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Abstract

Themotionestimationcomputationin theimage sequences
is a signi�cant problem in image processing. Many re-
searcheswere carried out on this subjectin the image se-
quenceswith a traditional camera. Thesetechniqueswere
applied in omnidirectional image sequences.But the ma-
jority of thesemethodsare not adaptedto this kind of se-
quences.Indeedthey supposethe �ow is locally constant
but theomnidirectionalsensorgeneratesdistortionswhich
contradict this assumption. In this paper, we proposea
fastmethodto computetheoptical �ow in omnidirectional
image sequences.This methodis basedon a Brightness
Change Constraint Equationdecompositionon a wavelet
basis.To takeaccountof thedistortionscreatedby thesen-
sor, wereplacetheassumptionof �ow locally constantused
in traditional imagesbya hypothesismoreappropriate.

1 Intr oduction

This paperstudiesthe problem of the optical �o w esti-
mation in the omnidirectionalimagesequences.Our om-
nidirectional imagesare obtainedwith a parabolic mir-
ror locatedabove a traditional camera. This type of sen-
sorprovidesanomnidirectional(360degree)�eld of view
of the sceneobserved. They are widely used in many
roboticsapplications:localization,3D reconstruction,ob-
stacledetection...[12]. Thecomputationof theoptical �o w
will enableusto determineego-motioninformationaswell
asageneralmotioninformationof thescene[5].

In traditionalplanarimages,many researchesdealwith
optical �o w estimation. Thesemethodsare classi�ed in
threeclasses:matchingtechniques,energy-basedmethods,
differentialtechniques[1]. Thesemethodswereappliedin
omnidirectionalimages.Stratmann[10] provedin this case
theestimationoptical�o w estimationwith themethodpro-
posedby Fleet [4] is quietly robust andprecise. Because
of its computercomplexity, it is not possibleto usesuch
methodin roboticsapplications.Theauthorconcludedthe

methodproposedby LucasandKanade[8] makesa good
compromisebetweenrapidity andtheestimationaccuracy.
However, this methodis not completelyadaptedto theom-
nidirectionalimagesequences.Indeedthis techniquesup-
posesthe �o w is constanton an areaof the imagewhat is
never checkedin theomnidirectionalimagessincethesen-
sor generatesdistortionsof the sceneobserved. To solve
this problem, Daniilidis [3] proposedto take accountof
the sensorgeometryby computingthe optical �o w start-
ing from sphericalco-ordinate.It enableshim to obtainan
equationof the optical �o w constraintdifferent from that
usedusuallyin thetraditionalimagesequences.

In this article, we develop a methodwhich approaches
themethodof LucasandKanade[8] by takinginto account
thedistortionscreatedby thesensor. To ful�ll the require-
mentof real timesapplication,we follow the methodpro-
posedby Bernard[2] whichcarriesoutagoodcompromise
betweenprecisionof optical �o w estimationandspeedof
computation.Wewill show thismethodrequiresamultires-
olutionapproachto computetheoptical�o w. Thenwewill
describethefunctionsusedto estimatethe�o w. Finally we
will show our hypothesisgivesbetterresultsfor theomni-
directionalimagesthanoptical�o w assumingthatis locally
constant.

2 Optical �o w computation

The centralassumptionin optical �o w computationis the
intensity is constantalongthe timesfor eachphysic point
in theimage.Soif we assumethis grey-valuepreservation,
we caneasilyderive andobtainthewell known Brightness
ChangeConstraintEquation:

r I ((x; y); t):v((x; y); t) +
@I ((x; y); t)

@t
= 0 (1)

r I ((x; y); t) and @I (( x;y ) ;t )
@t are respectively gradientand

temporalderivativeof theintensityfunctionI ((x; y); t) and
v((x; y); t) is the�eld of optical�o w.
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Consideringthisequation(1), wecanonly estimatethenor-
mal velocitycomponentdenotedby :

vn = �
1

kr I k
:
@I
@t

(2)

