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Abstract

In 1986, TannerandMead[1] implementedininterestingconstrainsat-
isfaction circuit for global motion sensingin aVLSI. We reportherea
new andimproved aVLSI implementatiorthat providessmoothoptical
flow aswell asglobalmotionin atwo dimensionaVisualfield. Thecom-
putationof opticalflow is anill-posedproblem which expressedself as
theaperturegproblem.However, the opticalflow canbe estimatedy the
useof regularizationmethodsjn which additionalconstraintsareintro-
ducedin termsof aglobalenepgy functionalthatmustbeminimized.We
shav how the algorithmicconstraintsof Horn andSchunck2] on com-
puting smoothoptical flow canbe mappedntothe physicalconstraints
of anequialentelectronicnetwork.

1 Motivation

Theperceptiorof apparentnotionis crucialfor navigation. Knowledgeof localmotionof
theernvironmentrelative to theobserersimplifiesthecalculationof importanttaskssuchas
time-to-contacbr focus-of-expansion Thereareseveralmethodgo computeoptical flow.
They have the commonproblemthat their computationaload is large. This is a severe
disadantagefor autonomousgentswhosecomputationapower is restrictedby enegy;,
sizeandweight. Herewe shov how the globalregularizationapproactwhichis necessary
to solwve for theill-posed natureof computingoptical flow, canbe formulatedasa local
feedbackconstraintandimplementedasa physicalanalogdevice thatis computationally
efficient.
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2 SmoothOptical Flow

Horn andSchuncl{2] definedopticalflow in relationto the spatialandtemporalchanges
in imagebrightness.Their modelassumeshat the total imagebrightnessE(x, y, t) does
notchangeovertime;
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whereu = dz/dt andv = dy/dt representhetwo component®f the local optical flow
vector

Sincethereis one equationfor two unknavns at eachspatiallocation, the problemis
ill-posed andthereare an infinite numberof possiblesolutionslying on the constaint
line for every location(z, y). However, by introducingan additionalconstrainthe prob-
lem canberegularizedanda uniquesolutioncanbefound.

For example,Horn andSchunckrequirethe optical flow field to be smooth.As a measure
of smoothnesthey choosehesquare®f of thespatialderivativesof theflow vectors,
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Onecanalsoview this constraintasintroducinga priori knowledge:the closertwo points
arein theimagespacehemorelik ely they belongto theprojectionof thesameobject.Un-
dertheassumptiorof rigid objectsundegoingtranslationamotion, this constrainimplies
thatthe pointshave the same or at leastvery similar motion vectors. This assumptions
obviously not valid at boundarief moving objects,andso this algorithmfails to detect
motiondiscontinuitieq3].
The computatiorof smoothopticalflow cannow be formulatedasthe minimizationprob-
lem of aglobalenegy functional,
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with F andS? asin equation(2) and(3) respectiely. Thus,we exactly applytheapproach
of standad regularizationtheory[4]:
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Theregularizationparameter), controlsthe degreeof smoothingof the solutionandits

closenesso the data. Thenorm, || - ||, is quadratic. A differencein our caseis that A

is not constantbut dependson the data. However, if we considermotion on a discrete
time-axisand look at snapshotsatherthan continuouslychangingimages,A is quasi-
stationary! The enegy functional (4) is corvex and so, a simple numericaltechnique
like gradientdescentvould be ableto find the global minimum. To computeoptical flow

while preservingmotion discontinuitiesone can modify the enegy functionalto include
a binaryline procesghat preventssmoothingover discontinuitie§4]. However, suchan
functionalwill not be corvex. Gradientdescenmethodswould probablyfail to find the
globalamongsall local minimaandothermethodshave to beapplied.

1n theaVLSI implementatiorthis requiresa muchshortersettlingtime constanfor the network
thanthebrightnesshangesn theimage.



