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Abstract

This paperdescribescomputervision algorithmsto as-
sistin retinal laser surgery, which is widely usedto treat
leading blindnesscausingconditionsbut only hasa 50%
successate, mostlydueto a lack of spatial mappingand
redoning capabilitiesin current instruments. The novel
techniquedescribedhere automaticallyconstructsa com-
posite(mosaic)image of the retina from a sequencef in-
completeviews. This mosaicwill be usefulto opthalmol-
ogistsfor both diagnosisand surgery. The new technique
goesbeyond publishedmethodsin both the medicaland
computervision literatures becauseit is fully automated,
modelsthe patient-dependerturvatuie of the retina, han-
dleslarge interframemotions,anddoesnotrequire calibra-
tion. At the heartof thetechniqueis a 12-paameterimage
transformationmodelderivedby modelingthe retinaas a
guadratic surfaceand assuminga weak perspectivecam-
era, and rigid motion. Estimatingthe parametes of this
transformationmodelrequires robustnesso unmatdable
image featuesand mismatbesbetweerfeatuescausedy
large interframe motions. The describedestimationtech-
nigue is a hierarchy of modelsand methods: the initial
matc setis prunedbasedon a 0" order transformation
estimatedusing a similarity-weightedhistogram; a 1% or-
der, affine transformationis estimatedusing the reduced
matc setand least-mediarof squaes; and the final, 2"
order, 12-parametertransformationis estimatedusing an
M-estimatorinitialized from the 1st order results. Initial
experimentalresultsshowthe methodto be robustand ac-
curatein accountingfor theunknowrretinal curvatuein a
fully automaticmannerwhile preservingmage details.
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1 Intr oduction

Medical applicationsof computervision have receved
increasingattentionover the pastseveral years. Marny of
theseapplicationsarein MRI andCT imageanalysis[20],
while othersarein roboticsuigery[27], andin sumgicalplan-
ning andvisualization[11]. Oneapplicationareawherethe
developmentof 3-D computervision techniqueshasbeen
lesssubstantialbut wheretheneeds great,is in opthalmol-
ogy. This paperconsiderghe particularproblemof retinal
lasersumery.

Retinal laser sumgery, currently done manually is a
proven treatmentfor leadingblindness-causingonditions
[17, 22], including age-relatednaculardegeneratiof19],
degeneratie myopia, and diabetic retinopathy affecting
over24million peoplein theUSalone[21, 31]. Whendiag-
nosingtheseconditionstheretinais imagedin two spectral
channelsOnechanneimagegheretinain thevisible spec-
trum, while the otherimagesthe layer beneaththe retina
in the nearinfrared using a fluorescentdye (Indocyanine
Green[14]). Using both typesof imagery physiciansare
able to delineatepathologicalregions for subsequensur
gical laserphotocoagulationThis sumgical procedurenust
be doneaccurately without damagingvital healthytissue,
without missingpathologicatissue,andwithout overexpo-
sure[22]. Althoughlaserretinal sugeryis the mostwidely
usedtreatmenfor theabove conditions the currentsuccess
rateis belowv 50%for thefirst treatmentwith a recurrence
and/ormersistenceateof about50%. Eachre-treatmenalso
hasa 50% failure rate,with visual recovery decliningwith
successie treatmentg31]. Thesefailurescanbetracedto
the manualnatureof the surgery, and the lack of spatial
reckoningaidsin theclinical instrumentationlt is difficult
for the physicianto developa completeview of theretina,
to respondyuickly to patienteye movementsvhich cannot
be completelystoppedduring surgery, andto measureop-
tical dosagequantitatvely. The compellingneedto mini-
mizeinvasvenessmpliesthatcomputewision methodsare
preferablefor addressinghe above problemd29].



Figurel: Threeexample1024x 1024imagesof theretinasurfaceshaving relatively little overlapbetweerthem.

