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Abstract— We address the issue of image sequenceanalysis
jointly in spaceand time. While typical approachesto such an
analysisconsider two image frames at a time, we proposeto per-
form this analysisjointly over multiple frames.Weconcentrateon
spatio-temporal segmentationof imagesequencesand on analysis
of occlusion effects therein. The segmentationprocessis thr ee-
dimensional (3-D); we search for a volume carved out by each
moving object in the imagesequencedomain, or “object tunnel”,
a new space-timeconcept. We pose the problem in variational
framework by usingonly motion information (no intensity edges).
The resulting formulation can be viewed as volume competition,
a 3-D generalization of region competition. We parameterize
the unknown surface to be estimated,but rather than using an
active-surfaceapproach, we embed it into a higher-dimensional
function and apply the level-set methodology. We �rst develop
simple models for the detection of moving objects over static
background; no motion models are needed.Then, in order to
impr ove segmentationaccuracy, we incorporate motion models
for objects and background. We further extend the method by
including explicit models for occluded and newly-exposedareas
that leadto “occlusion volumes”, another newspace-timeconcept.
Since in this case multiple volumes are sought, we apply a
multiphase variant of the level-set method. We present various
experimental results for synthetic and natural image sequences.

Index Terms— Motion detection, video segmentation, active
surfaces,volume competition, level set methods

I . INTRODUCTION

In most studies to date, image sequencesare primarily
analyzedand processedin groups of two frames; by dif-
ferentiating one frame from the other, one is able to infer
the dynamicsoccurring in an image sequence.Theseshort-
term dynamics(such as displacementbetweentwo frames,
or occluded/exposedareas)can be linked togetheror tempo-
rally constrainedin order to reasonabout longer-term image
dynamics.Although the two-frame approachhas beenvery
successfulin some applications (e.g., MPEG compression
standards),it is often inadequatefor the analysisof time-
varying velocities, detection of long-term innovation areas
(due to occlusions),or video segmentation.In this paper, we
investigate an extensionof two-frameapproachesto multiple
framesin order to understandwhat bene�ts onecanhopefor
from the point of view of contentanalysisandunderstanding
of video sequences.

The segmentationof an image sequenceinto moving ob-
jects is closely relatedto the estimationof motion for each
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object. Solving both problemsjointly leads to joint motion
estimation/segmentation.Early attemptsto solve this problem
involved simple thresholding,while later methodsapplied
energy minimization [29] or Markov random �eld (MRF)
models [4]. In order to automatically �nd the number of
motion classes,K -meansclustering[43] andmixture models
underMDL formulation [38] have beenstudied.

Although active contourshave beenaroundfor many years
[19], only recently have they beenapplied to motion-based
videosegmentation.This is dueto thedevelopmentof effective
implementationframework for active contourscalledlevel-set
methods[39]. The main idea is to representa closed 2-D
curve by zero-level set of a 3-D dimensionalfunction with
two bene�ts over active-contour implementations:no need
to re-parametrizethe curve during evolution, and variable
topology(objectscanappearanddisappear).In thecontext of
motion segmentation,active-contour/level-set framework has
been applied to statistically-derived motion boundarymaps
[32], and to tensor-derived maps [44], [21]. In each case,
the curve evolution stops at large gradientsof the motion-
boundary map, which are closely related to the intensity
gradient; the approachescan be considerededge-based.An
alternative approachis to considerall intensitiesin a region,
for exampleby meansof region competitionformulation[45]
combinedwith level-setsolution.Examplesof suchapproach
havebeenvideosegmentation[25], [26], motiondetection[15]
andspace-timesegmentationof medicaldata[6].

In order to speedup convergence,approachesbasedon
two framesmay useprevious-framesegmentationto initialize
subsequentsegmentations.An alternative approach,although
closely related,is tracking of segmentsbetweenframes.Yet
anotherapproachis to performthe segmentationjointly using
several frames.Someearly work using multiple frames in-
cludesmotion detectionusing3-D MRF models[23], “video-
cube” segmentationbasedon marker selectionand volume
growing [34], 3-D extension of a discretized version of
the Mumford-Shahfunctional [33], 3-D watershedvolume
merging [13] andtrajectory-basedregion merging [30]. More
recently, a novel conceptof objecttrackingasspatio-temporal
boundarydetectionwasproposedby Feghali andMitiche [11],
and hasbeeninspiration for our work. That framework was
later extended by the same authors [31], [10] and led to
interestingspace-timeimagesequencesegmentationmethods
developedby Mansouri et al. [28], [27] and, independently,
by the authors[20].

In termsof thedetectionof occlusions,methodsproposedto
dateareprimarily basedon theanalysisof 2-3 frames[41], [8],
[7], [12], [14], [22], althoughonemethodusingmore frames
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hasbeenproposed[2]. Noneof the above methods,however,
treatsocclusionsasa continuingevent acrossmany frames.

In this paper, we presenta novel approachto joint space-
time, motion-basedvideo segmentationand occlusiondetec-
tion. We pose the problem in variational framework with
respectto a 3-D surface that partitions the image sequence
domaininto insideandoutside.Theinsidecorrespondsto a 3-
D volume“carvedout” by a moving object,thatwe call object
tunnel, while theoutsidecorrespondsto background(possibly
static).Theproblemis formulatedasvolumecompetition, i.e.,
the surface is adjustedin responseto the competition from
voxels insideandoutsideof the surface,a 3-D generalization
of region competition[45]. The problemis solved usingstan-
dard level-setapproach[39] in 4 dimensions.In its simplest
version, the proposedalgorithm performs motion detection
basedon modelsproposedearlier in the literature [15]. Al-
thoughthealgorithmresultsin accuratesegmentations,dueto
the natureof the observation model usedsegmentedobjects
tendto includeoccludedandnewly-exposedbackgroundareas.
To addressthis issue, we extend the method by explicitly
modelingtheevolutionof objectandbackgroundusingmotion
trajectories.We also includeexplicit modelsfor the occluded
andnewly-exposedbackgroundareasthat lead to new space-
time conceptsof occlusionvolumeand exposedvolume. As
for motion trajectories,we useparametricmodelsassociated
with object and background.Since we needto partition the
imagesequencedomaininto 4 volumes,we usethemultiphase
level-set framework [42]. This framework permits ef�cient
representationof up to 2M regionswith M level-setfunctions.
By design,themultiphaselevel-setmethodenforcesa domain
partitionwith no gapsandoverlaps.This is in contrastto pre-
viousvariationalapproachesto multiple-motionsegmentation,
whereadditionalconstraintswere needed[26]. Other motion
segmentationmethodsbasedon multiphaselevel-setsolution
consideronly two framesof an imagesequenceat a time [5],
[40]. We show extensive experimentalresultsfor syntheticas
well asnaturalimagesequences.