3 A Physical Analog Model

3.1 Continuousspace

Standardregularizationproblemscan be mappedonto electronicnetworks consistingof
conductanceandcapacitorg5]. Hutchinsoretal. [6] shovedhow resistive networks can
be usedto computeoptical flow and Poggioet al. [7] introducedelectronicnetwork so-
lutions for second-ordederivative optic flow computation.However, theseproposedet-
work architecturesll requirecomplicatecandsometimesiegative conductancealthough
Harrisetal. [8] outlineda similar approachasproposedn this paperindependentlyFur-
thermore,suchnetworks were not implementedoractically whereasour implementation
with constanhearesheighborconductances intuitive andstraightforvard.
Considerequation(4):

L = L(u,v,Vu, Vv, z,y).
The Lagrange function L is sufficiently regular (L € C?), andthusit follows from cal-
culusof variationthatthe solutionof equation(4) alsosufiicesthelinear EulerLagrange
equations

AWVu—Ey(Eau+ Epv+E) = 0 (5)
A\V?0 — Ey(Eyu + Eyv + Ey) 0.

The EulerLagrangeequationsare only necessargonditionsfor equation(4). The suffi-
cientconditionfor solutionsof equationg5) to beaweakminimumis thestronglLegendre-
condition,thatis

LVuVu >0 and LVvVv > 07
whichis easilyshowvn to betrue.

3.2 Discrete Space— Mapping to Resistive Network

By usinga discretefive-pointapproximatiorof the LaplacianV? on a regulargrid, equa-
tions(5) canberewrittenas

AWigr,j + Ui1,j + Ui g +vigo1 — duij) = By, (By, juij + By, jvij+ By ;) =0 (6)
AWit1,j +vi—1,j + Vij41 + vijo1 — i 5) — By, (Ep, juij + By, jvij + By, ;) =0

wherei andj aretheindicesfor thesamplingnodes.Considerasinglenodeof theresistive
network shavnin Figurel:
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Figurel: Singlenodeof aresistive network.

FromKirchhoff’slaw it follows that

dvV; ;
C- dt’] =G(Vigr,; + Viery + Vi + Vi1 — 4Vig) + Ling (7)



whereV; ; representthevoltageand/;,, ; theinputcurrent.G' is theconductanceetween
two neighboringhodesandC' thenodecapacitance.
In steadystate equation(7) becomes

G(Vit1,j + Vier,j + Vi1 + Vi1 —4Vij) + Lin, ; = 0. (8)
Theanalogywith equationg6) is obvious:
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To createthefull systemwe usetwo parallelresistve networksin whichthenodevoltages
U;,; andV; ; representhe two component®f the optical flow vectoru andv. Theinput
currentslu;,, , andlv;,, ; arecomputedby anegativerecurentfeedbak loop modulated
by theinputdata,which arethe spatialandtemporalintensitygradients.
Noticethattheinput currentsareproportionalto the deviation of thelocal brightnesscon-
straint: thelessthelocal opticalflow solutionfits thedatathe higherthe currentZ;,, ; will
beto correctthesolutionandvice versa.

Stability and corvergenceof the network are guaranteedy Maxwell’s minimum power

principle[4, 9].

4 The SmoothOptical Flow Chip

4.1 Implementation

Figure 2: A single motion cell within the threelayer network. For simplicity only one
resistve network is shown.

The circuitry consistsof threefunctionallayers(Figure2). The input layer includesan
arrayof adaptve photoreceptorfl0] andprovidesthe derivativesof theimagebrightness
to thesecondayer Thespatialgradientsarethefirst-orderlinearapproximatiorobtained
by subtractinghe two neighboringphotoreceptooutputs.The secondayercomputeghe
input currentto the third layer accordingto equationg9). Finally thesecurrentsarefed
into the two resistve networksthatreportthe opticalflow components.

Theschematicef thecoreof asinglemotioncell aredravnin Figure3. Thephotoreceptor
andthetemporaldifferentiatorare not shavn aswell asthe otherhalf of the circuitry that
computeghey-componenbf the flow vector



A few remarksareappropriateéhere: First, the two component®f the optical flow vector
have to be ableto take on positive andnegative valueswith respecto somereferencepo-
tential. Therefore a symmetricakircuit schemas appliedwherethe positive andnegative
(referencevoltage)valuesare carriedon separatesignallines. Thus,the actualvalueis
encodedasthe differenceof thetwo potentials.
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Figure 3: Cell core schematics;only the circuitry relatedto the computationof the
x-componenbf theflow vectoris shovn.