We are developing a two-phasecomputervision sys-
tem to assistphysiciansduring diagnosisand retinal laser
sulgery. Phasel, coinciding with the physicians explo-
rationfor diagnosisjnvolvesconstructinga high-resolution
wide-areamosaicof the retina. Phasell, coincidingwith
sumgical treatment,involvesreal-timetracking of the pro-
jected position of the laseron the retina and comparing
this againstphysician-delineatedegions of sumgical inter-
est. Trackingresultswill beusedto calculatedosimetryand
to turn the laseron or off asappropriate.The focusof the
currentpaperis on the mosaicconstructedduring Phase
and usedas a spatialreferencemap during Phasell. The
imagematchingtechniquedevelopedfor mosaicconstruc-
tion will alsobe usedas part of a multistage,hierarchical
trackingalgorithm.

Although the problem of constructinga compositeor
“mosaic” image from image sequencesas beenstudied
heavily over the pastdecadein both the computervision
[15, 26, 25] andbiomedicalliteratures[18, 5, 9], the prob-
lem of automaticallyconstructinga high-resolutiormosaic
from a retinalimage sequenceaisestwo major issuesre-
quiring novel techniques:

e An appropriaténterimagetransformatioomodelmust
be found for mappingindividual imagesonto the mo-
saicimage frame. This model must accountfor the
curvedsurfaceof theretina,therelatively generaligid
motion possible,and the inherentlack of calibration
becauséheopticsof eachindividualretinachangeshe
effective opticsof thecameraWe will demonstrat¢he
needfor a second-ordetransformationmodel which
we derive here.

e A new techniqueis neededo estimateparameter®f
the transformationmodel. Becausdarge eye move-
mentsarepossible theremaybe aslittle as40%over-
lap betweenimages. This implies that feature-based
technique$28, 30] shouldbeusedinsteadof intensity-
basednethodq3, 6], but moreimportantlyit indicates
thatrobustnesso largenumberf mismatchesndun-
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Figure2: Two views of theretina.

matchablefeaturesmust be centralto the estimation
technique.

Investigationof theseissuedormsthe heartof the paper

2 Image Transformation Model

Theretinalsurfaceis almostbut notquitesphericalmak-
ing a quadricor evena quadratiomodel,intuitively, a good
approximatiorto its shape During diagnosisandsumgery, a
patients pupil is dilatedandhis/herforeheads heldagainst
a harness.Small shifts in headpositionare likely, induc-
ing translationsand rotationsof the eye. Eye movements
themseles, not significantly constrainedduring diagnosis
or suigery, are almostexclusively rotationaland canoccur
abouttwo axesat ratesof up to 180 per second. Signifi-
cantly, neitheraxis of rotationis the optical axis. The fun-
duscamerahroughwhich theretinais viewedis fixedand
produceshigh-resolution1024x 1024imagegqFig. 1). To-
gether the foregoing obsenationsimply that the apparent
motion of the retinashouldbe modeledas a generalrigid
motion. (They alsoimply, however, thatsomecomponents
of the motion— rotationaboutthe cameras optical axisin
particular— will be small.) This generalitysuggestghat
the curved natureof the retinasurfaceshouldbetakeninto
accountin the inter-image transformationmodel and that
transformatiormodelsbasedon a planarsurface[1, 6] will
be insufficient. We confirm theseintuitions by deriving a



Figure 3: Examplesshaving visually the transformatiorerror obtainedusing a Oth order— imagetranslationonly — model(left), the

affine model(center) andthe quadratiomodel(right).

transformatiormodelfor a quadraticsurfaceimagedby a
weakperspectie cameraandby comparingt to modelsfor
planarsurfaces.

Considertwo imageslp(p) andlq(q) of aquadraticsur
face(theretina)taken by weakperspectie cameragy and
Cq (Fig. 2). Let 3 x 3 rotationmatrix R and 3 x 1 vectort
definetherigid transformatiorbetweercameraviewpoints.
Thetransformatiormaybedueto movementof thesurface.
Let (X,Y,Z)" be a point on the surfacein the coordinate
systemof camereCy, having the Z axisalignedwith the op-
tical axis,sothatp = (x,y)" = s(X,Y)T. Write thequadratic
surfaceequatioras