To overcomethis problem called ”apertureproblem”,
HornandSchunck[6] introducethesmoothnessconstraints.
TretiakandPastor[11] assumedtheimagegradientconser-
vation in order to get two linear equations. The method
describedin our work usesthewavelet approachto obtain
moreequationsto estimatetheoptical�o w (v1; v2).
Let us considerthe waveletsbasis(	 n ) i =1 ��� N in L 2(R 2)
centeredaroundtheorigin (0; 0), andlet usconsidertheN
functionscenteredaroundthepointu = (u1; u2) de�ned as

	 n
u (x; y) = 	 n (x � u1; y � u2): (3)

Takingtheinnerproductof (1) with 	 n
u , we obtainthefol-

lowing system:

hr I :v +
@I
@t

; 	 n
u i = 0 8n = 1� � � N ; (4)

where

hf ; gi =
Z Z

f (x)g(x)dxdy: (5)

And �nally , thatleadsto

h
@I
@x

v1; 	 n
u i + h

@I
@y

v2; 	 n
u i + h

@I
@t

; 	 n
u i = 0; 8n = 1::N :

(6)
To performthe computations,we have to make onemore
assumptionon theunknowns(v1; v2).
Whenwedealwith planarimages,it is usualto assumethat
the �o w is locally constant[2], [8]. With the omnidirec-
tional images,this hypothesisis never valid. Insteadof the
constancy assumptionof the velocity, we proposeto mod-
elize theoptical �o w v(x; y) = (v1(x; y); v2(x; y)) on the
supportof thewavelet	 n

u with anaf�ne modelde�ned by :

v1(x; y) = ax + by+ c
v2(x; y) = dx + ey + f

8(x; y) 2 supp	 n
u 8n = 1::N :

(7)

With this model, we supposethe observed motion is not
locally constantbut it featuresrotation,translationanddi-
latationor any combinationof thesebasicmotions.
By substitutingtheaf�ne modelin thesystem(6) weobtain
thesystem:

ahx @I
@x ; 	 n

u i + bhy @I
@x ; 	 n

u i + ch@I
@x ; 	 n

u i +
dhx @I

@y ; 	 n
u i + ehy @I

@y ; 	 n
u i + f h@I

@y ; 	 n
u i +

h@I
@t ; 	 n

j k i = 0 8n = 1::N :
(8)

Integratingby parts,we obtaina new systemwheretheco-
ef�cient (a;b;c;d;e;f ) aretheunknowns,thissystemreads

asfollows:

a
�

hxI ; @	 n
u

@x i + hI ; 	 n
u i

�
+ bhyI ; @	 n

u
@x i + chI ; @	 n

u
@x i +

dhxI ; @	 n
u

@y i + e
�

hyI ; @	 n
u

@y i + hI ; 	 n
u i

�
+ f hI ; @	 n

u
@y i =

h@I
@t ; 	 n

u i 8n = 1::N :
(9)

Sothe”apertureproblem”canbesolvedif N � 6. Theopti-
cal �o w estimationatthepointu = (u1; u2) is equivalentto
estimatethe 6 unknowns (a;b;c;d;e;f ). In the following
werewrite oursystem(9) in thisasfollows

M u V = X u with V = (a;b;c;d;e;f )T : (10)

3 Temporal aliasing

To relaxthehypothesis(7), we would like to take wavelets
with thesmallestpossiblesupport.Howevertheapproxima-
tion of thetemporalderivative @I

@t with the�nite difference
I (t + 1) � I (t) forcesto assumethe conversehypothesis.
Indeedif wesupposetheimagesequenceis auniformtrans-
lationof vectorv.

I ((x; y); t) = I (x � tv ; y � tv): (11)

Let usconsiderthefunctions n onvariousscales

	 n
us (x; y) = s� 1	 n (

x � u1

s
;

y � u2

s
) (12)

andtheapproximation

@I
@t

' I (t + 1) � I (t) (13)

[2] show thatif wereplace@I
@t by I (t + 1) � I (t) in (9), this

equationis again valid if vs� 1 is not large, i.e thereexists
M suchthat

kvk < M s (14)

Consequentlyit is necessaryto makeabalancebetweenthe
hypothesis(7) and(14). We do not know the�o w we want
to compute,thenwemustdealwith waveletswhichsupport
varies. This can be performedwith a suitableversionof
thewell-known multiresolutionmethod.In coarsegrid we
computelargedisplacementsandwere�ne progressively to
computethelow speeds.

