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Abstract
Methodsare presentedfor increasingthecoverage and

accuracy of image mosaicsconstructedfrom multiple, un-
calibrated,weak-perspectiveviewsof thehumanretina.Ex-
tendingour previousalgorithmfor registeringpairs of im-
age usinga non-invertible, 12-parameter, quadratic image
transformationmodelanda hierarchical, robustestimation
technique, twoimportantinnovationsarepresented.(1) The
first is a linear, non-iterativemethodfor jointly estimating
thetransformationsof all imagesontothemosaic.Thisem-
ploysconstraints derivedfrom pairwisematching between
thenon-mosaicimageframes.It allowsthetransformations
to be estimatedfor imagesthat do not overlap the mosaic
anchor frame, and resultsin mutuallyconsistenttransfor-
mationsfor all images. Thismeansthe mosaicscancover
a much broaderareaof theretinal surface, eventhoughthe
transformationmodelis notclosedundercomposition.This
capability is particularly valuablefor mosaicingthe reti-
nal peripheryin thecontext of diseasessuch asAIDS/CMV.
(2) Thesecondinnovation is a methodto improve the ac-
curacyof thepairwisematchesaswell as the joint estima-
tion byrefiningthefeaturelocationsandbyaddingnew fea-
turesbasedonthetransformationestimatesthemselves.For
matching image framesof size1024 � 1024, this cuts the
registration error from the range of 1 to 3 pixelsto about
0.55pixels. Theoverall transformationerror in final mo-
saic constructionis 0.80pixelsbasedon experimentsover
a largesetof eyes.

1 Intr oduction
Building a mosaic image from a sequenceof partial

views is a powerful meansof obtaininga complete,non-
redundantview of a scene[11]. Oneapplicationdomainin
which mosaicsareparticularly valuableis ophthalmology
[4, 12, 3, 7]. A seamlessmosaicformedfrom multiple fun-
duscameraimagesaidsin diagnosis,providesa meansfor
monitoringthe progressof diseases,andmaybe usedasa

spatialmapduringsurgical treatment.We arecurrentlyde-
signinga real-timecomputervision systemto continuously
determinethelocationof alaserwith referenceto theretinal
mosaicduring laserretinalsurgery. This capability, known
asspatial referencing, allows automatictreatmentmonitor-
ing, spatialdosimetry, andsafetyshutoffs whenthelaseris
aimedincorrectly. This candramaticallyimprove thetreat-
mentof many of the leadingcausesof blindnessaffecting
tensof millions of patients[21]. Constructingan accurate
mosaicis thereforeanimportantmilestonein thisproject.

In recentlypublishedwork [6], we describeda retinal
mosaicconstructionmethodbasedon pairwiseregistration
of retinalimageswith acentralanchor image. Theregistra-
tion algorithm usesa 12-parameterimage-to-imagetrans-
formationmodel that accountsfor the unknown curvature
of the retinal surface. The algorithm is feature-basedto
accountfor viewpointdependent,non-uniformillumination
andto toleratelargehomogeneousimageregions,especially
thosenearthe retinal periphery. The estimationalgorithm
usesa hierarchyof transformationmodelsandrobust esti-
mationtechniques.This allows registrationof imageswith
relative low overlapandensurestheaccuracy of theresults.
The imagesare1024 � 1024,but individual blood vessels
maysubtendimageregionsonly 4-5 pixelswide. Registra-
tion errorssmallerthana pixel areneededto producecrisp
mosaicsandto ensureaccuracy in thespatialreferencing.A
mosaicformedby registeringa pair of imagesis shown in
Figure1.

2 Moti vation for Joint Estimation
Unfortunately, pairwiseregistrationof imagesis notsuf-

ficient for constructinga mosaicwith the broadestpossi-
ble coverageof the retinal surface. Both the technicaland
application-specificreasonsfor this canbebestunderstood
by consideringhow the mosaicis formed. The physician
first choosesan image(the “anchor image”) on which to
build themosaic.This imagemaybeanywhereon thereti-



Figure 1: A mosaicof two retinalfundusimagescombinedusing
thepairwiseregistrationtechnique.

