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Abstract

Detectingand segmentingmoving objects in dynamic
scenesis a hard but essentialtask in a numberof appli-
cationssuch as surveillance. Most existing methodsonly
givegoodresultsin thecaseof persistentor slowlychang-
ing background,or if both theobjectsand thebackground
arerigid. In thispaper, weproposea new methodfor direct
detectionandsegmentationof foregroundmovingobjectsin
theabsenceof such constraints.First,groupsof pixelshav-
ing similar motionandphotometricfeaturesare extracted.
For this �r st steponly a sub-gridof image pixelsis usedto
reducecomputationalcostandimproverobustnessto noise.
We introducetheuseof p-valueto validateoptical �ow es-
timatesand of automaticbandwidthselectionin the mean
shift clusteringalgorithm. In a secondstage, segmenta-
tion of theobjectassociatedto a givenclusteris performed
in a MAP/MRFframework. Our methodis able to handle
moving camera and several different motionsin the back-
ground. Experimentson challengingsequencesshowthe
performanceof theproposedmethodandits utility for video
analysisin complex scenes.

1. Intr oduction

Detectionof moving objectsin sequencesis an essen-
tial stepfor videoanalysis.It is a dif�cult taskin thepres-
enceof a dynamicbackground.Differentkindsof methods
exist to solve the problemof motion detectionandmotion
segmentation. One of them is backgroundmodelingand
subtraction,which is a preliminarystepto moving object
detectionandsubsequentprocessingis necessaryto getthe
masksof moving objects.First workswerebasedon adja-
centframesdifference[12]. However, this simplemethod
is unsuitablefor real world situationsandstatisticalmeth-
odswereintroducedto modelthebackground.Background
modelingmethodscanbeclassi�edaspredictiveornonpre-
dictive methods.Non-predictivemethodsbuild a probabil-
ity densityfunction of the intensityat an individual pixel
[8] [10]. Non parametricapproachesaremoresuitedwhen

the densityfunction becomescomplex [7]. Until recently,
most methodswere basedon photometricproperties. In
[15], Mittal and Paragiospresenta non parametricalgo-
rithm thatcombinescolor and�o w features,andintroduce
a variablebandwidthkernel. Predictive methodsusea dy-
namicalmodel to predict the valueof a pixel from previ-
ousobservations[25]. All thesepixel-wiseapproachesal-
low an accuratedetectionof moving objectsbut aremem-
ory andpossiblycomputationallyexpensive.Also, they can
be sensitive to noiseandthey don't take into accountspa-
tial correlation. For thesereasons,spatialconsistency can
beaddedasin [19], wherea MAP-MRF modelingof both
foregroundand backgroundis usedto detectmoving ob-
jects. This methodhasbeenextendedto novelty detection
in [14]. Featurebasedmodelsalso exist for background
modeling.For example,in [26], thebackgroundis modeled
only on corners,andmoving objectsarethenfoundby the
clusteringof foregroundfeaturestrajectories.For numerous
outdoorsequences,the changesin the backgroundappear
suddenlyand,in caseof grayscalevideos,theobjectsmay
have intensityvaluescloseto the onesof the background.
Hence,backgroundmodelingis dif�cult andoftennot suf-
�cient.

Anotherapproachto detectmoving objectsis to extract
groupsof salientmotion by accumulating�o ws consistent
in termsof directionoversuccessive frames[23] [20].

Motion segmentationcan also be seenas the problem
of �tting a collectionof motion modelsto the imagedata.
Theselayered approachesoften use EM algorithm [22]
or more recently graph cuts [24] to extract layers. The
problemcanalsobe castin termsof multi-body factoriza-
tion, andmany paperscanbe found on this subjectwhen
the sceneis static. In [21], it wasadaptedfor both static
and dynamic scenes. Recently, in [17], an incremental
approachto layer extractionhasbeenintroduced.Feature
points are detected,tracked and then merged into groups
basedon their motion. Objectsaredetectedincrementally
when enoughevidence can distinguish them from their
background.