4 Multir esolution

To apply multiresolutionmethodwe considerthe discrete
waveletbasisde�ned asfollow:

 n
j k (x; y) = 2j  n (2j x � k1; 2j y � k2); (15)

wherek = (k1; k2) andj is a resolutionindex. For eachj
�x edandfor eachk, weobtainN equationswhichallow to

2



computethe �o w at thepoints(2j k1; 2j k2) by solving the
system

a
�

hxI ;
@	 n

j k

@x i + hI ; 	 n
j k i

�
+ bhyI ;

@	 n
j k

@x i

+ chI ;
@	 n

j k

@x i + dhxI ;
@	 n

j k

@y i + e
�

hyI ;
@	 n

j k

@y i + hI ; 	 n
j k i

�

+ f hI ;
@	 n

j k

@y i = h@I
@t ; 	 n

j k i 8n = 1::N :
(16)

Wedenotethissystemas

M j
k V j

k = X j
k with V j

k = (a;b;c;d;e;f )T : (17)

For eachk, we distinguish3 possibilities:eitherthesystem
is badly conditioned(Cond(M j

k V j
k ) > Cst), or the solu-

tion of the system(17) doesnot �ll the assumption(14),
or thesolutionis valid. In both �rst cases,the �o w cannot
becalculatedin this point andin this resolution.In thelast
case,we estimatethat the solutionof the system(17) is a
measureof theoptical�o w at thepoint (2j k1; 2j k2) aslong
aswecannotperformanothercomputationat thispoint in a
�ner resolution(where(7) is weaken). This is summarized
by thefollowing procedure:

ProcedureOpticalFlow(I 1,I 2,J)
I 1 andI 2 2 consecutive imagesof sizeX � Y
J thecoarsestresolution

for j=-J:0
for k1=1:2� j X andk2=1:2� j Y

if thesystem(17) is badlyconditioned
V j

k = V j � 1
k=2

elseSol = (M j
k ) � 1Y j

k
if kSolk > M 2j

V j
k = V j +1

k=2

elseV j
k = Sol

endif
endif

endfor
endfor

5 The choiceof wavelets

In imageprocessingwe usea tensorialproductof a scaling
function � the wavelet associated in L 2(R ) to de�ne a
basisof L 2(R 2) with 3 functions:

	 1(x; y) = � (x) (y)
	 2(x; y) =  (x)� (y)
	 3(x; y) =  (x) (y)

(18)

In ourcaseto solve”the apertureproblem”,wemustchoose
complex valuedwavelets.Indeedasweseekarealsolution,
if theequations(10) arecomplex, thesystemis equivalent

to: �
ReMu

I mM u

�
V =

�
ReXu

I mX u

�
: (19)

Thusweget6equationsand6unknowns(a;b;c;d;e;f ).
Solving(19) is thenasimpleinversionof size6 � 6 matrix.
We chosethe complex Daubechieswavelets [7] of order
4. Thesewaveletsarecomplex valued,realandimaginary
partsfeaturingsymmetriesandhave 5 vanishingmoments.
Thescalingfunctionandthewaveletarede�ned asfollow:

b� (� ) =
1Y

j =1

m0(
�
2j ) (20)

b (� ) = m1(
�
2

) b� (
�
2

) (21)

where

m0(� ) =
5X

k= � 4

ak e� ik � (22)

m1(� ) =
5X

k= � 4

(� 1)k a1� k e� ik � (23)

andwherethecoef�cients
p

2ak areworth:

k
p

2ak

1 0.643003+0.182852i
2 0.151379-0.094223i
3 -0.080639-0.117947i
4 -0.017128+0.008728i
5 0.010492+0.02059i

With this decompositionwe can compute the products
hf ; 	 n

j k i usingthefastalgorithmof Mallat [9].