Secondthelimited linearrangeof the Gilbertmultipliersleadsto a narrav spanof flow ve-
locitiesthatcanbecomputedeliably. However, thetuningcanbesuchthattheoperational
rangeis eitherat high or very low velocities. Newer implementationgre usingmodified
multiplierswith alargerlinearrange.

Third, considera singlemotioncell (Figure2). In principle, this cell would be ableto sat-
isfy thelocal constrainiperfectly In practice(seeFigure3), thefinite outputimpedancef
the p-type Gilbert multiplier slightly degradeghis ideal solutionby imposingan effective
conductancé&r;,.q. Thus,aconstant/oltageon the capacitorepresenting non-zeromo-
tion signalrequiresa netoutputcurrentof the multiplier to maintainit. This requirement
hastwo interestingconsequences:

i) Thereportedoptical flow is dependenbn the spatialgradientgcontrast).A singleun-
coupledcell accordingo Figure2 hasa steadystatesolutionwith
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respectiely. For the sameobjectspeedthe chip reportshighervelocity signalsfor higher
spatialgradients.PreferablyG),.4 shouldbe aslow aspossibleto minimizeits influence
onthesolution.

i) Ontheotherhand,thelocally ill-posedproblemis now well-posedbecauses;,qq im-

posesa secondconstraint. Thus, the chip behaes sensiblyin the caseof low contrast
input (small gradients),reporting zero motion where otherwise,unreliablehigh values
would occur This is corvenientbecausehe signal-to-noiseatio at low contrastis very
poor. Furthermorea singlecell is forcedto reportthe velocity on the constraintine with

smallestabsolutevalue,which is normalto the spatialgradient. That meanghatthe chip



reportsnormal flow whenthereis no neighborconnection.Sincethereis an trade-of be-
tweenthe robustnessof the optical flow computationand a low conductanceés;,.q, the
follower-connectedransconductancamplifierin ourimplementatiorallows usto control
Gloaq aboveits smallintrinsic value.

4.2 Results

Theresultsreportedbelon wereobtainedfrom a MOSIStinychip containinga 7x7 array
of motioncellseach325x325)? in size. The chip wasfabricatedn 1.2 um technologyat
AMI.
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Figure4: Smoothopticalflow responsef thechip to anleft-upwardsmoving edge.
a: photoreceptooutput,thearrow indicateghe actualmotiondirection.b: weakcoupling
(smallconductancé&). c: strongcoupling.
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Figure5: Responsef the optical flow chip to a plaid stimulusmoving towardsthe left:
a: photoreceptooutput; b showvs the normal flow computationwith disabledcoupling
betweerthe motioncellsin the network while in ¢ the couplingstrengthis at maximum.

Thechipis ableto computesmoothoptical flow in a qualitatve manner The smoothness
canbe setby adjustingthe couplingconductance@~igure4). Figure5b presentghe nor-
mal flow computatiorthatoccurswhenthe couplingbetweerthe motioncellsis disabled.
The limited resolutionof this prototypechip togetherwith the small size of the stimulus
leadsto a noisy response However it is clearthatthe chip percevesthe two gratingsas
separatenoving objectswith motion normalto their edgeorientation.Whenthe network



conductancés setvery high the chip performsa collective computatiorsolving the aper
ture problemunderthe assumptiorof singleobjectmotion. Figure5c shovs how the chip
cancomputethe correctmotionof a plaid pattern.

5 Conclusion

We have presentedhereanaVLSI implementatiorof a network thatcompute2D smooth
optical flow. The strengthof the resistize coupling can be varied continuouslyto obtain
differentdegreesof smoothingfrom apurelylocalupto asingleglobalmotionsignal. The
chipideally computesmoothopticalflow in the classicadefinitionof HornandSchunck.
Insteadof usingnegative and complex conductancewe implementeda network solution
whereeachmotion cell is performinga local constraintsatishction taskin a recurrent
negative feedbackoop.

It is significantthat the solution of a global enegy minimization task can be achieved
within a network of local constraintsolving cells that do not have explicit accesdo the
globalcomputationagoal.
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