This paper is organized as follows. In Section II, we
formulate the problem of multiple-frame image sequence
segmentation.In SectionIII, we review variousactive-surface
methodologies.In SectionsIV and V, we describemodels
and solutions for the casesof motion detectionand video
segmentation,and in Section VI we presentexperimental
resultsobtained.

I I . PROBLEM FORMULATION

Let ~& be a parameterizedsurface in x � y � t space.We
seek ~& that delineatesmoving objects in a dynamic image
I (x ; t), wherex denotesspatialposition and t denotestime.
Let 
 � T be the spatio-temporaldomainof I (x ; t) on which
~&is computed(x 2 
 ; t 2 T ). Let p and �p be setsof motion
parametersassociatedwith thevolumeinsideandoutsideof ~&,
respectively; we assumethatmotion trajectoryfor eachimage
sequencepoint canbe computedfrom p or �p.

In order to formulate the problem,we make two standard
assumptions:that image intensity along motion trajectory
remains fairly constant,and that the surface ~& is smooth,

e.g., area S of ~& is small. Let � (x ; t; p) be a measureof
variability of imageintensityalong motion trajectoryde�ned
by p and passingthrough(x ; t). We proposeto estimatethe
surface~&delineatingobjectmotionby minimizing a functional
balancingintensityvariability andsurfaceroughnesstermsas
follows:

min
~&;p ; �p

�
ZZZ

V

� (x ; t; p)dx dt + (1)

ZZZ

�V

� (x ; t; �p)dx dt + �
ZZ

S

d~&;

where ~& = @V, V is inside of ~&, �V is outsideof ~&, and �
associatesa costwith theEuclideanareaelementd~&. We leave
� (x ; t; p) genericfor now; we will de�ne it in detail for each
segmentationcasestudied.

The minimization (1) can be interpretedas volumecom-
petition: the �rst term measuresthe compatibility of image
sequencepoint at (x ; t) with the overall intensityandmotion
inside~&, whereasthe secondterm measuressucha compati-
bility outside~&. The third term assuresthat a minimum-area
(smooth)surfaceresults.Thus,theminimizationprocessseeks
assmootha surfaceaspossiblethatdividesthedomain
 � T
into suchV and �V thateachis bestexplainedby its own motion
parameters.

In order to solve (1), various approachesare possible.
We pursuesolutionsbasedon level-setmethodologythat we
brie�y review �rst.

I I I . LEVEL-SET METHODOLOGY FOR ACTIVE SURFACES

In searchof solutionsfor theabove imagesequencesegmen-
tation, it is naturalto consideran extensionof active contours
(2-D) to active surfaces(3-D). This leadsto minimal-surface
formulations that have been applied to 3-D shaperecovery
[24], [1]. A pathparticularlypertinentto this paperhasbeen
undertaken by Caselleset al. [1]. Let again I : 
 � T ! R+

beintensityandlet ~&bea surfacein 3-D spacewith areaS. By
parameterizingthe surface,~&(p;q) : [0; 1] � [0; 1] ! R3 with
p = (x; y; z) andq = q(x; y; z), Caselleset al. have proposed
to computethe minimal surface englobinga 3-D object as
follows:

min
~&

ZZ

S

g(� I )d~&  
@~&
@�

= [g(� I )� m � r g(� I ) � ~n]~n;

whereg(�) is a strictly decreasingfunction, � I is a measure
of intensity variation, d~& is a Euclideanareaelement,� m is
the mean curvature and ~n is the inward unit normal to ~&.
The term g(� I )� m ~n smoothsout the surfaceby reducingits
curvature,unlessg(� I ) is zerowhich meansa large intensity
change(e.g.,perfectedge).The term (r g(� I ) � ~n)~n “pushes”
thecontourtowardsanintensityedgeaslongastheorthogonal
componentof r g is non-zero.This term allows locking to
edgeswith intensity variationsor even gapsalong the edge.
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This approachwas further extendedby the sameauthors:

min
~&

ZZZ

V

f (� I )d$ + �
ZZ

S

g(� I )d~& (2)

 
@~&
@�

= [f (� I ) + g(� I )� m � r g(� I ) � ~n]~n;

where the new term is a measureof the Euclideanvolume
elementd$ weightedby f (� I ), and f (�) is anotherstrictly
decreasingfunction. The new term addsa constant“balloon”
force f (� I )~n to the surfaceevolution equationhelping avoid
local minima and speedingup convergence.Note that in the
above formulation, the evolution force vanishesat � I !
1 , i.e., at a perfect edges;objects with smooth intensity
transitionscannotbe detected.

Similarly to active contours,active-surface solutions (2)
suffer from stability problemsand �x ed topology, both of
which can be overcome using level-set methodology. By
embeddingthe active surface~&into a hyper-surface� (in 4-D
space)leadsto the following level-setevolution equation:

@�
@�

= F kr � k = [f (� I ) + g(� I )� m � r g(� I ) � ~n]kr � k:

This equationcan be implementedusing standarddiscretiza-
tion asdescribedby Sethian[39]. In our implementation,we
calculatethe forceF at zerolevel-setpoints,extendthis force
usingthefastmarchingalgorithmby solvingr � � r F = 0 for
F , updatethesurface� , andre-initialize thesurfaceusingthe
fastmarchingalgorithmby solvingkr � k=1 (signeddistance).

IV. MOTION DETECTION USING ACTIVE SURFACES

Thegeodesic-surfaceformulationdescribedabove hasbeen
used in the past for video segmentation.In particular, El-
Feghali et al. [11], [10] used � I = jI t j=(I 2

x + I 2
y )1=2, i.e.,

the normal componentof optical velocity (where I x ; I y ; I t

are horizontal, vertical and temporal intensity derivatives,
respectively), in (2) for motion detectionin static or moving
cameracasewith very encouragingresults.

Sincea geodesic-surfaceapproach,suchas the one in (2),
requiresstrong intensity edges,its usefulnessis limited. We
pursue motion detection basedon the volume competition
approachthatwe outlinedin SectionII. We assumestationary
background,a common scenarioin security or monitoring
applications.This restriction will be lifted in the motion
segmentationalgorithm in the next section.Since in motion
detectionthere is no needto computemotion parametersp,
�p, they canbeconsideredconstantsin minimization(1). With
the above assumptions,we propose,after Jehan-Bessonand
Barlaud[15], absoluteframedifferencejI (x ; t)� I (x ; t � 1)j as
the measureof backgroundintensity variation � (x ; t; �p), and
a �x ed penalty� within the object (� (x ; t; p)=1). In order to
attainthe global minimum in (1), the surface~&mustpartition
the domainso that points (x ; t) with small frame difference
areassignedto theoutside( �V), andthosewith largedifference
– to the inside(V). The balancebetweensuchassignmentsis
controlledby � .