6 Experimentsand results

We appliedhereour methodto estimatetheoptical �o w in
four omnidirectionalsequences.Two sequences(�g 1, �g
2) wherethecameraundergoesanuniform translationmo-
tion andtwo sequences(�g 3, �g 4) wherethe robot turns
on itself. In eachcasewe have to compareour resultswith
the methodproposedby Bernard[2]. This methodis also
basedon a projectionof theBrightnessChangeConstraint
Equation(1) on a basiswaveletsbut it supposesthe�o w is
locally constanton thesupportof thisone.We will seethat
this hypothesisis not convenientin thecaseof theomnidi-
rectionalimages.Notice that we do not computeherethe
errorof theoptical�o w estimationbecausewedonotknow
thereal �o w on thesesequences.However, thevarious�g-
uresmake it possibleto seethe improvementmadeby the
new assumption.
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In thecaseof anuniformtranslationalmotionof theom-
nidirectionalcamera,the methodof Bernard[2] remains
satisfactorywith a smallmotion (�g 1(b)) to considerway
total the �o w on the image. Indeedto saythe �o w is con-
stantcanbeasuf�cient assumptiononanareaof theimage
wherethe �o w is vertical (left centerand right centerof
the image).However this methodshows alreadygapswith
a large motion (�g 2(b)) becausethe distortiondueto the
sensoris not negligible in this case.Our method(�g 1(a),
�g 2(a)) makes possibleto correcttheseproblemsthanks
to a weaker hypothesison thezonewherewe calculatethe
�o w.

In thecaseof arotationalmotion,thehypothesisusedby
Bernard[2], LucasandKanade[8] andothersin the case
of the planeimagesarenever valid. Even if this assump-
tion canbe a goodapproximationfor a small rotation the
�o w obtainedwith our method(3(a))is visually betterthan
with themethodproposedby Bernard(3(b)). In thecaseof
a large rotational,the assumptionof �o w locally constant
cannotbeused(4(b)). By contrastourmethodalwaysgives
goodresultsbecausethehypothesis(7) takesaccountof the
rotationalmotions.

7. Conclusionsand futur eworks

In this paperwe have describeda methodto estimatethe
optical �o w on the omnidirectionalimages. This method
computesthe �o w in image sequencesstarting from the
BrightnessChangeConstraintEquation.To solve”the aper-
ture problem” we have to project this equationon a basis
of wavelets. Thenwe madea hypothesisof af�nity of the
�o w in the neighborhoodof the points wherevelocity is
computed.This hypothesisis weaker than the hypothesis
generallymadein the caseof planarimagesandallows to
estimatethe�o w moreaccurately. Moreover theuseof dis-
cretewaveletbasisallows to computetheoptical �o w with
goodspeed.Indeedcomputationswerecarriedout on a PC
PENTIUM 933MHz with an implementationunderMAT-
LAB andtheoptical �o w computationon 5 resolutionsfor
a monochromicimageof size256� 256 is about20s(we
canshow thatour algorithmhave a complexity O(N 2) for
a imageof sizeN � N ) . This is a signi�cant point for a
realtimeapplication.

Howeverourchoiceof hypothesisevenif it makespossi-
bleto obtaingoodresultsdoesnotcharacterizecorrectlythe
non-lineardistortionsof theimagesdueto themirror geom-
etry. It wouldbeinterestingin our futureworksto modelize
displacementsof the points in the imageaccordingto the
studiedsensorandthusto obtaina hypothesison the �o w
whichcopewith thedistortions.
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Figure1: Omni-imagestakenfromasmalltranslationalmo-
tion (a)optical�o w estimationwith ourmethod,(b) optical
�o w estimationwith methodproposedby Bernard.
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Figure2: Omni-imagestakenfrom alargetranslationalmo-
tion (a)optical�o w estimationwith ourmethod,(b) optical
�o w estimationwith methodproposedby Bernard.
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Figure3: Omni-imagestaken from a small rotationalmo-
tion (a)optical�o w estimationwith ourmethod,(b) optical
�o w estimationwith methodproposedby Bernard.
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Figure4: Omni-imagestakenfrom alargerotationalmotion
(a)optical�o w estimationwith ourmethod,(b) optical�o w
estimationwith methodproposedby Bernard.
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