaturesof the imagesthat are
matchedpairwise and becausea quadratictransformation
is estimatedfor eachimageto map featuresfrom all im-
agesinto acommonreferencerame. This makesthe joint
estimationtechniquesubstantiallydifferentfrom the global
refinementmethodin [15], thoughsimilar to the feature-
basednon-lineamethodfor panoramianosaicsn [17].



To helpillustratethe methodfurther, hereis a brief sum-
mary of two relatedtechniquesthat we considered. The
first depend®n establishingequivalenceclasse®f features
acrossall N 1 images. For eachfeatureof eachimage,
all locationsin all imagesin which it appearavould be de-
termined. Theselocationswould berefined(asabove) in a
mutually consistentmanner Then, the transformationof
theselocationsontothe anchorimageframewould be con-
strainedby the estimateof a singlefinal locationfor each.
This resultsin a non-linearestimationproblemsimilar to
[17]. Thusfar, we have foundthis methodto beunnecessar
ily complicated.

The secondalternatve methodusesthe sameconstraint
equationas our linear solution, but artificially addscor
respondencetn stabilize the estimates. For mn ,
“matches”betweenimagelocationspandp T2 p;®mn
couldbeadded.In [15] theseareonthesidesof theimages,
but they could be placedanywhere.Unfortunately this cre-
atesbiasin thejoint estimationby propagatingerrorsin the
estimationof ©y,. We have found that addingthesecon-
straintsis unnecessary

5.3 Pruning the O N? Pairwise Matches

The remainingissuein the joint estimationis determin-
ing the set , i.e., which imagesshouldbe matchedpair-
wise. This is similar to the “topology problem” addressed
in [15] for videosequencedyut alsodifferentbecausehere
is no naturalorderingto theimageframes.

Requirementon  can be establishedoy thinking of

m n asedgesof an undirectedgraph;the imagein-
dicesform the vertices. This graphmustbe connectedo
allow thejoint solutionto work. Otherwisefor ary vertex i
notin theconnectedomponentontainingvertex O (thean-
chorimage),no constraintscontrol the mappingof I; onto
themosaic.Intuitively, it appearshattheshortespathfrom
vertex i to vertex 0 shouldbe assmall aspossible. Practi-
cally, becausef applicationconstraintsye have notinves-
tigateddatasetswith minimum pathlengthsgreaterthan?2.

The simplestmethodto build is to try all pairwise
matchesandfill  with all pairsthat matchsuccessfully
This is unnecessarilgxpensve, however. A bettermethod
startsby matchingeachimagel; to the anchorimage, lo,
oncethis is chosen. Momentarily considerthoseimages,
li, that matchedsuccessfullyto . For eachof these find
the centerpixel locationc; andtransformit ontotheanchor
frame. Thesetransformedcenteranay be usedto establish
pairwiserelationsn severalways.Oneis to paireachl; with
theimagehaving closestransformedtenterpoint. Another
is to pair all imageswhosetransformedcenterpoints are
closerthanagivendistance.

Images|, thatdo not successfullymatchpairwisewith
lo mustbe first matchedagainstthe otherimages. Images
spreadaroundthe peripheryof the anchorframe, asdeter
mined by their centerpoints, shouldbe testedfirst. Once

Ik is matchedo atleastoneouterimage,l;, its transformed
centermay be computedby applying multiple transforma-
tions:éki and(:)i o- It canthenbepairedwith otherimages,
asabove.

In this way, the set is gradually yet efficiently, built
up in a way thatensuresonnectvity aswell assufiicient
constraintdor thejoint estimation.

6 Mosaic Synthesis

The estimatesi:)l 0 éN o areusedto form the final
mosaic.In doingso,the non-invertibility of thetransforma-
tion becomesan importantconsiderationgspeciallysince
the transformationerror of the matchingis belov a pixel
on 1024 x 1024images. We cannot usethe usualmosaic
constructiontechniguedasedon the inverseof theimage-
to-mosaictransformatiorbecauseno methodsof inverting
the quadratictransformatiorhave provenaccuratesnough.
Insteadwe forward-mapeachimagel; ontothe mosaicco-
ordinatesystemto createanew imagel; andthencombine
theimagesto createthe final mosaicby averagingnormal-
izedimages. In forming |, , the intensity at eachpixel lo-
cation x y istheweightedaverageof theintensitiesof all
mappedocationsfrom [; falling with apixelof x vy .

7 ResultsSummary

We have applied our mosaicconstructiontechniqueto
imagedatasetstakenfrom 20 differenteyes. Examplemo-
saicswereshown earlierin Figures4 and5. Two moreare
in Figure6. Othermosaicsavailableon our website? The
resultsshav muchbroadercoverageof theretinathanour
previoustechniquebput alsodemonstratéheaccuray of the
method. Statistically acrossall 20 datasets,the maximum
featureregistrationerror in the joint solutionis 0.95, the
minimumis 0.68,andtheaverages 0.80.

8 Discussionand Conclusions

This paperhaspresented substantiallyimproved solu-
tion to the problemof constructingnosaic§rom a seriesof
imagesof the humanretina. The methodsare generaland
canbeappliedto mary mosaicingproblems.

Extendingour earlierwork [6], threeinnovationshave
beendescribedn this paper First, we presenteétechnique
for refining correspondindeaturelocationsand extending
the featuresets. Second,we shaved a linear solution to
the problemof usingconstraintdrom pairwisematchingto
jointly estimatethe transformationf all imagesonto the
anchorframethe mosaicis built on. This reliesheavily on
the effectivenessof our earlier pairwise registrationtech-
nique. Third we presenteé methodfor building up a suffi-
cientsetof pairwiseimagecorrespondenceblatavoidsthe
needfor testingall pairsof images.

Thenew methodsareimportantin theophthalmologyap-
plication. The physiciancannow chooseary imageasthe

2http://wwwes.rpi.edu/ stevart/joint_sol.html



Figure 6: Two mosaicingresultsshaving thefull effectivenesof

thejoint estimationtechnique.ln both mosaicsthe anchorframe
is nearthefoveain thecenterof themosaic.Registrationsbetween
imagesare seamlesseven on the peripheryof the mosaics. The
mosaicsover a broadregion of theretinal surface.

anchorimage,and neednot worry aboutidentifying a sin-
gle imagethatwill overlapall others. The accurag of the
registrationimpliesthatmoreimagescanbe combinedand
theresultingmosaichasa crisperappearance.
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