Then,minimization(1) reducesto:

min
~&

ZZZ


 �T

h(I t )dx dt + �
ZZ

S

d~&; (3)

h(I t ) =
�

� if (x ; t) 2 V;
jI (x ; t) � I (x ; t � 1)j if (x ; t) 2 �V:

Note, that the above minimization is related to (2): the
Euclideanarea elementweight is 1 (g(� I ) = 1), whereas
theweightedvolumemeasureis a discontinuousfunctionh(�)
that quanti�es the competitionbetweenvolumes.As we shall
see,this will result in an additionalforce helpingavoid local
minima andspeedingup convergence.

Although formulations(3) and (2) look very similar, they
differ, in fact,signi�cantly. While the formulation(2) is edge-
basedand requiresstrongintensity edges� I in the data,our
new formulation is volume-basedandworks well even in the
presenceof diffuse edgesdue to the inherent competition
betweenvolumesV and �V. This has beennicely illustrated
for still-image(2-D) segmentationby ChanandVese[3].

In orderto solve for ~&, we notethat(3) is basicallyidentical
to (2) except for g(� I ) = 1 andh(I t ) replacingf (� I ), while

 � T = V [ �V. With this observation and following the
pathtaken by Jehan-Bessonet al. [16], [17], we canwrite the
evolution equationfor (3) as follows:

@~&
@�

= [� � jI (x ; t) � I (x ; t � 1)j + �� m ]~n: (4)

Ignoring the curvatureand rememberingthat ~n is the inward
unit normal, � > jI (x ; t) � I (x ; t � 1)j will result in the
surfaceshrinkingandthusrelinquishingthepoint (x ; t), while
� < jI (x ; t) � I (x ; t � 1) will causethe surface to expand
thus englobingthis point. As for the curvature � m , it plays
the role of a smoothing�lter with respectto surface point
coordinates.For suf�ciently large � , the curvature term will
assuresimultaneouslysmoothboundariesof individual-frame
segmentationsand temporal continuity of such boundaries
(no large changesin segment shapesbetweenconsecutive
frames).This can be viewed as a generalizationof tracking
of individual-framesegmentations;our approachis basedon
a soundmathematicalmodelratherthana sequenceof ad hoc
steps.The inherentspace-timecontinuity of the volume V is
what distinguishesthis approachfrom methodssupportedon
two framesonly.

Employing the level-set methodology, we implement the
evolution (4) by meansof the following level-setequation:

@�
@�

= [� � jI (x ; t) � I (x ; t � 1)j + �� m ]kr � k:

V. V IDEO SEGMENTATION USING ACTIVE SURFACES

In the previous section,we restrictedvideo sequenceanal-
ysis to the detectionof moving objectsagainst a stationary
background.Although the method works quite well [20],
signi�cant segmentationerrorsmayoccurrsincemotion is not
accountedfor. By incorporatingmotion into the formulation,
we can lift the stationary backgroundrestriction and also
distinguishindividual objectsbasedon their dynamics.To this
end,we proposeto explicitly model the dynamicsof objects
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and backgroundusing motion trajectories.Additionally, in
orderto accountfor thephysical phenomenaof occlusionand
uncovering of objects,we proposeexplicit modelsthereof.

In particular, our goal is to partition the domain of an
image sequenceinto multiple volumes as follows: moving
object visible throughoutthe sequence(object tunnel), static
or moving backgroundvisible throughoutthesequence(back-
ground tunnel), backgroundareasthat were exposedin the
past(backgroundexposedvolume)andbackgroundareasthat
will beoccludedin thefuture(backgroundocclusionvolume),
as well as object areasthat were exposedin the past(object
exposedvolumes)andobjectareasthatwill bebeoccludedin
the future (objectocclusionvolumes).Furthermore,we want,
jointly with the segmentation,to estimatemotion parameters
of objectsandbackground.

Usingthemultiphaselevel-setframework proposedby Vese
andChan[42], we partitionthedomainof the imagesequence
into N volumes using M parameterizedsurfaces,~&i , i =
1; 2; :::; M , where N � 2M . An example of spatial cross-
section through such volumes for a simple binary image
sequencewith onemoving object that is beingoccludedby a
staticfeatureis shown in Fig. 1. SinceM surfacespartitionthe
imagesequencedomaininto 2M volumes,whenever N < 2M

we de�ne unused2M � N volumesas “don't care” volumes
that will be eliminatedduring optimization.

Let p1; :::; pL ; �p be setsof motion parameters(e.g.,af�ne)
associatedwith L objectsand the background,respectively.
TheseL+1 sets are associatedwith up to 3(L+1) different
areas(visible, exposedand to be occluded).Clearly, N �
3(L + 1) musthold. Using themultiphaserepresentation[42],
we proposethe following variationalformulation:

min
~&1 ;:::; ~&M ;p 1 ;:::; p L ; �p

NX

i =1

! i

ZZZ

V i

� i (x ; t; p i )dx dt+

2M
X

i = N +1

ZZZ

V i

K pen dx dt +
MX

i =1

� i

ZZ

Si

d~&i ;

(5)

whereSi is the areaof surface~&i . The weights! i re�ect un-
certaintyas to how accuratelymotion parameterscanexplain
thedynamicsoccurringin individual volumes,while constants
� i associatea costwith the Euclideanareaelementsd~&i . The
penaltyK pen discouragesassigningapoint to unusedvolumes.

Central to the segmentationperformanceare terms � i in
(5). Each� i must be designedto measurethe consistency of
imagesequencevoxels with oneof the scenarios:visible, to-
be-occludedor newly-exposed.Let cp (t i ; x ; t) be a motion
trajectory describedby the set of motion parametersp, i.e.,
let cp be a spatialpositionat time t i of a featurethat moved
from position x at time t due to motion parameterizedby p
[9]. We �rst de�ne two measuresof intensityalonga motion
trajectorybetweenframesnumberk and l:

� k ;l (x ; t; p) =
1
�

lX

i = k

eI (cp (t i ; x ; t); t i );

� 2
k ;l (x ; t; p) =

1
�

lX

i = k

( eI (cp (t i ; x ; t); t i ) � � k ;l (x ; t; p))2;

where � = k � l + 1 and eI denotesinterpolatedintensity
(e.g.,bicubic interpolation)because(cp (t i ; x ; t); t i ) neednot
be on thesamplinggrid of thesequence.Clearly, � k ;l (x ; t; p)
is the samplemeanand� 2

k ;l (x ; t; p) is the samplevarianceof
intensityalongtrajectorycp betweenframesnumberk andl.