Z=(1LX,Y)B(LX,Y)T, (1)

with B a 3 x 3 symmetric parametermatrix. Also, let
(X',Y",Z")T describethe samepointas(X,Y,Z)" butin the
coordinatesystemof Cq, sothatq = (X,y)T =s/(X',Y/)T.
Then,becaus®f therigid transformation

X
(X'> _ (rll rio f13> Y +(tx>
Y r1 22 ra3) |, ty
where the rj; are componentsof R. Substituting
(1,X,Y)B(1,X,Y)T for Z, thensubstitutingx/s for X, y/s

forY, X /s for X" andy'/s for Y’, andfinally manipulating
theequationyields

q=0x(p), 2

wherex(p) = (1, X, ¥, X%, xy, y°)T and@ is a2 x 6 parame-
ter matrix. We only estimatethe 12 parametersf © rather
thanextractingthe unknovn quadraticsurface,cameraand
motion parametersepresentedy ©. Equation2 general-
izesthe2D affinetransformatiormodelinducedby therigid
motionof a planarsurface[6], whichis givenby:

g=Ap—+t. 3)

Noticethat(2) is the second-ordefaylor seriesexpansion
of the generalimage transformationequation, while the

affine model(3) is the first-orderexpansion. The instanta-
neousmotion of a planarsurfaceundera full-perspectve
model inducesan 8-parametemodel, whereasthat of a
quadraticsurfaceinducesa17-parametenon-lineamodel.

The two planarmodelsand the new quadraticmodels
may be comparedoth numericallyandvisually. To do so,
we manuallylocateandmatchfeaturegbifurcationsof the
retinalvasculature)n pairsof images We thenfind theim-
agetransformatiorparametergor eachmodel minimizing
thesum-squaredrrorbetweeratransformedeatureandits
match,usingthe standardieviation of the residualerrorto
measurdransformatiormodelaccuray. Accuraciesin the
range4-5 pixelsaretypical for the 6- and8-parametemod-
elsinducedby planarsurfacemotionwhereasaccuracie®f
aroundl.1 pixelsaretypical of transformationsnducedby
quadraticsurfacemotion. This is particularlyencouraging
becauseerrorin manualfeaturepositionlocalizationis on
the orderof a pixel. We thereforechoosethe 12-parameter
model,whichwe referto asthe“quadraticmodel”, for con-
structingretinalmosaics.Thischoiceis confirmedby visual
comparisorbetweerthe affine andquadrationodelsshovn
in Fig. 3(center)and(right). The advantageof the quadratic
model can clearly be seennearthe white center(the op-
tic disk). Thetransformatiorestimatedundersimpleimage
translationis alsoshavn. The significanceof this will be
explainedin the next section.

3 Estimating the Transformation

The next stepis developinga techniqueto estimatethe
quadraticmodel parameterdor any pair of imageframes.
The major challengeis handlingpotentially small overlap
betweenimages. This necessitatesise of feature-based
matchingasthe basisfor estimatingthe transformatiorand
suggestghe needfor substantiarobustnesgo unmatched
andmismatchedeatures.

3.1 DetectingVasculature Bifur cations

Looking attheimagesin Fig. 1, themostprominentfea-
turesarethebloodvesselsndtheir bifurcations/crosseers.
Otherimageregionsare usuallyrelatively featureless Ad-
ditional featuresappeatn pathologicaketinas but vascular



Figure4: Landmarkgdetectedisingtherecursve vasculaturerac-
ing algorithm.

structureusually continuesto be prominent. We therefore
detectbifurcationsandmatchthemasthebasisfor estimat-
ing theinter-imagetransformationt

We have developeda recursve vasculaturdracingalgo-
rithm to mapoutthebloodvessektructureanddetectbifur-
cations(“landmarks”)in animage. The algorithm, which
hasbeendescribedn detailelsavhere[8], startsby analyz-
ing theimagealonga coarsegrid to do 1D edgedetection
andgatherimageintensitystatistics.Seedpointsfor tracing
areidentified and prioritized from a detailedimageanaly-
sisarounddetectededges. Subsequentecursve tracingis
straightforvardandrapid,with specialcasecheckgo detect
bifurcations. An exampleresultis shovn in Figure4. The
algorithmrunsatframerateon a dualprocesso6Gl.

