Optical o w estimationin omnidir ectionalimagesusing waveletapproach
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Abstract

Themotionestimationcomputatiorin theimage sequences
is a signi cant problemin image processing Many re-
seacheswetre carried out on this subjectin the image se-
quenceswith a traditional camen. Thesetechniqueswere
appliedin omnidirectionalimage sequencesBut the ma-
jority of thesemethodsare not adaptedto this kind of se-
quences.Indeedthey supposehe ow is locally constant
but the omnidirectionalsensorgenertesdistortionswhich
contradict this assumption. In this paper we proposea
fastmethodto computethe optical ow in omnidirectional
image sequences.This methodis basedon a Brightness
Chang Constaint Equationdecompositioron a wavelet
basis.To take accountof thedistortionscreatedby the sen-
sor, wereplacetheassumptiorof ow locally constantused
in traditionalimagesby a hypothesisnore apptopriate

1 Intr oduction

This paper studiesthe problem of the optical ow esti-
mationin the omnidirectionalimagesequencesOur om-
nidirectional imagesare obtainedwith a parabolic mir-
ror locatedabove a traditional camera. This type of sen-
sor providesan omnidirectional(360 degree) eld of view
of the sceneobsered. They are widely usedin mary
roboticsapplications:localization,3D reconstructionpb-
stacledetection...[1R The computatiorof the optical o w
will enableusto determineego-motioninformationaswell
asageneraimotioninformationof the scend5].

In traditional planarimages,mary researchedealwith
optical ow estimation. Thesemethodsare classi ed in
threeclassesmatchingtechniquesenegy-basedmethods,
differentialtechniquegl]. Thesemethodswereappliedin
omnidirectionaimages.Stratmanri10] provedin this case
theestimationoptical o w estimatiornwith the methodpro-
posedby Fleet[4] is quietly robust and precise. Because
of its computercompleity, it is not possibleto usesuch
methodin roboticsapplications.The authorconcludedthe

methodproposedby Lucasand Kanade[8] makesa good
compromisebetweerrapidity andthe estimationaccurag.
However, this methodis not completelyadaptedo the om-
nidirectionalimagesequencesindeedthis techniquesup-
posesthe o w is constanton an areaof theimagewhatis
never checledin the omnidirectionaimagessincethe sen-
sor generateglistortionsof the sceneobsered. To solve
this problem, Daniilidis [3] proposedto take accountof
the sensorgeometryby computingthe optical o w start-
ing from sphericalco-ordinate.lt enableshim to obtainan
equationof the optical o w constraintdifferentfrom that
usedusuallyin thetraditionalimagesequences.

In this article, we develop a methodwhich approaches
themethodof LucasandKanad€8] by takinginto account
the distortionscreatedby the sensor To ful Il therequire-
mentof realtimesapplication,we follow the methodpro-
posedby Bernard[2] which carriesoutagoodcompromise
betweenprecisionof optical o w estimationand speedof
computation Wewill shav thismethodrequiresamultires-
olution approactto computethe optical o w. Thenwe will
describethe functionsusedto estimatethe o w. Finally we
will shawv our hypothesisgivesbetterresultsfor the omni-
directionalimageshanoptical o w assuminghatis locally
constant.

2 Optical ow computation

The centralassumptiorin optical o w computationis the
intensityis constantalongthe timesfor eachphysic point
in theimage.Soif we assumehis grey-valuepreseration,
we caneasilyderive andobtainthe well known Brightness
ChangeConstraintEquation:;

@yt _
@
r 1((x;y);t) and % arerespectrely gradientand

temporalderivative of theintensityfunctionl ((x; y); t) and
v((x; y);t) isthe eld of optical ow.

rE(xy)):v((x;y);t) + 1)



Consideringhis equation(1), we canonly estimatghenor-
mal velocity componentienotedoy :
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To overcomethis problem called "aperture problem”,

HornandSchuncK6] introducethesmoothnessonstraints.

TretiakandPastor[11] assumedheimagegradientconsef
vation in orderto gettwo linear equations. The method
describedn our work usesthe wavelet approacho obtain
moreequationgo estimateheoptical ow (vq;Vvy).

Let us considerthe waveletsbasis( "),.; , in L%(R?)
centeredaroundthe origin (0; 0), andlet us considerthe N
functionscenteredaroundthepointu = (uq;u,) de nedas

dOGy) = "(xugy  ug): )

Takingtheinner productof (1) with
lowing system:

N, we obtainthefol-

@ :
hrizv+ —; 7i=0 8n=1 N; 4
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where ZZ
g = f (x)g(x)dxdy: (5)

And nally, thatleadsto

h%vl; 3i+h%v2; 3i+h%; bi=0; 8n = 1:(::5\1):

To performthe computationswe have to make one more
assumptiorontheunknonvns (vy; vo).