In order that a point be declaredas visible in object or
backgroundthroughoutthesequence,intensityvariationalong
motion trajectory passingthrough this point must be small
(motion accuratelyexplains the data). Thus, we de�ne the
object/background volume term as a samplevariancealong
the whole trajectory:

� vis (x ; t; p) = � 2
1;K (x ; t; p);

whereK = card(T ) is thenumberof framesundersegmenta-
tion. This termwill besmallonly for voxels for which a setof
motionparametersexiststhatinducessmallintensityvariations
alongthewholemotiontrajectory. It will becalled� obj in case
objectocclusionsdiscussedbelow arenot considered(TableI).

In order that a point be declaredas to-be-occludedat a
later time, intensityvariationalongmotion trajectorypassing
through this point must be small up to this point and is
expected to becomelarge at some time in the future. We
proposethe following occludedvolumeterm:

� occ(x ; t; p) = � 2
1;j (x ; t; p) +

� 1

� 2
j ;K (x ; t; p) + 1

; (6)

where j is such that jt � t j j � jt � t l j; 1 � l � K , i.e., t j

is the time instantof the nearestframe from the continuous
time1 t. In order that � occ be small, motion p mustexist that
inducessmallintensityvariationsupto t j , while inducinglarge
variationsafter t j ; the compromisebetweenthe two termsis
adjustedby weight � 1.

Finaly, for a point to be declaredas exposedin the past,
intensityvariationsalongmotion trajectoryareexpectedto be
large prior to this point andsmall afterwards.We proposethe
following exposedvolumeterm:

� exp (x ; t; p) =
� 2

� 2
1;j (x ; t; p) + 1

+ � 2
j ;K (x ; t; p) (7)

with j de�ned asabove. Again, � exp will besmall if motionp
induceslarge intensityvariationsup to t j andsmall variations
afterwards;� 2 balancesthe impactof the two terms.

We decomposeminimization(5) into two interleaved steps:
estimationof segmentationsurfacesgiven motion parameters
andestimationof motion parametersgiven segmentation.

A. Estimationof segmentationsurfaces

Following the multiphaselevel-setmethodformalism[42],
we representenergy minimization in (5) using M level set
functions, � i (x ; t), i = 1; :::; M . Volumesthat we seekare
now de�ned throughintersectionsof zero-level setsof surfaces
� i . In order to carry out minimization (5), the level set
functionsareevolved along the directionof steepestdescent,
which is the direction of the negative gradient of the total
energy with respectto � i . We identify eachvolumesoughtby

1Whenthe evolution equationsarediscretized,a discretizationof time t is
possiblesuchthat t j = t.
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(a) (b) (c)

Fig. 1. Frames(a) #1; and (b) #30 from a simple binary image sequence,and (c) segmentationregions for frame #15 (white – part of object visible
throughoutthe sequence,light gray – part of object that is going to be occluded,mediumgray – backgroundvisible throughoutthe sequence,dark gray –
part of backgroundthat is going to be occluded,andblack – part of backgroundexposedin precedingframes).

the following binary label: j n = (a1
n ; :::; aM

n ), 1 � n � 2M ,
with each am

n (m = 1; :::; M ) being either 0 or 1. With
this notation, volume #1 is identi�ed by the binary label
j 1 = (1; 0; :::; 0). Eachvoxel's membershipin a volume can
be establishedusing the following indicator function:

� j n (x ; t) =
MY

i =1

[(1 � ai
n ) + (2ai

n � 1)H (� i (x ; t))] ;

whereH (�) is theHeavisidestepfunction.Usingthis notation,
evolution equationfor onesurfacevalid at all (x ; t), that are
omitted for brevity, is:

@� l (� )
@�

= Fl kr � l (� )k = kr � l (� )kf � l � m l +

2M
X

n =1

[(1 � 2al
n )gn

MY

i =1 ;i 6= l

((1 � ai
n ) + (2ai

n � 1)H (� i ))]g;

where � is the algorithmic evolution time, � m l is the mean
curvatureof � l , andthefunctiongn (x ; t) is de�ned asfollows:

gn (x ; t) =
�

! n � n (x ; t; pn ) 1 � n � N ;
K pen N + 1 � n � 2M :

Although the secondterm in the evolution equation looks
complicated,it is simply a sumof terms! n � n andK pen with
suitablesigns (dependingwhether(x ; t) is inside or outside
of � i 's). At each(x ; t) the evolution force thus combinesa
curvatureterm and a term whosesign and amplitudedepend
on a comparisonof error terms� i amongeachotherandalso
againstK pen .

In eachiteration,we calculatethe forcesF i , i = 1; :::; M at
zero level-setpointsof all surfaces,extendtheseforcesusing
thefastmarchingalgorithmby solving� i �r Fi = 0 for Fi , and
updatethe surfaces� i . The re-initializationof surfacesusing
thefastmarchingalgorithmby solvingkr � i k=1 is performed
every 100 iterationsto keepsurfacesascloseaspossibleto a
signeddistancefunction.

In SectionVI, we will show experimentalresultsfor one
moving object but using two different models. In the �rst
model,occludedandexposedvolumesareconsideredfor the
backgroundonly [36]; two level-setfunctionsareusedwith as-
signmentsshown in TableI. In thesecondmodel,the concept
of occludedandexposedvolumesis extendedto objects[35];

threelevel-set functionsare usedwith assignmentsshown in
Table II (two volumesare left unused).

B. Estimationof motionparameters

In order to estimatemotion given segmentationsurfaces,
we have to de�ne themotionmodel�rst. Although ideally we
would like to modelmotion trajectoriesover multiple frames
with onesetof parameters,we useherea simpler two-frame
motion model that describesdisplacementof eachpoint be-
tweentwo consecutive frames.In this casemotion trajectories
cp (t i ; x ; t) and c �p (t i ; x ; t) simplify to displacementvectors
betweeneach two consecutive framesof the sequence,i.e.,
they arepiecewise-linear. To modelspatialvariationof motion
vectorsinsideeachobject(or background),wechosetheaf�ne
spatialmodelwith six parametersas follows:

x 0
p = x +

�
p1

p2

�
+

�
p3 p4

p5 p6

�
(x � x 0): (8)

Clearly, thesetof parametersp (�p) describingmotionover K
framesconsistsin this caseof K -1 sets(p1; :::; p6).