Figure 2: Whenthe transformationof eachof the two imagesin
Figure1 onto a third (anchor)imageis computedindependently,
theresultingmosaicis not seamless,especiallyoutsidetheregion
of overlapwith the anchorimage. SeeFigure3 for an expanded
view of theoutlinedregion.

nalsurface,ideallycenteredonaregionof medicalinterest.
Next, the retinais imagedin a seriesof views nearand,if
possible,surroundingthe anchor. For eachview the trans-
formationto the anchorimageis computed.The pairwise
transformationsarethenappliedto the imagesandthe re-
sultsarecombinedto formthemosaic(Figures1 through4).

Whenthe transformationonto the anchorimageis esti-
matedseparatelyfor eachimage,two problemsarise.

Non-overlapping images: Someimagesmay not overlap
theanchorimageat all, makingdirectcomputationof
thetransformationimpossible.Thestraightforwardso-
lution is to composetransformationsusingan “inter-

Figure 3: Blow-up of regionsfrom Figure2 (left) andFigure4
(right) showing the advantagesof the joint solution. The ghost-
ing artifactshave disappearedin thejoint solutionmosaicandthe
detailsaremuchsharper.

Figure4: In contrastwith theresultin Figure2, joint estimationof
the transformationsusingconstraintsfrom thepairwisematching
shown in Figure1 producesa seamlessmosaic.SeeFigure3 for
anexpandedview of theoutlinedregion.

mediate”image,but this is problematic:the transfor-
mationmodelis not closedundercomposition,and,in
any case,compositionof transformationsmagnifieser-
rors[15, 17].

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

Thesolutionproposedin this paperis to jointly estimate
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the transformationsof all imagesonto the anchorimage
by exploiting constraintsestablishedthroughmatchingthe
non-anchorimagesto eachother. Relying heavily on the
effectivenessof our currentpairwiseregistrationalgorithm,
the joint solution is linear andnon-iterative. It works for
imagesthatdonotoverlaptheanchorimage.Thetechnique
is relatedto themethodsin [15, 17], but is simpleryet ex-
tremelyaccurate.The effectivenessof the joint solutionis
illustratedin Figures3 and4.

Additionally, two new techniquesareintroducedin this
paperto increasethe accuracy of pairwiseregistrationand
theefficiency of theoverall solution.Thefirst is a subpixel
refinementof featurepositionsduringpairwiseregistration.
Themethodaccountsfor non-lineardistortionsinducedby
the quadratictransformation.This is especiallyimportant
for registeringrelatively featurelessimagestaken from the
peripheryof theretina.Thesecondis atechniquefor choos-
ing which imagesto matchpairwise. The goal is to avoid
unnecessarycomputation,while still providing enoughcon-
straintsfor joint estimation. The overall resultsare illus-
tratedin Figure5 usinganchorframeson the peripheryof
theretina.

3 Pairwise Registration
This sectionsummarizesour currenttechniquefor com-

putingimage-to-image(pairwise)transformations[6].
3.1 Transformation Model

In theimage-to-imagetransformationmodel,theretinais
modeledasa quadraticsurface. Rigid transformationsbe-
tweenviewpointsareassumed,andthe camerasareweak-
perspective. Let In be oneimageframe,let Ir be the refer-
enceimageframe,andlet p ��� x � y� T bea pixel locationin
In. Let

X � p ���	� 1 � x � y� x2 � xy� y2 � T 
 (1)

Then,combiningcamera,surface,andmotionassumptions
yieldsthetransformedpixel locationp � in frameIr :

p � � ΘX � p ��� (2)

whereΘ is a 2 � 6 parametermatrix. This model gener-
alizesearlieraffine, planaror purerotationmotion models
usedin othermosaicconstructionwork [11, 18, 15]. It is
thesecond-orderTaylorexpansionof thegeneralinterframe
mappingfunction; theusualaffine transformationmodelis
the first-orderexpansion. Note that it is not closedunder
compositionandit is not invertible.
3.2 Robust, Hierarchical Estimation of Θ