In this paper, we areinterestedin challengingsequences
containingcomplex motions,possiblywith highamplitude,
andsuddenchangesin thebackground.For example,in the
context of driver surveillance,the motionsvisible through
the windows are often hard to characterize. The “back-
ground” is composedof both the passengercompartment
and what is behind the windows. Furthermore,contrast
betweenbackgroundand interestingobjects(face,hands)
canbe low. Also, the sequenceswe considercanbe shot
by a moving camera.Our work doesnot aim at modeling
thebackgroundor at �nding every layerbut only at detect-
ing moving foregroundobjects.We de�ne theseobjectsas
groupsof pixels thataresalientfor bothmotionandcolor.
Our algorithmcanbedividedin four mainsteps.First, the
cameramotion is computedandthe imagesrecti�ed (sec-
tion 2). All pixelswhosemotionis closeto thecameramo-
tion areleft apartfor thetwo next steps.In orderto reduce
thecomputationalcostandto be morerobust to noise,we
restrictmomentarilytheanalysisto a subgridof “moving”
pixels, i.e. not belongingto cameramotion (section3). A
descriptoris de�ned to characterizethem. They are then
mergedinto clustersconsistentfor both color andmotion
(section4). Fromtheclusters,thecompletepixel-wiseseg-
mentationof moving objectsis found usinga MAP-MRF
framework (section5). Finally, section6 presentssomeex-
perimentalresults.

2. Sensormotion

Most of thetestsequencesweareworking onhavebeen
taken by a moving handheldcamera.We assumethat the
apparentmotioninducedby thephysicalmotionof thecam-
erais dominantin theimageandis well approximatedby an
af�ne motion�eld. In thispaper, I (g)

t denotesthegrayscale
imageat time t, I (c)

t thecolor imageandP thesetof pixels
in the imageI (g)

t . Thedisplacedframedifferencebetween
two consecutiveframesI (g)

t +1 andI (g)
t is givenby:

D t (p) = I ( g)
t +1 (p + ~wt (p)) � I ( g)

t (p) + � t ; (1)

wherep is apixel (p 2 P), ~wt (p) theassociated�o w vector
and� t a global intensityshift to accountfor global illumi-
nationchanges.As in [16], theestimationof theparameters
de�ning motion�eld ~wt andglobalshift � t is doneusingan
M-estimator. Theweightmapof theM-estimatoris denoted
asWt (Wt (p) 2 [0; 1]). The �nal mapindicatesif a pixel
participatesto therobustmotionestimation(Wt (p) closeto
1) or is moreconsideredasan outlier (Wt (p) closeto 0).
A simplepixel-wisemotiondetectorcanbebuilt usingthis
map.A pixel is consideredas”moving” at time t if it is an
outlier to thedominantmotionat timest andt � 1:

M t (p) =
�

1 if Wt (p + ~wt � 1(p)) + Wt � 1(p) = 0
0 else :

(2)

If, for apixel p, M t (p) = 0, it is consideredasamotionless
pixel. In thesequel,~I (g)

t +1 will denoteback-warpedimages:

~I (g)
t +1 (p) = I (g)

t +1 (p + ~wt (p)) + � t .

3. Selectionand description of points

Thegoalof thealgorithmis to build andsegmentgroups
of pixelsconsistentbothfor motionandfor somephotomet-
ric or colorimetricfeatures.Thesegroupsmustcorrespond
to interestingmoving objects.Processingis only doneon a
subsetof moving pointsandtheir neighborhoods.Thissec-
tion presentsthede�nition of this subsetof pointsandthe
pointdescriptionusedto performclustering.

3.1. Selection

In [26], theauthorshavechosento usecorners,detected
with theHarriscornerdetector. Theauthorsjustify theuse
of cornersby claimingthatamoving objectcontainsalarge
numberof corners.In our experiments,we have observed
that the numberof cornersbelongingto a moving object
canbe much lower than the numberof cornersbelonging
to thebackground.Besides,if variationsin thebackground
arefastandif parallaxchanges,thenumberof cornersand
their neighborhoodcanbesignicatively differentfrom one
frameto theother. Finally, cornerdetectionaddsonestage
of calculationandrequirestwo thresholds.

As no a priori is assumedaboutthe shapeand texture
of objects,we have chosento usepointsof arbitrarytype.
Hence,we only usea grid of pointsregularlyspreadon the
image.As thepurposeis to detectmoving objects,thesim-
ple pixel-wisemotiondetectorfrom section2 is usedto re-
strict thisstepto thegrid subset:

G = f p = (
k:w
N

;
l :h
N

); k = 0 � � � N ; l = 0 � � � N j M t (p) = 1g ;

(3)
wherew and h are the dimensionsof the imageand N 2

the sizeof the grid beforepruning. The valueof the pa-
rameterN is important. It controls the balancebetween
computationalcost(regionalmethods)andaccuracy (local
methods).Next stepof thealgorithmcanbecomecompu-
tationally expensive if the numberof pointsof the grid is
too large. An importantthing to note is that N may de-
pendon the numberm of “moving” pixels in the image,
m =

P
p2P M t (p). To limit thecomputationalcostfor clus-

terscreation,we�x thenumberof pointsn (1000in ourex-
periments)thatwill bekeptin furtherstepsof thealgorithm.
ThesizeN of thegrid is thensetasN =

p
w � h � n=m.