The minimization(5) with respectto motion parametersp i
(i = 1; :::; N ) simpli�es to the minimization of its �rst term.
Sincewe assumeda two-framemotion model,this minimiza-
tion furthersimpli�es to a minimizationof intensitymismatch
betweenframe pairs but only within regions delineatedby
a union of visible, exposedand to-be-occludedregions (all
belong to a moving object). Moreover, since the motion
parametersare independentbetweendifferent frame pairs,
there is little that constrainsmotion trajectoryto stay within
objectvolume.In orderto counteractthis,we needto penalize
shapemismatchbetweenregions in the two frames;we use
symmetric differencebetweenprojectedobject region from
one frame and actualobject region in the other frame. Con-
sideringthe discretenatureof imagesandcomputedvolumes,
we effectively minimize the following energy functional:

E =
X

x 2R t 1

�
h

eI (x 0
p ; t2) � I (x ; t1)

i
+

�
X

x 2 


h
eO(x 0

p ; t2) � O(x ; t1)
i 2

;
(9)
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TABLE I

SEGMENTATION VOLUMES AND ASSOCIATED ENERGY TERMS FOR THE 2-SURFACE EXAMPLE.

VolumeVn j n (x ; t ) Level set functionsat (x ; t ) Energy terms �

V1 = background (00) outside~&1 ; ~&2 � 1 < 0; � 2 < 0 ! 1 � v is (x ; t ; �p)

V2 = to-be-occludedbackground (01) inside~&1 , outside~&2 � 1 > 0; � 2 < 0 ! 2 � occ (x ; t ; �p) � 1

V3 = exposedbackground (10) outside~&1 , inside~&2 � 1 < 0; � 2 > 0 ! 3 � exp (x ; t ; �p) � 2

V4 = object (11) inside~&1 ; ~&2 � 1 > 0; � 2 > 0 ! 4 � obj (x ; t ; p)

TABLE II

SEGMENTATION VOLUMES AND ASSOCIATED ENERGY TERMS FOR THE 3-SURFACE EXAMPLE.

VolumeVn j n (x ; t ) Level set functionsat (x ; t ) Energy terms �

V1 = background (000) outside~&1 ; ~&2 ; ~&3 � 1 < 0; � 2 < 0; � 3 < 0 ! 1 � v is (x ; t ; �p)

V2 = to-be-occludedbackground (001) inside~&1 , outside~&2 ; ~&3 � 1 > 0; � 2 < 0; � 3 < 0 ! 2 � occ (x ; t ; �p) � 1

V3 = exposedbackground (010) inside~&2 , outside~&1 ; ~&3 � 1 < 0; � 2 > 0; � 3 < 0 ! 3 � exp (x ; t ; �p) � 2

V4 = unused (011) inside~&1 ; ~&2 , outside~&3 � 1 > 0; � 2 > 0; � 3 < 0 K pen

V5 = unused (100) inside~&3 , outside~&1 ; ~&2 � 1 < 0; � 2 < 0; � 3 > 0 K pen

V6 = exposedobject (101) inside~&1 ; ~&3 , outside~&2 � 1 > 0; � 2 < 0; � 3 > 0 ! 6 � exp (x ; t ; p) � 4

V7 = to-be-occludedobject (110) inside~&2 ; ~&3 , outside~&1 � 1 < 0; � 2 > 0; � 3 > 0 ! 7 � occ (x ; t ; p) � 3

V8 = object (111) inside~&1 ; ~&2 ; ~&3 � 1 > 0; � 2 > 0; � 3 > 0 ! 8 � v is (x ; t ; p)

whereR t is theobjectregion in frameat timet, � (�) is a robust
estimatorfunction,andO(x ; t) is a binary segmentationmap
at time t de�ned as follows:

O(x ; t) =
�

1 ; x 2 R t ;
0 ; x =2 R t :

(10)

Since(x 0
p ; t) doesnot have to belongto the samplinggrid of

the sequence,eI and eO denoteinterpolatedvaluesof intensity
and segmentationmap, respectively. Note that R t is easily
extracted from a cross-sectionof the compositevolume at
time t. Sincethe segmentationsurfaces~&i may be erroneous,
some points inside R t may not belong to the true object,
and,therefore,their motion cannotbe describedby the object
motion parameters.To deal with theseoutliers, we use in
the �rst term a robust M-estimator� , suchas the Lorentzian
or Geman-McClurefunction. The secondterm is a shape-
matchingpenaltywhosein�uence is controlledby � .

The �rst step of the overall algorithm is to �nd motion
parametersbasedon an initial segmentation,suchas the one
computedusingthemotiondetectionalgorithmof SectionIV.
Usingtheresultingsegmentation(singlesurface),we calculate
motion parametersand initialize M surfacesneededby the
segmentationstep; for every voxel in the motion-detected
volume we verify whetherits motion trajectorystayswithin
this volume (visible object voxel) or is partially within the
volume and partially outside (occluded or exposed object
voxel). We perform similar analysis for voxels outside of
this volume. After this initialization, segmentationstepsare
interleaved with motion parameterestimation;the procedure
is repeateduntil surfacesand motion parametersconverge to
a stablesolution.

VI . EXPERIMENTAL RESULTS

In order to allow an objective (numeric)evaluationof the
performanceof theproposedalgorithms,we �rst describetwo
referencemethodsbasedon similar modelsto thoseusedhere.
Then, we show experimentalresultsfor multi-frame motion
detection and multi-frame segmentation on both synthetic
and natural data. Since some of the resulting tunnels and
volumeshave complex 3-D structure,the readeris invited to
an interactive renderingof theseresultson-line [37].

A. Referencetwo-framemethods

The �rst referencealgorithm is a two-framemotion detec-
tion proposedby Jehan-Bessonand Barlaud[15]. Our detec-
tion method(SectionIV) canbeviewedasa simpleextension
of this algorithm to space-time;the underlying models are
the samein both approaches,but the referencealgorithm is
performedin spatialdomainwhile the proposedapproachis
carriedout in spatio-temporaldomain.Thereferencealgorithm
partitions the spatial domain 
 by meansof the following
minimization:

min
~
 ;p ; �p

�
ZZ

R

� (x ; t; p)dx +
ZZ

�R

� (x ; t; �p)dx + �
Z

L

d~
 ; (11)

where~
 = @R is a parameterizedcurve, region R is insideof
~
 andits complement�R is outsideof ~
 (
 = R [ �R). Using
the sameerror measuresas thosein SectionIV:

� (x ; t; p) = 1; � (x ; t; �p) = jI (x ; t) � I (x ; t � 1)j;

the following level-setevolution equationresults:

@�
@�

= [� � jI (x ; t) � I (x ; t � 1)j + �� ]kr � k;
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(a) (b) (c) (d)

Fig. 2. Resultsof: (a,b) two-framemotion detection,and(c,d) two-framemotion-basedsegmentationfor frames#10 and#20 of testsequenceBean.