Given two images,the 12 parametersof Θ canbe esti-
matedusinga hierarchical,feature-basedtechniquethatsi-
multaneouslyestimatesthe transformationparametersand
the featurecorrespondences.Thesecorrespondencesare
crucial for jointly estimating the final image-to-mosaic

Figure5: Two mosaicsformedfrom thesamesetof 9 images.The
topmosaicusestheleftmostimageastheanchor. Thebottomuses
therightmostimage.Theseshow theability of thejoint solutionto
createmosaicscoveringa largeregion of theretina. SeeFigure6
for moreexamples.

transformation.The featuresarebranchingandcross-over
pointsof the retinalvasculature,detectedusinga recursive
vasculartracingandintersectiondetectionalgorithm[5].

Matching landmarksand estimatingthe parametersof
the quadratictransformationmodel requiresspecialcare.
At least six correct matchesare required, but the land-
marksarenot particularlydistinguishablefrom eachother
locally becausemany have similar orientationsand back-
grounds[13]. Furthermore,theremay be relatively small
overlapbetweenimages. Together, theseimply that there
will bemany differentpossiblematchesfor eachlandmark,
and many landmarksmay have no correctmatchesat all.
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This makes matchingand transformationestimationsub-
stantiallymoredifficult thaneitherrelatedrobustmatching
problems[19, 20], or previous mosaicconstructionprob-
lems,which usea lower dimensionaltransformationmodel
[11, 15] andusuallyassumegreateroverlapbetweenimages
(except,see[2, 15]).

Theestimationmethodis hierarchicalandusesrobustes-
timationat eachstage.Initially, just a translationvector, t0,
is estimated.This representsthe 0th order transformation
modelof the form T0 � p; t0 �
� p � t0. Let the initial vas-
culaturelandmarksetsfrom the two imagesbe denotedP
andQ, with Np andNq pointsrespectively. Form an initial
correspondenceset that includesall possiblematches,i.e.
C0 � P � Q. Eachmatchyieldsanestimateof t0. All esti-
matesarecombinedin acoarse,weightedhistogramwhose
peakdeterminestheestimatêt0. Thematchesnearthepeak
form a reducedcorrespondencesetC1.

Thenext level of thehierarchyestimatesanaffine trans-
formation T1 � p; ��� t1 ���	� p � t1, using a variation on the
least-medianof squaresalgorithm(LMS) [14]. Let P1 � P
containthe featuresfrom Ip having at leastone matchin
C1, andfor eachp � P1 let C1 � p ����� q ��� p � q ��� C1 � . Note
that if theoverlapbetweenimagesis small, thesetP1 will
be muchsmallerthanP. The LMS estimateof the affine
parametersis� ˆ��� t̂1 ��� argmin���

t1
median

p � P1
min

q � C1  p ! " q #$� p # t1
" 2 
 (3)

Minimization is accomplishedthrougha randomsampling
technique[8, 14] modifiedto requirethat thematchescho-
sento form minimalsubsetshavenocommonfeatures.

The final level of the hierarchyestimatesthe quadratic
transformation,T2 � p;Θ �%� ΘX � p � , using an M-estimator
[9]. Thesimpleform of this is

Θ̂ � argmin
Θ

∑
pi � P1

ρ � " qi # ΘX � pi � "'& σ̂ �(� (4)

whereqi is the bestmatchfor pi basedon the estimated
affine transformation,ρ is a “robust loss function” that
grows subquadratically, and σ̂ is a robust scaleestimate.
Minimization involvesaniterative reweightedleastsquares
technique[10], with weight function w � u�
� ρ � � u� & u. We
usethe Tukey biweight [1], which forcesweightsto 0 for
largevaluesof u. Thisallowsusto enhancetheformulation
in (4) to reconsiderall possiblematches,not just the clos-
estonesasdescribedin Eqn.4. Robustweightsarescaled
by image-basedmeasuresof similaritiesbetweenmatching
features.Thebestmatch,if any, for eachlandmarkpi is se-
lectedwhentheminimizationconverges.Resultsusingthis
techniqueareshown in Fig. 1.