3.2 Hierarchical Estimation Algorithm

Matching bifurcations and estimating the quadratic
transformatiorrequiresspecialcare. The bifurcationsare
not particularly distinguishablefrom each other locally
becausemary have similar vesselorientationsand back-
grounds.Therefore the large motion betweerframeswith
resulting small image overlap implies that there will be
mary differentpossiblematchesfor eachbifurcation, but
mary bifurcationsmay have no correctmatchesatall. This
malkesthe matchingandtransformatiorestimationproblem
appeamoredifficult thanrelatedrobustmatchingproblems
suchasin fundamentamatrix estimation28, 30].

To motivatethe estimationtechniquewe revisit the dis-
cussionandresultsof Sec.2. First, theretinalsurface while
approximatelyquadratic,is roughly planarover large re-
gions. This explainswhy the affine transformationmodel
yields small error, and suggestghat an affine model, in-
volving only 6 parameterandrequiringonly 3 correspon-
dencesgouldbeestimatedasa preliminarystepto estimat-

1In ongoingwork we are studying the possibility of detectingand
matchingpathologiesuchasdrusen)ipid exudatesangioidstreakshem-
orrhageslaserscars andcotton-wool spotsto augmenimatchingof bifur-
cations.

ing the full quadraticmodel. Secondthe lack of rotation
aboutthe (eye’s) optical axis implies that the apparento-

tationin the imagewill not be substantial:rotationsabout
theothertwo axes,eachparallelto theimageplane,produce
apparenmotionsthataredifficult to distinguishfrom image
translationexceptover broadimageregions. Third, transla-
tionalmotionof thehead gspeciallyalongtheopticalaxisis

likely to besmallenoughthatcornvergentanddivergentmo-

tionsin theimageareinsignificant. Thesesecondandthird

pointssuggesthata 0" ordermodelinvolving only image
translationmay be usedas an even cruderinitial approxi-
mationto thetransformatiorn(Fig. 3(a)). Fourthandfinally,

the featuresare relatively sparseand the featuressetsare
relatively small, involving 30-50 bifurcations. This makes
practicalthetechniqueslescribedelow.

We have developeda hierarchicamatchingandtransfor
mation estimationalgorithm basedon theseobsenations.
Eachlevel of the hierarchyinvolvesa differenttransforma-
tion modelandestimationtechnique andthe resultsof one
level areusedasinitial conditionsfor subsequenievels.

Oth Order, Translation: Initially, justatranslationvec-
tor, to, is estimated.This representshe Oth ordertransfor
mationmodel

To(p;to) =p+to 4)

Let the initial vasculaturebifurcation setsfrom the two
imagesbe denotedP® andQ, with Np andNg pointsrespec-
tively. Forma 2D weightedhistogramof translationvectors
with large histogrambin sizes(e.g.15-20pixelson a side),
andestablishaninitial correspondenceetCo = P x Q. Re-
strictionscould be placedon the matchesCy, but thusfar
this hasnot beennecessaryFor each(p;,q;) € Co, calcu-
latet; j = q; — pi andenteraweightedvotein thehistogram
bin containingt; ;. The weightis a similarity measureon
the matcheshasedon similarity in intersectionanglesand
vesselthickness. Figure 5 shavs an example histogram.
Thepeakof thishistogramafterlow-pasdiltering, provides
the estimatety. A new correspondencset C; is formed
by all matchessuchthatt; j is within twice the histogram
bin width of t. Somefeatureswill have several correspon-
dencesn C;, while otherswill have none?

1stOrder, Affine Model: Thenext level of thehierarchy
estimateanaffine transformation

Ti(p;A,t1) = Ap+1ty

using a minor variation on least-mediarof squaresalgo-
rithm (LMS) [23]. Let P; C P containthe featuresfrom
I, having atleastonematchin C1, andfor eachp € Py let
Ci(p) ={q| (p,q) € C1}. Notethatif theoverlapbetween

2pointsp areconsideredo be comingfrom the imageto be incorpo-
ratedinto the mosaic,hencethe asymmetridreatmenibf point setsP and
Q in matching.