(a) (b) (c) (d)

Fig. 3. Resultsof multi-framemotion detectionfor frames:(a) #10, (b) #20 of test sequenceBean, (c) label �eld for frame#20, (d) correspondingobject
tunnel.

(a) (b) (c) (d)

Fig. 4. Resultsof multi-framemotion detectionfor frames:(a) #54, (b) #64 of imagesequenceCar, (c) label �eld for frame#64, (d) correspondingobject
tunnel.

where� denotes2-D curvatureof � , andevolution is executed
separatelyfor eachframepair (i.e., eacht and t � 1).

We alsocomparethe proposedapproachwith a recenttwo-
frame motion-basedsegmentation[26]. This method is an
extension of the two-frame motion detection [15]; squared
motion-compensatedprediction error is used as the error
measurefor both objectandbackground:

� (x ; t; s) = (I (x 0
s ; t)� I (x ; t � 1))2; s = p or s = �p; (12)

wherex 0
s is de�ned in (8). We minimizetheenergy functional

(11), with � 's de�ned in (12) and � =1, and in consequence
we obtain the following level-setevolution equation:

@�
@�

= [� (x ; t; p) � � (x ; t; �p) + �� ]kr � k:

We computethe initial motion parametersp and �p basedon
framepartitioningobtainedby thetwo-framemotiondetection.

B. Motion detectionresults

In order to numerically measureperformanceof the pro-
posed algorithms against the referencemethods,we used
two natural-texture,synthetic-motiontestsequences(176� 144

pixels):BeanandBeanoccl for whichweknow theunderlying
partitions. Whereasin Bean (Fig. 2) a bean-shapedobject,
that undergoesacceleratedzoomandrotation,is fully visible,
in Beanoccl (Fig. 7) the object slowly disappearsbehind
a static feature.Fig. 2(a-b) shows resultsfor the two-frame
motion detection on Bean, and Fig. 3 shows results for
the proposedmulti-frame motion detection(jointly over 30
frames).In both methodswe used� =1 and � =0.1 since the
backgroundis stationaryand noise-free,while object shape
is smooth.The shown boundariesare cross-sectionsof the
object tunnel shown in Fig. 3(d) that partitionsthe sequence
domain (30 frames) into voxels through which the object
passesandthosethroughwhich it doesnot. Althoughvisually
the boundariesseemtighter aroundthe objectin the proposed
methodthan in the two-framemotion detection(Fig. 2(a-b)),
it is the numericalcomparisonshown in TableIII that clearly
demonstratesthe improved segmentationaccuracy (over 20%
reductionof misclassi�edpixels). Note a similarly improved
numerical performancefor the sequenceBeanoccl. These
resultsshow a very good recovery of object shapeas well
as tracking betweenframes.The shapeevolves consistently
over time despiteno explicit tracking and no explicit useof
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intensityedges,while in presenceof signi�cant motion (over
70 pixels, plus zoom-in). However, noticeablesegmentation
errorsarepresentin areaslaggingbehindthe moving object;
since our method usesframe differenceas the observation
model,theresultingobjectshapeis a convex hull of theunion
of object positionsin consecutive frames.In order to correct
this, motion needsto be accountedfor.

Fig. 4 shows motion detectionresultsfor a natural video
sequenceCar acquiredwith staticvideo camera(progressive,
180� 120pixels,30 frames/sec).Fig. 4(a–b)shows two frames
of the 76-framesequenceoverlaid with estimatedboundaries:
a car entersfrom the right, moves to the left and disappears
behinda wall. Thesegmentationwascomputedjointly over 76
frames,with � =2.5and� =1. Sinceintensityin thebackground
is not exactly constantbetweenframes,we useda highervalue
of � . However, sincea higher thresholdleadsto objectswith
somepartsmissing,we usehigher � to force smoothobject
boundaries.Fig. 4(c) shows segmentationof one frame, and
Fig. 4(d) shows the computedobject tunnel; for visualization
reasonsit is shown from frame#30 to frame#76.The results
demonstrategoodobjectshaperecovery andtrackingbetween
frames,however in addition to segmentationerrors noted in
the syntheticsequence,herewe have errorsdueto the change
of intensity throughoutthe sequence(real-life shooting),oc-
clusion of the car by the wall, and moving shadows of the
car. This contributesto a lessprecisesegmentationcompared
to thesyntheticsequence,but the resultis quitegoodfor such
a simplemethod.

C. Video segmentationresults

Resultsfrom the previous sectionsuggestthat inclusionof
motion, asproposedin the algorithmfrom SectionV, should
improvesegmentation.Recallthatthisalgorithm,in additionto
fully-visible moving objectandstaticbackground,introduces
models for occludedand exposedareasof the background.
This necessitatesthe useof four volumes,andthustwo level-
set functions � are needed.Details of the modelsusedare
given in TableI. In orderto initialize the surfaces,we usethe
approachdiscussedat the endof SectionV-B.

Referenceresultsobtainedwith thetwo-framemotion-based
segmentationfor � =1 and � =0.1 on the Bean sequenceare
shown in Fig. 2(c-d).Resultsfor themulti-framemotion-based
segmentationproposedin SectionV areshown in Fig. 5; two
frameswith the �nal contours(whoseintersectionsde�ne the
four regions),andthecorrespondinglabel �elds areshown. In
this experimentwe used� 1=� 2=1, � 1=� 2=0.1, ! 1=! 2=1000,
! 3=500, and ! 4=1. Since the underlying segmentation is
known in this ground-truthexperiment,parametershave been
chosenempirically (we are showing the bestresultsout of a
batch of experiments).However, the set of weights ! i used
in experimentswaschosenbasedon the following reasoning.
Sincethe object is relatively small and undergoessigni�cant
motion,our con�dencein theestimatedobjectmotionis lower
than that in the backgroundmotion. This leads to higher
values of ! 1, ! 2, ! 3. Although larger � 1 and � 2 would
eliminatesomeof the spuriouspixels at objectboundary, we
keep them low because,given low resolutionof the images

(”blockiness” of the object boundary),it would also degrade
segmentationaccuracy. The algorithm converges after 250
iterations,andvolumescorrespondingto thefour segmentation
regionsareshown in Fig. 6. Clearly, theobjectandbackground
tunnelsare very accurate,while the occlusionand exposed
volumes,althoughcontain somespurious,isolatedvoxels at
the periphery, are still excellent renditionsof the occlusion
anduncovering effectsoccurringin the sequence.This result
wasobtainedwith a singlesegmentationstepafterthesurfaces
and motion had been initialized using multi-frame motion
detection;no additionalmotion estimation/segmentationsteps
were necessary. As can be seenin Table III, the numberof
misclassi�edpixelshasdroppedfrom 11.3%for thetwo-frame
segmentationto 0.5% for the multi-frame segmentationthat
explicitly modelsocclusioneffects.