4 Feature RefinementTechniques
Accuratepairwise registrationrequiresrepeatabilityin

detectedfeaturelocations(seediscussionin [16]), espe-

cially when few featurematchesare available. Unfortu-
nately, due to illumination differences,viewpoint differ-
ences,andnoise,the samefeaturein two different images
canvary in its detectedlocation(after registration)by sev-
eral pixels. Illumination, viewpoint, and noise can also
causemisseddetectionof features,furtherreducingthecor-
respondenceset. Fortunately, as the pairwiseregistration
converges,thetransformationestimatecanbeusedto refine
featurelocationsanddetectnew features[17].

4.1 Location Refinement
Let Im and In be the two images;let Θ̂mn be the esti-

matedtransformation;let pm
�
i and pn

�
j be corresponding

featurelocations;and let p )n � j � Θ̂mnX � pm
�
i � be the trans-

formed featurelocation in imageIn. The idea is to apply
Θ̂mn to transforma region Rm

�
i of Im surroundingpm

�
i into

In, andthensearchfor the locationin In nearp )n � j thatmin-
imizes the sum-of-squared-differences(SSD) betweenthe
transformedregion andthe imageregion surroundingp )n � j
in In. Local intensitynormalizationin eachimageis usedto
correctfor illumination differences.

Themostimportantquestionis how to transformthein-
tensitiesbetweenthe images.The simplestmethodwould
beto ignorethenon-linearwarpinginducedby thequadratic
transformation. In effect, this translateseachpixel in re-
gionRm

�
i by Θ̂mnX � pm

�
i �*# pm

�
i . Weusedthismethodin our

earlierwork. This tendsto reducethetransformationerror,
measuredastheaveragedistancebetweenp )n � j andpn

�
j from

about3.5pixelsto about1.8pixels.
We can do substantiallybetterby using the estimated

transformationto warptheimageregionRm
�
i . This requires

re-centeringthe transformationat pm
�
i andusingan affine

approximation.Thisgivesaninvertiblemappingwhich can
thenbeusedto transformregion Rm

�
i . To seehow, first de-

composeΘ̂mn into

Θ̂mn �,+ tmn � � mn � - mn. �
wheretmn, � mn and - mn are2 � 1, 2 � 2 and2 � 3, respec-
tively, andgive the0th, 1st and2nd ordertermsof thetrans-
formation(seeEquations1 and2). For any point p �	� x � y�
nearpm

�
i , let pm

�
i �/� xi � yi � T andlet p �0� p # pm

�
i �/� x�1� y�2� T

bethere-centeredpoint. Then,aftersomemanipulation

Θ̂mnX � p ��� Θ̂mnX � pm
�
i � p � � ;� Θ̂mnX � pm

�
i �*�432�%�5-768 2xi 0

yi xi

0 2yi

9:<;>=
x�
y�@? �5-768 � x�A� 2x� y�� y� � 2

9:
;B p )n � j �5� � p � 


This affine approximationis accuratebecausep � is small.
The inversetransformationfor p ) nearp )n � j is � �DC 1 � p )E#
p )n � j �F� pm

�
i .
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Usingthis affine approximationandits inverse,refining
featurepositionsis straightforward. Definea W � W win-
dow, centeredat p )n � j in the target imageIn. W canbe es-
tablishedastwice the pixel width of the vessels.For each
pixel locationin this window, inversemapthelocationinto
Im, andusebilinear interpolationto estimatethe intensity.
Onceall pixel locationshavebeenmapped,centerandnor-
malizethe intensityvalues.Then,shift the window over a
2U � 2U regioncenteredatp )n � j to minimizethenormalized
SSD.Useparabolicinterpolationto obtainsubpixelposition
accuracy in both dimensions.This becomesthe new loca-
tion for pn

�
j . Thesearchwindow sizeU canbedetermined

from thefitting errorof thecurrenttransformationestimate.