Figure5: Plot of the 2D simiIﬂarity-weigjhtedhistogramfor one
imagepair.

imagesis small,P; will bemuchsmallerthanP. The LMS
estimateof the affine parameterss

(1,%1) = agminmedian min |jg—Ap—ti]|2.  (5)
At;  PEP1 qgeCi(p)

In otherwords, the objective functionfor a given (a,t;) is
calculatedby finding the minimum distancematchfor each
transformeg € P; andthentakingthe medianof theresult-
ing squarederror) distancesThis differsfrom otherwell-
known usef LMS, e.g.in estimatinghefundamentama-
trix [28, 30], becauseiniquenes the correspondenceet
is not (andshouldnot be) enforcedyet. Minimizationis ac-
complishedhrougha randomsamplingtechniqug10, 23].
To form eachsampleatriple of pointsis selectedandomly
from P; andthena matchfor eachpoint p in thetriple is
randomlychoserfrom C4(p). After minimization,a robust
scalevalue, 01, is calculatedrom (ﬁ,fl) usingthe median
absolutedeviation (MAD) scaleestimator[24]. Note that
both uncertaintyin featurepositionand modelingerrorin
usingthe affine transformatiorcontribute to the magnitude
of 6'1.

2nd Order, Quadratic Model: The final level of the
hierarchyestimateshe quadratidransformation

T2(p; ©) = ©x(p)

(seeEqn.2 anddiscussionusingan M-estimator[12]. We
describdirst a straightforvardinstantiationandthenshow
severalimportantmodifications.For eachp; € Py, let

qi = argmin||q —Ap — t1)%,
qeCy(pi)

i.e. q; is the bestmatchfor p; basedon the estimatedhffine
transformationThenthe M-estimateof © is

© = argmin Ep p(llgi —©x(pi)ll/0), (6)
©  piePy

wherep is a“robustlossfunction” whichgrows subquadrat-
ically, and G is a scaleestimate. Here we usethe Tukey
biweightfunction[4]:

p(u) = {a_ez[l—(l— (997 Ju<a

g ul>a

whereu = ||q—©x(p)||/6 is a“scalenormalizedresidual.
(Typically a =~ 4.0 [13].) Equation6 may be solved us-
ing iteratively-reweightedleast-square¢IRLS) [13], with
weightfunctionw(u) = p’(u)/u, in ourcase

w(u) = { [1- ()T i<a

0 lul > a.

Thevalueu; for eachmatchin eachiterationis calculated
usingthe estimateof © obtainedin the previous iteration.
A robuststartingpointfor IRLS is crucial,ashasbeencon-
firmedexperimentallyin vision applicationq28].

Several modificationsof the estimationequation(6) and
IRLS searchtechniqueareimportanthere:

1. TheM-estimatoris initialized from the affine estimate
(A,t1) andscaleG;. Theseareusedto computeinitial
scalenormalizedresiduals

ui = [lai — Ap; — 1| /61,

andtheseareusedto computanitial weightsto beused
in IRLS.

2. A new (MAD) scale,6», is estimatedrom the resid-
ualsof thefirst IRLS estimateof © andthenfixedfor
theremainingiterations.

3. Becausew(u) = 0 for residuals (error distances)
greaterthanabout4d,, thereis no needto restrictthe
matchsetin (6). The entire original setCo may be
used,sincematcheswith large error distancessimply
contribute zeroweight. (In practice,looserestrictions
areplacedpurelyfor computationateasons.)This al-
lows recovery from earlier mistales in reducingthe
matchset.

4. The robust weightsw(u) are augmentedn IRLS by
a correspondencsimilarity measureand, whenmore
thanonematchfor agivenp € P hasnon-zeroweight,
theseweightsare normalized. For example,if (p,q)
and(p,q’) aretwo matchedor p, with robustweights
w andw andsimilarity measures ands, thentheac-
tual IRLS weightswill be:

sSw
sSwW+Sw

SwW

swrsw W=sw

wW* = sw



Figure6: The combinationof two imageshaving relatively small
overlap basedon the estimatedquadratictransformation. Non-
linearwarpingfrom the quadrationodelcanbe seeratthe edgeof
thetop frame.

