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Outline

•ShowandTell(Results)

–EstimatingEyeMotionfromAOSLOdata

–ImageRegistration

•TheAlgorithmwhichfindsthemotion:Map-SeekingCircuit

(MSC)
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Results:EstimatedMotionfromAOSLOData
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ImagePreprocessing

1.SmooththedatawithaGaussiankerneltoreducetheeffect

ofnoiseandandamplitudevariation.

RawSmoothed
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2.Breakthesmoothedimageinto“channels”.

HighMediumLow
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3.Determinetheeyemotionacross“patches”.

ThisyieldsHIGHRESOLUTIONofthemotion:Wecancalcu-

late16-32estimatesofthemotionperframe,whichisabout

480-960estimatespersecond.
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ImageRegistration

•DewarpeachframeoftheAOSLOvideo

•Addeachdewarpedframetocreateamosaicormontage

Dewarped image
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Howtoaddframes:Initializemontagewith(intensity=0,weight=0)
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Howtoaddframes:Mapthefirstpixel,updatethemontage
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Howtoaddframes:Mapthenextpixel,updatethemontage...
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MAP-SEEKINGCIRCUITALGORITHM(MSC)

ModelimagesE,E′asvectorsinHilbertspacesH,H′,respec-

tively.GiventransformationT:H→H′,definethecorrespon-

dencebetweenEandE′associatedwiththetransformationT

tobetheinnerproduct

〈T(E),E′〉
H′.

Goal:FindTwhichmaximizescorrespondencefromlineartrans-

formationsofform

T=T
(L)
iL◦···◦T

(2)
i2◦T

(1)
i1,

whereforeach“layer”`between1andL,wehavei`∈{1,2,...,n`}.

Forexample,wecanletTi1besomehorizontaltranslationofthe

imageEandletTi2besomeverticaltranslationoftheimageE.
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ADVANTAGEofMSCoverCross-Correlation:MSCcaninclude

othertransformationssuchasrotations,dilations,shear,com-

pression,....

SYNOPSIS:AMap-SeekingCircuitfindsasolutiontothedis-

creteoptimizationproblem

(i∗
1,...,i∗

L)=argmax
1≤i`≤n`

〈

T
(L)
iL◦···◦T

(2)
i2◦T

(1)
i1(E),E′

〉

H′



MSCKEYIDEA(whichmakesitfast)

Imbedthediscreteproblemincontinuousconstrainedoptimiza-

tionproblem.Maximizemultilinearform

M(x
(1)

,...,x
(L)

)=〈Tx(L)◦···◦Tx(1)(E),E′〉
H′,

where

Tx(`)=

n
∑̀

i=1

x
(`)
iT

(`)
i

SIMPLIFYINGPROPERTY:ComponentsofgradientofMcan

becomputedquicklyandrelativelycheaplyviatheinnerproduct

∂M

∂x
(`)
i

=〈T
(`)
i`◦Tx(`−1)◦···◦Tx(1)(E),T′

x(`+1)◦···◦T′
x(L)(E′)〉

H′
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whereT′istheadjointorconjugatetransposeofT.

MSCcanviewedasaniterativealgorithmwhichusesthisgradi-

entinfotomaximizethecorrespondence.
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COMPUTATIONALCOST

•ComputationcomplexityofeachMSC-typeiterationison

orderofthesum

n1+n2+...+nL,

wheren`isthenumberoftransformationsinlayer`,andL

isthenumberoflayers.

•Thecomplexityofanexhaustivesearchistheproduct

n1n2···nL.

Convergencetendstobefastandsolutionstendtoberobust

ifthedatahasa“sparseencoding”.Imagedatapre-processing

canprovidesuchasparseencoding.

14



CONCLUSIONS

UsingMSC,

•WecanaccuratelytrackeyemotionfromAOSLOvideos,

eventhroughsaccades.

•WecanidentifyverygeneraltransformationsbetweenAOSLO

videoframes,includingshearandcompression.

•RegisterAOSLOvideoframestocreateade-noisedretinal

image
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