Whenwe dealwith planarimagesit is usualto assumehat
the ow is locally constant2], [8]. With the omnidirec-
tionalimagesthis hypothesiss never valid. Insteadof the
constang assumptiorof the velocity, we proposeto mod-
elizetheoptical ow v(Xx;y) = (vi(X;y);Vva2(X;y)) onthe
supportof thewavelet [} with anafne modelde ned by :

vi(X;y) = ax+ by+ c
Va(Xy) = dx + ey + f )
8(x;y) 2 supp | 8n = 1:N:

With this model, we supposethe obsened motion is not
locally constantbut it featuresrotation,translationanddi-
latationor any combinationof thesebasicmotions.

By substitutingheaf ne modelin thesystem(6) we obtain
thesystem:

ahx%; ﬂi+bry%; 3i+ch%; Ni+
dxg; oi+etyg: oi+fhg: (it (8)

hg; ni=0 8n=1:N:

Integratingby parts,we obtaina new systemwherethe co-
efcient (a; b;c;d;e;f ) aretheunknovns,thissystenreads

asfollows:
.@ . on; L@ .@ |-
ahxl,@(|+H, Ui +Hyl,@|+ch,@|+
L@, L@, S on L@l _
dhxl ; i+e hyl;Zg-i+Hh; ji +fh;Gi=
hg; ni  8n= 1N

(C))
Sothe”apertureproblem”canbesolvedif N 6. Theopti-
cal ow estimationatthepointu = (uy; u,) is equivalentto
estimatethe 6 unknavns (a; b;c;d; e;f). In the following
we rewrite our system(9) in this asfollows

MyV = Xy,  with V= (abic;d;e;f)T: (10)

3 Temporal aliasing

To relaxthe hypothesiq7), we would lik e to take wavelets
with thesmallespossiblesupport.Howevertheapproxima-
tion of thetemporalderivative % with the nite difference
[(t+ 1) I(t) forcesto assumeahe conversehypothesis.
Indeedf we supposeheimagesequences auniformtrans-
lation of vectorv.

Gyt =1(x tv;y tv): (11)

Let usconsiderthefunctions ™ onvariousscales

ncy)=s bt Sul:y—uz) (12)
andthe approximation
%' I(t+ 1) (1) (13)

[2] show thatif we replace% byl (t+ 1) 1(t)in(9),this
equationis again valid if vs * is not large, i.e thereexists
M suchthat

kvk< Ms (14)

Consequentlyt is necessaryo make abalancebetweerthe
hypothesiq7) and(14). We do notknow the o w we want
to computethenwe mustdealwith waveletswhich support
varies. This can be performedwith a suitableversion of
the well-knowvn multiresolutionmethod. In coarsegrid we
computdargedisplacementandwe re ne progressiely to
computethelow speeds.

4 Multir esolution

To apply multiresolutionmethodwe considerthe discrete

waveletbasisde ned asfollow:
Ny =2 "@x ki;2y kp);  (15)

wherek = (ki;kz) andj is aresolutionindex. For eachj
x edandfor eachk, we obtainN equationavhich allow to



computethe o w at the points (2! k1; 2 k») by solvingthe
system

a mxl; Iki+H J”ki
k3 ki k n i
+ch; J|+dh>(| J|+eh)/l I|+H ikl

@<
+fh;Cki=hg; i 8n= LiN:

(16)
We denotethis systemas
MIV) = X} with = (a;bic;d;e;f)T: (17)
For eachk, we distinguish3 possibilities:eitherthe system
is badly conditioned(Cond(M} V,}) > Cst), or the solu-
tion of the system(17) doesnot Il the assumption(14),
or the solutionis valid. In both rst casesthe ow cannot
be calculatedn this pointandin this resolution.In thelast
case,we estimatethat the solution of the system(17) is a
measuref theoptical o w atthepoint (2! ky; 2 k,) aslong
aswe cannotperformanothercomputatiorat this pointin a
ner resolution(where(7) is wealen). Thisis summarized
by thefollowing procedure:

ProcedurepticalFlav(l 1,1 2,J)
I, andl, 2 consecutieimagesof sizeX Y
Jthecoarsestesolution
for j=-J:0
for k;=1:2 1 X andk,=1:2 1Y
if thesystem(17) is badly conditioned

Vi = VL

elseSol = (M}) 'Y,
if kSolk > M 2

Vi = Vi

elseV, = Sol
endif

endif

endfor
endfor

5 The choiceof wavelets

In imageprocessingve useatensorialproductof a scaling
function the wavelet associated in L?(R) to de ne a
basisof L2(R ?) with 3 functions:

xy)y= (x) (y)
2(x;y) = (X)) (y) (18)
xy)= (x) (¥)