4.2 Adding Features
A similar methodcanbe usedto detectadditionalfea-

turepositionsandform new matches.For eachunmatched
featurelocationpm

�
i in imageIm, calculateacenteredaffine

approximationandthenusethenormalizedSSDtechnique
to searchfor the bestmatcharoundΘ̂mnX � pm

�
i � . For un-

matchedfeaturelocations,pn
�
j , thefirst stepis to calculate

a quadratictransformationestimateΘnm by reversingthe
rolesof thecorrespondences.1 Then,featurematchingpro-
ceedsasbefore.

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

5 Joint Estimation of the Transformations
Givenananchorimage,I0, onwhich to build themosaic,

we needto calculatethe quadratictransformationsfrom
the remainingimages,I1 � 
G
H
 � IN, onto the coordinatesys-
tem of I0. In otherwords,the goal is to estimatetransfor-
mationparametersΘ1

�
0 � 
H
G
 � ΘN

�
0. The joint solutionuses

correspondencesbetweennon-anchorimagesin estimating
Θ1
�
0 � 
G
H
 � ΘN

�
0. For example,correspondencesobtainedby

successfullymatchingIi and I j are usedto constrainΘi
�
0

andΘ j
�
0. This turnsout to be surprisinglyeasyto do and

resultsin a linear solutionfor the estimationproblem. On
theotherhand,it alsointroducestheadditionalproblemof
choosingwhichof theO � N2 � pairsof imagesto matchpair-
wise. This problemis addressedafterpresentingthe linear
solution.

5.1 Notation
As above, let the imageindicesbe m� n �I� 0 � 1 � 
H
H
 � N � .

In our application,the choiceof anchorimage,I0, will be
madeby the ophthalmologist,usuallyto centerthe mosaic
onpathologicalregionsof greatestinterest.Let J beasetof

1This is onemeansfor inverting thequadratictransformation.It is not
sufficiently accuratefor final mosaicconstruction.

pairsof imageindices,where � m� n�K�>J if a pairwisecor-
respondencebetweenm andn wassuccessfullyestimated.
Assumethe pairs � m� n�L�MJ are orderedso that Im maps
onto In, and that if � m� n�%�MJ then � n � m�ON�PJ . More re-
strictionson J arediscussedbelow. Finally, let Q 0 �R� m �� m� 0�S�TJ � betheindicesof imagesmatchedto theanchor
frame,andlet J 1 �U�V� m� n���W� m� n���XJ andm� n Y 0 � bethe
pairsof non-anchorimagematches.

We turn now to the matchesthemselves. For each� m� n�K�<J , let ZL� m� n� be the setof correspondingfeature
indices. In other words, � i � j �[�\ZL� m� n� if the featureat
pm
�
i in Im correspondsto the featureat pn

�
j in In. These

featurepositionsarerefined,however, during the pairwise
matching,andno effort is madeto enforceconsistency. As
a result,in matchingIm to In, pn

�
j couldberefinedoneway,

while in matchingIk to In, pn
�
j couldberefinedin aslightly

differentway. We usepn
m
�
i andpm

n
�
j to denoterefinedfea-

turepositions,althoughonly oneof thetwo will bealtered.
(Notethatpn

m
�
i will only be“modified” if it is newly addedto

thefeaturesetduringrefinement.)Finally, let wm
�
n;i
�
j bethe

final robustweightfor thematchingpair, scaledby 1
&
σ2

m
�
n,

whereσm
�
n is the robust scaleestimate.This ensuresthat

less reliable matchesindividually and less reliable corre-
spondencesetsoverall receive lowerweights.
5.2 Linear Solution

Thejoint solutionerrorfunctionto beminimizedis] � Θ1
�
0 � 
H
G
 � ΘN

�
0 ��� (5)

∑
m�_^ 0

∑ i � j !1�_`  m� 0! wm
�
0;i
�
j
"
Θm
�
0X � p0

m
�
i �a# pm

0
�
j
" 2 �

∑ m� n!1�_b 1

∑ i � j !1�_`  m� n! wm
�
n;i
�
j
"
Θm
�
0X � pn

m
�
i �a# Θn

�
0X � pm

n
�
j � " 2 


The first summation includes the individual image-to-
mosaicconstraintterms.Thesecondsummationrepresents
the couplingfrom pairwiseconstraints.ImagesIm thatdid
not matchtheanchorimagepairwiseonly contributeto the
secondsummation.