3.2. Description

Now that thepointsarechosen,thefeaturesthatwill be
usedto createclusterscorrespondingto objectsneedto be
de�ned. It is necessaryto choseonly few discriminantfea-
tures. An object is de�ned asa moving andcompactarea
over which thevaluesof displacementandphotometryare
nearlyconstants.Color is not suf�cient becausethe con-
trastbetweenan objectand the backgroundcanbe small,



asis �o w in caseof similar motion betweenanobjectand
the background.Hencethe descriptoris formedby three
differentgroupsof features.The�rst groupis composedof
thecoordinatesof thepoint. Thesecondgroupcontainsits
motion,andthelastonecontainsdiscriminantphotometric
features.

3.2.1 Motion features

As we try to detectmoving objects,an essentialfeatureis
thedisplacementof theselectedpoints.It is computedusing
anoptical�o w techniquerobustto local linearillumination
changes.We usedLucasandKanadealgorithm[13], with
an incrementalmultiscaleimplementation.A parametera
thataccountsfor local illuminationchangeshasbeenadded.
The�o w (dx ; dy ) at eachparticularpoint p = (x; y) of the
grid is thenobtainedby solving:

argmina;d x ;d y

X

( x 0;y 0) 2V ( p)

(a~I ( g)
t +1 (x0+ dx ; y0+ dy ) � I ( g)

t (x0; y0)) 2

(4)
whereV(p) is theneighborhoodof p. As it is well known,
Lucas and Kanadealgorithm has some drawbacks: the
brightnessconstancy is not satis�ed and there is no spa-
tial consistency. We could have usedHorn and Schunk
algorithm [11] that addsa smoothnessterm to regularize
over thewholeimageor therobustestimationof Blackand
Anandan[1] to get a betterestimation.However theseal-
gorithmsaremoreexpensiveandwedonotaimathaving a
perfectestimationover theall image.

To validatevaluesof displacement,acomparisonis done
betweenthe neighborhoodof pixel p = (x; y) in image
at time t (datasampleX ), andthe neighborhoodof point
p0 = (x + dx ; y + dy ) at time t + 1 (datasampleY ). The
linear relationshipbetweenintensityvaluesof X andY is
estimatedby computingthenormalizedcrosscorrelationr .
Unfortunately, thecorrelationdoesnottakeinto accountthe
individual distributions of X and Y . Henceit is a poor
statisticsfor decidingwhetheror not two distributionsare
really correlated.Statisticaltestsexist to assessthis corre-
lation. Oneof suchtestsis basedon so-called“p-value”.
Thep-valueis theprobabilitythattheresultshavebeenob-
tainedby chancealone. Here the null hypothesisasserts
that the two distributionsareuncorrelated.If onewantsto
limit to 5% therisk thata falsepositive errorhasoccurred,
thendataareassumedcorrelatedif thep-valueis lowerthan
0:05. If not, themotionvectorat point p is consideredasa
nonvalid andwill notbeusedin next stepsof thealgorithm.
Finally, a new grid

G = f p = (
k:w
N

;
l :h
N

) j M t (p) = 1 & pvalue(p; p0) < 0:05g

(5)
is obtainedwith a �o w vectorF (p) associatedto eachof its
pointp. Thesizeof thegrid Gwill bedenotedasM = jGj.

3.2.2 Photometric features

Toberobustto noise,thephotometricfeaturesarecomputed
over theneighborhoodof eachpoint of thegrid de�ned in
previoussubsection.We observedthatthethreeRGB color
channelsdo not give the bestrepresentationof images.In
factmostof our testsequencescontainhumanskin, which
hasaspeci�c signaturein thespaceof chrominance.Hence,
it is interestingto useinsteada color systemrepresenting
thechrominance,e.g., thesystemYUV. Thischoiceproved
appropriatefor varioustypesof sequences.To includesome
simpletemporalconsistency, we addimaget + 1 chromi-
nancevaluesof thecorrespondingpoint.