In effect, the lasttwo modificationsallow decisionsabout
correspondenc® be deferreduntil thefinal transformation
is estimated. This differs significantly from other robust
matchingandestimationalgorithms[28, 30], andis amajor
reasonwhy the algorithmis successfulCorrectcorrespon-
dencesaredeterminedo bethosehaving non-zeroweights.
More than one suchcorrespondencéor ary p indicatesa
lingeringambiguity whichis usuallycausedy meging of
bloodvesselntersectionsnto a singlefeaturein oneimage
but notin theother Theseareresolhedandfinal correspon-
dencedor all featuresare establishedy minimizing nor
malizedSSDmeasurebetweeratemplatecenterednp in
Ip andregionssurroundinglz(pi, ©) in lq. Final estimation
of © is basednthesecorrespondences.

An exampleresultshaving oneimagetransformednto
aseconcbasedn theestimatedjuadratidransformations
shavnin Fig. 6.

4 Constructing the Complete Mosaic

Theinterimagedransformestimatiortechniqudormsthe
core of the mosaicconstructionalgorithm. In the retinal
suigery application,mosaicconstructionwill be doneon-
line and interactvely, with a physicianspecifyingimages
to be addedto the mosaicone frame at a time. This en-
surescompletecoverageand use of good quality images.
The dataseshovn herewasaquiredundersimilar circum-
stances.

Givenanimage,l, to be addedto the mosaicimage(lq
in the notationthat hasbeenusedthusfar), the first step
is estimationof the quadratictransformatiorandespecially

Figure7: A mosaiccombininglOimageseachl1024x 1024pixels
usingthe quadratidransformatiormodelandhierarchicakestima-
tion technique.

the final correspondencset. Next, the intensitiesin I, are
normalized.Then,theregion of |4 coveredby the transfor
mationof |, is determined.For eachpixel g in this region,
g is inversemappedonto p, the intensity is interpolated
in 1, and, backin the mosaicframe, the resultingvalueis
averagedwith pixels from otherimagesthat map onto g.
Sinceinvertingthe quadratictransformdirectly is difficult,
a quadratidransformis estimatedrom thefinal correspon-
dencesdetweeri, andthe mosaicframewith rolesof p and
g reversed. This is thenusedfor the inversemapping. In-
correcttransformestimatesnaybeidentifiedby comparing
the (transformed)vasculaturestructureof 1, outputby the
recursve tracingalgorithm(Sec.3.1) to that of the mosaic
usinga digital distancemap[7]. An examplemosaiccon-
structedfrom 10imagess shavn in Figure?.

5 Discussionand Conclusions

We have presenteda quadraticimage transformation
model and a robust, hierarchicaltechniquefor estimating
the transformatiornbetweentwo imagesof the retinal sur
face. Theseform the core of a methodfor constructinga
wide-areahigh-resolutiormosaicof the humanretina,im-
proving on the mostly 2-D methodsdevelopedto datefor
this application[29, 5], andgoing beyond currentmosaic-
ing methodsin the computervision literature[15, 26, 25].
Improvementgo our techniquearestill possible however,
andwe arecurrently consideringndexing methodq16] as
acomplemento thefirst two levelsof the hierarchy

High quality retinal mosaicssuch as those shovn in
Fig. 7 aredirectly valuablefor diagnosinga variety of dis-



easesespeciallythoseinvolving the retinal periphery[18].
Otherintendedusesof thesemosaicsas part of our long-
term goal of developinga two-phasecomputervision sys-
tem to assistphysiciansduring diagnosisand retinal laser
sugeryinclude:treatmenplanning,on-linetreatmenmon-
itoring, spatialdosimetry errordetectionalarmsandsafety
shutofs when the laser straysfrom the intendedtarget,
changeanalysisbetweenpatientvisits, andevenvirtual re-
ality toolsfor sumgical simulation. The mosaicconstruction
algorithm, in modified form, can also enhanceemeging
alternatvesto classiclasersumgery [2] andbe usedto de-
tectmismatchebetweersmallimageregionsto flag retinal
bumpsanddetachments.
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