We also applied the new algorithm to the Beanoccl se-
quenceand results are shown in Figs. 7 and 8. We used
thefollowing parameters:� 1=� 2=10,� 1=� 2=2.5,! 1=! 2=100,
! 3=50, ! 4=1, and the algorithm converged after 1000 itera-
tions. This result was also obtainedwith a single segmenta-
tion step after initialization. We assignedhigher ! i 's to the
backgroundtermsbecausethe object is being occludedby a
staticfeatureandthereis no provision for objectocclusionin
the model; object trajectoriesare not estimatedas precisely
thus leadingto highervaluesof � obj insidethe object,and in
orderto avoid thosevoxelsbeingclassi�edasbackground,we
compensateby increasing! i 's of the backgroundterms.For
thesamereason,prior termsgetmoreweightaswell. Similarly
to the Beansequenceexperiment,resultsare very good.The
numberof misclassi�edpixels(TableIII) droppedfrom 13.9%
for thetwo-framesegmentationand14.3%for themulti-frame
motion detectionto just 1.7% for the new algorithm.

In anotherexperiment, we applied this algorithm to the
natural sequenceCar over 40 frames. Fig. 9 shows two
framesoverlaid with the �nal contoursandthe corresponding
label �elds. This time we used the following parameters:
� 1=� 2=500, � 1=� 2=2.5, ! 1=3, ! 2=40, ! 3=10, ! 4=1 in a
single segmentationstep (after initialization of the volumes
and motion). We neededto adjust theseparametersin com-
parisonwith the Beanoccl experiment,which alsohasobject
occlusion,becauseof strongernoise and backgroundinten-
sity variations in this camera-acquiredsequence.Moreover,
the backgroundis not perfectly static anymore, so � i 's are
increasedto account for this. Fig. 10 shows volumes cor-
respondingto the four segmentationregions obtainedupon
convergenceat 1000 iterations.For visualizationreasonsthe
shown tunnelsspantherangefrom frame#10to frame#40.

Theobjecttunnelclearlyshows a forwardhorizontalmotion
and, when viewed interactively in 3-D [37], its walls show
a clear imprint of the car body. The occludedand exposed
volumesquite accuratelydepict what will be occludedand
what hasbeenexposed;the occlusionregion is in front of the
car, andthe uncoveredregion grows behindthe car. Also, the
static backgroundvisible throughoutthe sequenceis almost
perfectlyrecovered(notethe detectionof the statichand-rails
occludingthecar).Someerrorsat thecarboundary, especially
at sequencebeginning and end, are due to the fact that the
object is fully visible only in a small subsetof frames in
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(a) (b) (c) (d)

Fig. 5. Resultsof multi-framemotion-basedsegmentationfor frames:(a) #10 and(b) #20 of testsequenceBeanoverlaidwith �nal boundaries(intersections
de�ne four regions),and (c,d) correspondinglabels(white – background,light gray – object,dark gray – to-be-occludedbackground,and black – exposed
background).

(a) (b) (c) (d)

Fig. 6. Volumescorrespondingto resultsin Fig. 5: (a) object tunnel,(b) backgroundtunnel,andbackground:(c) occlusionvolume,(d) exposedvolume.

(a) (b) (c) (d)

Fig. 7. Resultsof multi-frame motion-basedsegmentationfor frames: (a) #15 and (b) #25 of test sequenceBeanoccl overlaid with �nal boundaries
(intersectionsde�ne four regions),and(c,d) correspondinglabels(white – background,light gray – object,dark gray – to-be-occludedbackground,andblack
– exposedbackground).

(a) (b) (c) (d)

Fig. 8. Volumescorrespondingto resultsin Fig. 7: (a) object tunnel,(b) backgroundtunnel,andbackground:(c) occlusionvolume,(d) exposedvolume.

the sequence.In order to improve this segmentation,object
occlusionsshouldbe explicitly modeledaswell.

Comparedto thesyntheticsequenceexperiment,thenatural-
dataresultsarenot asgood,but this is not unexpectedgiven
the noise,intensityvariations,andcomplex motion.Although
a numerical comparisonis impossible due to the lack of
ground-truthsegmentation,visual inspectionshows thatobject
segmentationis improved comparedto the motion-detection
result (Fig. 4) usedto initialize the algorithm.The boundary

alongthe car roof-line is tight andaccuratein the multiphase
result,while thecarshadow is accuratelydelineatedbelow the
car (even a tiny part of the shadow seenthroughthe handrail
below the car is accuratelyclassi�ed as part of the moving
object). Only the elongated cut-out on car's front fender is
erroneouswhich is not so surprisinggiven the very uniform
intensity there.

In order to further improve the segmentationresults,we
includedexplicit modelsfor objectareasthatwill beoccluded,
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(a) (b) (c) (d)

Fig. 9. Resultsof multi-framemotion-basedsegmentationfor frames:(a) #54and(b) #64of imagesequenceCar overlaidwith �nal boundaries(intersections
de�ne four regions),and (c,d) correspondinglabels(white – background,light gray – object,dark gray – to-be-occludedbackground,and black – exposed
background).

(a) (b) (c) (d)

Fig. 10. Volumescorrespondingto resultsin Fig. 9: (a) object tunnel,(b) backgroundtunnel,andbackground:(c) occlusionvolume,(d) exposedvolume.

TABLE III

OBJECT SEGMENTATION ERROR (PIXELS PER FRAME, PER OBJECT) FOR SYNTHETIC TEST SEQUENCES.

Two-framemethods(reference) Multi-framemethods(proposed)

motion detection motion-based motion detection motion-basedsegmentation

segmentation backgroundoccl./exp. backg./obj.occl./exp.