Minimizing
]

to estimateΘ1
�
0 � 
H
H
 � ΘN

�
0 is a linearprob-

lem. Thiscanbeseenbycalculatingthederivativeof
]

with
respectto eachtermin eachΘi

�
0. Estimationof thetermsin

the1st row of theparametermatricesΘi
�
0 canbeseparated

from estimationof the termsin the 2nd row. Eachestima-
tion requiresthe inverseof the same6N � 6N matrix. An
exampleresultfrom thejoint solutionwasshown earlierin
Figure4.

This techniqueworks becauseexplicit correspondences
are establishedbetweenfeaturesof the imagesthat are
matchedpairwiseand becausea quadratictransformation
is estimatedfor eachimageto map featuresfrom all im-
agesinto a commonreferenceframe. This makesthe joint
estimationtechniquesubstantiallydifferentfrom theglobal
refinementmethodin [15], thoughsimilar to the feature-
based,non-linearmethodfor panoramicmosaicsin [17].
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To helpillustratethemethodfurther, hereis abrief sum-
mary of two relatedtechniquesthat we considered. The
first dependsonestablishingequivalenceclassesof features
acrossall N � 1 images. For eachfeatureof eachimage,
all locationsin all imagesin which it appearswould bede-
termined.Theselocationswould berefined(asabove) in a
mutually consistentmanner. Then, the transformationsof
theselocationsontotheanchorimageframewould becon-
strainedby the estimateof a singlefinal locationfor each.
This resultsin a non-linearestimationproblemsimilar to
[17]. Thusfar, wehavefoundthismethodto beunnecessar-
ily complicated.

Thesecondalternative methodusesthesameconstraint
equationas our linear solution, but artificially addscor-
respondencesto stabilize the estimates. For � m� n�c�dJ ,
“matches”betweenimagelocationsp andp )S� T2 � p;Θm

�
n �

couldbeadded.In [15] theseareonthesidesof theimages,
but they couldbeplacedanywhere.Unfortunately, this cre-
atesbiasin thejoint estimationby propagatingerrorsin the
estimationof Θm

�
n. We have found thataddingthesecon-

straintsis unnecessary.

5.3 Pruning the O e N2 f Pairwise Matches
Theremainingissuein the joint estimationis determin-

ing the set J , i.e., which imagesshouldbe matchedpair-
wise. This is similar to the “topology problem” addressed
in [15] for videosequences,but alsodifferentbecausethere
is no naturalorderingto theimageframes.

Requirementson J can be establishedby thinking of� m� n���PJ asedgesof an undirectedgraph;the imagein-
dicesform the vertices. This graphmustbe connectedto
allow thejoint solutionto work. Otherwise,for any vertex i
not in theconnectedcomponentcontainingvertex 0 (thean-
chor image),no constraintscontrol the mappingof Ii onto
themosaic.Intuitively, it appearsthattheshortestpathfrom
vertex i to vertex 0 shouldbe assmall aspossible.Practi-
cally, becauseof applicationconstraints,wehavenot inves-
tigateddatasetswith minimumpathlengthsgreaterthan2.