Finally, thedescriptorat eachindividual valid point in-
dexedby i (i = 1 : : : M ) of thegrid is:

x ( i ) = f x ( i )
1 ; x ( i )

2 ; x ( i )
3 g; (6)

where
x ( i )

1 = f x; yg , x ( i )
2 = f dx ; dy g ,

x ( i )
3 = f Yt (x; y); Ut (x; y); Vt (x; y);

Yt +1 (x0; y0); Ut +1 (x0; y0); Vt +1 (x0; y0)g;
with (x0; y0) = (x + dx ; y + dy ), and: denotesthemeanover
theneighborhood.

4. Grouping points

Now thata grid of valid pointshasbeenchosenandde-
scribed,weaddresstheproblemof groupingthepointsinto
clusters.

4.1. Mean shift for mixed feature spaces

An appealingtechniqueto extract the clustersis the
Mean Shift algorithm, which doesnot require to �x the
(maximum)numberof clusters.On theotherhandtheker-
nelbandwidthandshapefor eachdimensionhasto becho-
senor estimated. Mean shift is an iterative gradientas-
centmethodusedto locatethedensitymodesof a cloudof
points,i.e. thelocalmaximaof its density[6]. Herethethe-
ory isbrie�y reminded.Giventhesetof pointsf x ( i ) gi =1 ::M

in thed-dimensionalspaceRd, thenon-parametricdensity
estimationateachpoint x is givenby:

bf H ;k (x ) =
1

n(2� )d= 2kH k1=2

MX

i =1

k(kH � 1=2(x � x ( i ) )k2) (7)

wherek is a kernel pro�le and H the bandwidthmatrix.
Introducingthenotation

g(x ) = � k0(x )

leadsto thedensitygradient:

r bf H ;k (x ) = H � 1 bf H ;g (x ) m H ;g (x ) (8)



wherem H ;g is the”meanshift” vector,

m H ;g (x ) =

P M
i =1 x ( i ) g

�
kH � 1=2(x � x ( i ) )k2

�

P M
i =1 g

�
kH � 1=2(x � x ( i ) )k2

� � x : (9)

Using exactly this displacementvectorat eachstepguar-
antiesconvergenceto the local maximumof the density.
With a d-variateGaussiankernel,equation9 becomes

m H ;g (x ) =

P M
i =1 x ( i ) exp(� 1

2 D 2(x ; x ( i ) ; H ))
P M

i =1 exp(� 1
2 D 2(x ; x ( i ) ; H ))

� x (10)

where

D 2(x ; x ( i ) ; H ) � (x � x ( i ) )T H � 1(x � x ( i ) ) (11)

is theMahalanobisdistancefrom x to x ( i ) .
Assumenow thatthed-dimensionalspacecanbedecom-

posedastheCartesianproductof S (3 in ourcase)indepen-
dentspacesassociatedto differenttypesof information(e.g.
position,color : : :), alsocalledfeaturespacesor domains,
with dimensionsds ; s = 1: : : S (where

P S
s=1 ds = d). Be-

causethedifferenttypesof informationareindependent,the
bandwidthmatrixH becomesH = diag[H 1 : : : H S ] andthus
themeanshift vectorcanberewrittenas

m H ;g (x ) =

P M
i =1 x ( i ) Q S

s=1 exp(� 1
2 D 2(x s ; x ( i )

s ; H s ))
P M

i =1

Q S
s=1 exp(� 1

2 D 2(x s ; x ( i )
s ; H s ))

� x

(12)

wherex ( i ) T
= (x ( i )

1

T
; : : : ; x ( i )

S

T
) and x T = (x T

1 ; : : : ; x T
S ).

Themeanshift �ltering is obtainedby successivecomputa-
tionsof equation10 or 12 andtranslationof thekernelac-
cordingto themeanshift vector. This procedureconverges
to thelocalmodeof thedensity[6].