In ourcaseo solve"the apertureproblem”,we mustchoose
comple valuedwavelets.Indeedaswe seekarealsolution,
if the equationg10) arecomple, the systemis equivalent

to:
ReM,
I mM

ReX,

V= mx,

(19)
Thuswe get6 equationgnd6 unknavns(a; b;c;d; e;f ).
Solving(19)is thenasimpleinversionof size6 6 matrix.
We chosethe complex Daubechiesvavelets[7] of order
4. Thesewaveletsare complex valued,realandimaginary
partsfeaturingsymmetriesandhave 5 vanishingmoments.
Thescalingfunctionandthe waveletarede ned asfollow:

Y
°()= " mo(5) (20)
j=1
b( ) = mi(3)B(5) (21)
where
¥ .
mo( ) = ae X (22)
k= 4
ma( ) = ( D¥a e (23)
k= 4

andwherethe coefcients P 2a, areworth:

k P iak
0.643003+0.182852
0.151379-0.094223i
-0.080639-0.117947
-0.017128+0.008728j
0.010492+0.02059i

QW NP

With this decompositionwe can computethe products
hf; i usingthefastalgorithmof Mallat [9].

6 Experimentsand results

We appliedhereour methodto estimatethe optical o w in
four omnidirectionalsequencesTwo sequenceég 1, g
2) wherethe cameraundegoesan uniform translationmo-
tion andtwo sequenceég 3, g 4) wheretherobotturns
onitself. In eachcasewe have to compareour resultswith
the methodproposedby Bernard[2]. This methodis also
basedon a projectionof the BrightnessChangeConstraint
Equation(1) on a basiswaveletsbut it supposeshe o w is
locally constanbn the supportof this one. We will seethat
this hypothesidgs not corvenientin the caseof the omnidi-
rectionalimages. Notice that we do not computeherethe
errorof theoptical o w estimatiorbecauseve do notknow
thereal o w onthesesequences-However, thevarious g-
uresmale it possibleto seethe improvementmadeby the
new assumption.



In the caseof anuniform translationamotionof theom-
nidirectional camera,the methodof Bernard[2] remains
satishctorywith a smallmotion (g 1(b)) to considemway
total the ow ontheimage. Indeedto saythe ow is con-
stantcanbeasufcient assumptioron anareaof theimage
wherethe ow is vertical (left centerand right centerof
theimage). However this methodshows alreadygapswith
alarge motion (g 2(b)) becausehe distortiondueto the
sensolis not ngyligible in this case.Our method(g 1(a),
g 2(a)) makes possibleto correcttheseproblemsthanks
to awealer hypothesison the zonewherewe calculatethe
ow.

In the caseof arotationalmotion,the hypothesiausedby
Bernard[2], Lucasand Kanade[8] andothersin the case
of the planeimagesare never valid. Evenif this assump-
tion canbe a good approximationfor a small rotationthe

o w obtainedwith our method(3(a))is visually betterthan
with the methodproposedy Bernard(3(b)). In the caseof
a large rotational, the assumptiorof o w locally constant
cannotbeused(4(b)). By contrasiour methodalwaysgives
goodresultshecausehe hypothesiq7) takesaccounbf the
rotationalmotions.

7. Conclusionsand futur e works

In this paperwe have describeda methodto estimatethe
optical o w on the omnidirectionalimages. This method
computesthe ow in image sequencestarting from the
Brightnes€ChangeConstrainEquation.To solve "the aper

ture problem” we have to projectthis equationon a basis
of wavelets. Thenwe madea hypothesisof af nity of the
ow in the neighborhoodof the points where velocity is

computed. This hypothesisis wealer thanthe hypothesis
generallymadein the caseof planarimagesandallows to

estimatehe o w moreaccuratelyMoreover the useof dis-

cretewaveletbasisallows to computethe optical o w with

goodspeed.Indeedcomputationsverecarriedoutona PC
PENTIUM 933 MHz with animplementatiorunderMAT-

LAB andtheoptical o w computatioron 5 resolutionsfor

a monochromidmageof size256 256is about20s(we

canshaw thatour algorithmhave a compleity O(N 2) for

aimageof sizeN N) . Thisis a signi cant point for a

realtime application.

However our choiceof hypothesisvenif it makespossi-
bleto obtaingoodresultsdoesnotcharacterizeorrectlythe
non-lineardistortionsof theimagesdueto themirror geom-
etry. It would beinterestingn ourfutureworksto modelize
displacementsf the pointsin the imageaccordingto the
studiedsensorandthusto obtaina hypothesison the ow
which copewith thedistortions.
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