The simplestmethodto build J is to try all pairwise
matches,andfill J with all pairs that matchsuccessfully.
This is unnecessarilyexpensive,however. A bettermethod
startsby matchingeachimageIi to the anchorimage,I0,
oncethis is chosen. Momentarily considerthoseimages,
Ii , that matchedsuccessfullyto I0. For eachof these,find
thecenterpixel locationci andtransformit ontotheanchor
frame. Thesetransformedcentersmaybeusedto establish
pairwiserelationsin severalways.Oneis to paireachIi with
theimagehaving closesttransformedcenterpoint. Another
is to pair all imageswhosetransformedcenterpoints are
closerthanagivendistance.

Images,Ik, thatdo not successfullymatchpairwisewith
I0 mustbe first matchedagainstthe other images. Images
spreadaroundthe peripheryof the anchorframe,asdeter-
minedby their centerpoints,shouldbe testedfirst. Once

Ik is matchedto at leastoneouterimage,Ii , its transformed
centermay be computedby applyingmultiple transforma-
tions: Θ̂k

�
i andΘ̂i

�
0. It canthenbepairedwith otherimages,

asabove.
In this way, the set J is gradually, yet efficiently, built

up in a way that ensuresconnectivity aswell assufficient
constraintsfor thejoint estimation.

6 MosaicSynthesis
The estimatesΘ̂1

�
0 � 
H
G
 � Θ̂N

�
0 areusedto form the final

mosaic.In doingso,thenon-invertibility of thetransforma-
tion becomesan importantconsideration,especiallysince
the transformationerror of the matchingis below a pixel
on 1024 � 1024images.We cannot usethe usualmosaic
constructiontechniquesbasedon the inverseof the image-
to-mosaictransformationbecauseno methodsof inverting
the quadratictransformationhave provenaccurateenough.
Insteadwe forward-mapeachimageIi ontothemosaicco-
ordinatesystemto createa new imageI )i andthencombine
the imagesto createthefinal mosaicby averagingnormal-
ized images. In forming I )i , the intensityat eachpixel lo-
cation � x � y� is theweightedaverageof theintensitiesof all
mappedlocationsfrom Ii falling with a pixel of � x � y� .
7 ResultsSummary

We have appliedour mosaicconstructiontechniqueto
imagedatasetstakenfrom 20 differenteyes.Examplemo-
saicswereshown earlierin Figures4 and5. Two moreare
in Figure6. Othermosaicsavailableon our website.2 The
resultsshow muchbroadercoverageof the retinathanour
previoustechnique,but alsodemonstratetheaccuracy of the
method.Statistically, acrossall 20 datasets,themaximum
featureregistrationerror in the joint solution is 0.95, the
minimumis 0.68,andtheaverageis 0.80.

8 Discussionand Conclusions
This paperhaspresenteda substantiallyimprovedsolu-

tion to theproblemof constructingmosaicsfrom aseriesof
imagesof the humanretina. The methodsaregeneraland
canbeappliedto many mosaicingproblems.

Extendingour earlier work [6], threeinnovationshave
beendescribedin thispaper. First,wepresentedatechnique
for refining correspondingfeaturelocationsandextending
the featuresets. Second,we showed a linear solution to
theproblemof usingconstraintsfrom pairwisematchingto
jointly estimatethe transformationsof all imagesonto the
anchorframethemosaicis built on. This reliesheavily on
the effectivenessof our earlier pairwiseregistrationtech-
nique.Third we presenteda methodfor building up a suffi-
cientsetof pairwiseimagecorrespondencesthatavoidsthe
needfor testingall pairsof images.

Thenew methodsareimportantin theophthalmologyap-
plication. Thephysiciancannow chooseany imageasthe

2http://www.cs.rpi.edu/g stewart/joint sol.html
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Figure6: Two mosaicingresultsshowing thefull effectivenessof
the joint estimationtechnique.In bothmosaics,theanchorframe
is nearthefoveain thecenterof themosaic.Registrationsbetween
imagesareseamless,even on the peripheryof the mosaics.The
mosaicscover a broadregion of theretinalsurface.

anchorimage,andneednot worry aboutidentifying a sin-
gle imagethatwill overlapall others.Theaccuracy of the
registrationimpliesthatmoreimagescanbecombinedand
theresultingmosaichasa crisperappearance.
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