4.2. Bandwidth selection

Thepartitionof thefeaturespaceisobtainedby grouping
togetherall thedatapointswhoseassociatedmeanshift pro-
ceduresconvergedto thesamemode.Thequalityof there-
sultshighly dependson thechoiceof thebandwidthmatrix
H . In [5], Comaniciuproposesto �nd thebestbandwidths
within a rangeof B prede�nedmatricesf H ( b) ; b = 1 : : : B g.
MeanShift partitioningis �rst runat eachscale(for bvary-
ing from 1 to B ). For eachdatapointx ( i ) , ananalysisof the
sequenceof clustersto which thepoint is associatedis per-
formed. The scalefor which the clusteris the moststable
is selected,alongwith associatedbandwidth,for datapoint
x ( i ) . Therefore,the algorithmcanbe decomposedin two
steps. The �rst one is called bandwidthevaluationat the
partitionlevel. It consistsin �nding a parametricrepresen-
tation of eachclusterin orderto do the comparisons.The
secondstepcalledevaluationat thedatalevel is theanalysis
of clustersequencesat eachdatapoint.

An iterative algorithmdedicatedto bandwidthselection
for mixedfeaturespaceshasbeenderivedfrom thismethod
[4]. Best bandwidthsare then iteratively found for posi-
tion,colorandmotion.Therangeof prede�nedmatricesfor

color andmotion is directly computedfrom imagenoises.
IntroducingC the setof pairsof neighboringpointsof the
grid, jCj its cardinal,I ds the identity matrix of dimension
ds , andthemeanandstandarddeviation :

� s =
1

jCj

X

( i;j ) 2C

jx ( i )
s � x ( j )

s j; (13)

� s =

s
1

jCj

X

( i;j ) 2C

(jx ( i )
s � x ( j )

s j � � s )2 ; (14)

therangeof matricesfor color (s = 3) andmotion(s = 2)
of sizeds canbewrittenas

H ( b)
s = (� +

2b�
B

)I ds ; b = 1 : : : B : (15)

Therangeof matricesfor positionreads:

H ( b)
1 =

4b
B

(
w
N

;
h
N

)I d1 ; b = 1 : : : B : (16)

Thebestbandwidthobtainedattheendof thebandwidthse-
lectionalgorithmwill bedenotedas ~H = diag[ ~H 1; ~H 2; ~H 3

in thesequel.
At theendof themeanshift clusteringprocedure[4] sev-

eralclustersareobtained,eachcorrespondingto a moving
objector objectpart. We retainonly largeenoughclusters
(e.g., with morethan15grid points).

5. Segmentation

Segmenting the object associatedto a given cluster
amountsto assigningalabellp, either“background”or “ob-
ject”, to eachpixel p of theimage.This problemcanbere-
formulatedinto thegraphcutframeworkasabi-partitioning
problem. Recentlygraphcutshave beenincreasinglyused
in imagesegmentation.Thereasonfor sucha popularityis
that theexactmaximuma posteriori(MAP) of a two label
pairwiseMarkov RandomField (MRF) can be computed
in polynomialtime usingmin-cut/max-�ow algorithms[9].
In seminalpaper[3], Boykov et al. introducean iterative
foreground/backgroundsegmentationsystembasedon this
principle,usinghardconstraintsprovidedby theuser. Here
wecandirectly learnsomepropertiesof theobjectfrom the
grid pointsbelongingto its cluster. Thesepointsarecalled
inliers. Theenergy functionto minimizeis de�ned as:

E t (L ) = � 
 c

X

p2P

ln(Pr( I ( c)
t (p)jlp )) � 
 m

X

p2G

ln(Pr( F (p)jlp))+

�
X

( p;q ) 2V

exp�
k I

( g )
t ( p ) � I

( g )
t ( q ) k 2

� 2 :
1

dist( p; q)
(1 � � (lp ; lq))

(17)

whereL is the set of all the labels lp, p 2 P, V is the
setof unorderedpairs(p;q) of neighboringelementsof P
andI (c)

t is theoriginalRGBcolor imageconvertedto YUV
color space. The parameters
 m , 
 c, � are someweight
constantsdiscussedbelow.



The two �rst termsof the cost function are basedon
pixel-wisemodelingof color andmotion featuresdistribu-
tions.Motion termonly concernsthepointsof thegrid. For
both color and motion, object distributionsare built from
histogramson the inliers. For the background,histograms
arebuilt asfollows. For color it is computedon theall im-
agewhereasfor motion it is only computedon thegrid. In
[2], authorshaveshown thatit is possibleto forcesomepix-
els to belongto the objector to the background.Herewe
forceinliers to belongto theobject.Becausefor motionwe
only take pointsof thegrid, we choseto settheparameters

 c and
 m suchthat
 c = 1 and


 m =
w + h

2N
: (18)

Theparameter� in thethird energy termcanberelated
to noise[18]. Herewe alreadyhave its approximatevalue
from thebandwidthselectionin meanshift clustering.Thus
wechose� as

� 2 = k ~H 3k2 : (19)

Thevalueof parameter� hasnot beenreally studiedin lit-
erature.To avoid apossiblesaturationof all binaryedgesin
themax-�ow procedure,we �x hereits valueas:

� = argminp 
 c

X

p2P

ln(Pr( I ( c)
t (p)jlp ))+ 
 m

X

p2G

ln(Pr( F (p)jlp)) :

(20)
At theend,we obtainonesegmentationfor eachcluster.

6. Resultsof objectsdetection

Existing methodsfor motion detectionare limited to
small or regular motion in the background,to small mo-
tion of the objects,or to rigid layers. To demonstratethe
strengthof our methodwe show resultson threechalleng-
ing sequencesfor whichtheseconstraintsdonotnecessarily
hold.

In �gures 1-3, the �rst columnshows several framesof
the video sequences.The secondand third columnsdis-
play, overlaid on eachof theseframes,the resultsof the
meanshift clusteringalgorithmandof thesegmentational-
gorithmrespectively. Differentcolorsareusedto represent
thedifferentmoving objectsof thescene.Notethatthereis
no temporalconsistency eitherbetweenobjectsor between
their colors. Theassignedcolorsonly dependon theorder
in whichouralgorithmdetectstheobjects.

The �rst video(�gure 1) is a tennissequencewhich in-
cludesacomplex backgroundmotionwithin thespectators,
the rapid motion of the playerandhis racket, andthe fast
panandzoom-outof thecamera.Despitethis complex dy-
namic content,our algorithm detectedthe player in each
frameof the sequence.On the �rst framepresentedhere,
theracket andthebodyhave a completelydifferentmotion
andthereforethey aredetectedseparately.

Thesecondresults(�gure 2) areonasequenceof awater
skier. Thedynamiccontentof waterregionsis all themore
complex since they include projectionsbehind the skier.
Goodresultson this video arepartly due to the useof p-
valuefor thevalidationof optical�o ws. Notehowever that
partof thewateris sometimesdetectedasa moving object.

Thelastsequencepresentedhere(�gure 3) showsa per-
sondriving a car. This typeof sequencesis verydif�cult as
variouscomplex motionsappearthroughthewindow, with
suddenspeed,illumination andparallaxchanges.Our al-
gorithm was nonethelessable to captureinterestingfore-
groundobjects,i.e., thefaceandthehands,whenthey were
moving. In thesecondframe,thefacestoppedmoving and
thereforeis not detected.As with portionsof waterin the
previous example, objectsbehind the window are some-
timesdetectedby themeanshift clusteringalgorithm. We
believe thataddingtemporalconsistency or trackingwould
allow therejectionof suchtransientdetectionswhile lock-
ing on interestingobjectseven if they stopmoving. Note
also that someinliers from the grid remain isolatedafter
graphcutsegmentation(suchpoints, hardly visible in the
�nal transparentoverlay, canbe seenon close-ups).They
couldbeeasilyeliminatedin apost-processingstep(e.g., re-
tainingonly largestconnectedcomponents),asoftendone
in staticimagesegmentation.

7. Conclusionand futur e work

We have presenteda techniqueto detectand segment
moving objectsin complex dynamicscenesshot by pos-
sibly moving cameras.As we only work on a subgrid of
pixels,andbecausewe do not modelthe background,this
methodis notcomputationallyandmemoryexpensive. The
useof spatial,dynamicandphotometricfeaturesallows the
extractionof moving foregroundobjectsevenin presenceof
illumination changesandfastvariationsin thebackground.
Distinctive ingredientsof our approachincludethe useof
p-value to validateoptical �o w vectors,the useof auto-
matic multidimensionalbandwidthselectionin the mean
shift clusteringalgorithmandtheuseof sparsemotiondata
in a MAP-MRF framework. It is worth emphasizingthat
theparametersinvolvedin thepreliminarymotion compu-
tations (optic �o w and parametricdominantmotion) are
�x edto thesamevaluesin all experiments,while theother
parameters(for clusteringandsegmentation)areautomati-
cally selected.We plan in the future to addtemporalcon-
sistency eitheronaframe-to-framebasisor within a tracker
whose(re)initializationwould rely ondetectionmaps.
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