Bean 166.0(14%) 134.0(11.3%) 128.1(10.8%) 6.0 (0.5%) –

Beanoccl 159.5(17.1%) 130.1(13.9%) 133.9(14.3%) 15.7 (1.7%) 12.9 (1.4%)

or thathave beenexposed.We usedthreelevel-setsurfacesfor
segmentingthe imagesequencedomaininto six regions(plus
two unusedregionsthataresuppressed)asdetailedin TableII.
We again initialized the algorithm with volumesand motion
parametersresulting from the multi-frame motion detection.
Fig. 11 shows results for the Beanoccl sequenceusing the
following parameters:� 1=� 2=1, � 3=� 4=100,� 1=� 2=� 3=2.5,
! 1=! 2=! 3=! 6=10, ! 7=! 8=1, K pen =100. Sincethereare six
forcescompetingin this case,we further increased� i 's com-
paredto thepreviousexperimentson thesamesequence.Also,
� 3 and� 4 arelarger than� 1 and� 2 becauseof muchhigher
variationof intensityover object trajectoriescomparedto the
backgroundtrajectories(backgroundis perfectly still). These
parametershave to be large enoughto make object's � occ

(� exp ) termssmall only if intensityvariationover trajectoryis
large after (before)the currentvoxel due to object occlusion
(exposure),andnot due to a variationof intensityover fully-
visible object trajectory. Similarly, since the variationsover
objecttrajectoriesarelargerthanover backgroundtrajectories,
! 8 is smallerthan! 1. Finally, weightsareincreasedfor back-
ground� occ and� exp termsto obtainthe bestpossibleresults.
We usedtwo stepsof motion estimationandsegmentation(in
the �rst step the algorithm converges after 3000 iterations,
with � 1=� 2=5, � 3=� 4=500, � 1=� 2=� 3=2.5, ! 1=! 2=! 3=10,

! 6=! 7=5, ! 8=1, K pen =100). The algorithm converges after
1900 iterations of the secondstep. Clearly, the object and
backgroundaswell asto-be-occludedandexposedpartsof the
backgroundareaccuratelyestimated.Also, to-be-occludedand
exposedpartsof the objectarevery well recovered,although
they contain somespurious,isolatedvoxels at the boundary
of the object. Four out of the �nal six tunnelsare shown in
Fig. 12. Thesegmentationerror is further reducedasis shown
in Table III, althoughonly slightly.

Fig. 13 shows results of this algorithm after 1000 it-
erations for the Car sequence,again over 40 frames. We
used the following parameters:� 1=� 2=500, � 3=� 4=2 �
104, � 1=� 2=� 3=2.5, ! 1=2, ! 2=! 3=10, ! 6=! 7=4, ! 8=1,
K pen =100. Here, we used the samevalues for parameters
� 1, � 2, � 1 and � 2 as in the case of the algorithm mod-
eling occlusionsin the backgroundonly. However, due to
much larger variations of intensity over object trajectories
in comparisonwith backgroundtrajectories,we neededto
increase� 3 and � 4. The weights ! i have similar valuesas
in the experimentwith syntheticBeanoccl sequence.Clearly,
all backgroundregions are well estimated:the background
areato be occludedis in front of the car while the exposed
one grows behind the car. Object occlusion and uncovered
regions are in the right place (front and rear of the car,
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(a) (b) (c) (d)

Fig. 11. Resultsof multi-frame motion-basedsegmentationwith backgroundand object occlusionmodelingfor frames:(a) #15 and (b) #25 of synthetic
imagesequenceBeanoccl, and (c,d) correspondinglabel �elds (white – object, light gray to dark gray: to-be-occludedobject,background,to-be-occluded
background,andexposedbackground).

(a) (b) (c) (d)

Fig. 12. Volumescorrespondingto resultsin Fig. 11: (a) object tunnel, (b) object occlusionvolume,and background:(c) occlusionvolume, (d) exposed
volume.

(a) (b) (c) (d)

Fig. 13. Resultsof multi-framemotion-basedsegmentationwith backgroundandobjectocclusionmodelingfor frames:(a) #54 and (b) #64 of Car image
sequence,and (c,d) correspondinglabel �elds (white – object, light gray to black: objectocclusion,objectexposed,background,backgroundocclusion,and
backgroundexposed).

(a) (b) (c) (d)

Fig. 14. Volumescorrespondingto resultsin Fig. 13: (a) object tunnel, (b) object occlusionvolume,and background:(c) occlusionvolume, (d) exposed
volume.

respectively) but they arenot precise.This is, we believe, due
to inaccuraciesin theestimatedmotionandvariationsof object
intensity over time. Fig. 14 shows the object tunnel, object
occlusionvolumeandbackgroundocclusion/exposedvolumes
correspondingto the four segmentationregions. Again, for
visualizationreasonstheshown tunnelsarefrom frame#10to
#40. Despiteimpreciseoccludedand exposedobject regions,
errors in object boundary, clear in Fig. 9(c–d), have now
beencorrected.Overall, the car is segmentedmoreaccurately

(consideringthe union of fully-visible, to-be-occludedand
exposedareasof the car), and even the static handrails are
very precisely recovered. However, in order to improve the
accuracy of occludedandexposedobjectareas,moreadvanced
modelsareneeded.

We have also testedthe proposedalgorithmson sequences
with multiple moving objectsobtainedfrom the Universitat
Karlsruhewebsite[18]. We extracteda 176� 256-pixel win-
dow from one of the sequences(Karl-Wilhelm-Strase),that
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(a) (b) (c) (d)

Fig. 15. Resultsof multi-frame motion-basedsegmentationwith backgroundocclusionmodelingfor frames:(a) #15 and (b) #25 of Traf�c sequence,and
(c,d) correspondinglabel �elds (white – left object, light gray to dark gray: right object,background,to-be-occludedbackground,andexposedbackground).

(a) (b) (c) (d)

Fig. 16. Volumescorrespondingto resultsin Fig. 15: (a) left-car tunnel,(b) right-car tunnel,(c) backgroundtunnel,and(d) backgroundocclusionvolume.

we shall call Traf�c and that containstwo carsmoving down
a street(Fig. 15), capturedby a staticcamera(no background
motion).We �rst appliedthe multi-framemotion detectionto
initialize volumesand computemotion, and then the multi-
framesegmentationalgorithmwith occlusionmodelingof the
background.Sincethereare no object occlusions,we used5
volumes:two objects,background,aswell asoccludedandun-
coveredbackgroundareas.We usedthe following parameters:
� 1=� 2=100, � 1=� 2=� 3=5, ! 1=1, ! 2=! 3=3, ! 7=5, ! 8=4 (! 7

and ! 8 for the two objects),K pen =100, and performed400
iterations.Fig. 15 shows two frameswith the �nal contours
overlaid, and the correspondinglabel �elds. Four volumes
correspondingto four segmentation regions are shown in
Fig. 16. All backgroundregions (visible, to-be-occluded,and
exposed)areaccuratelyestimated.The moving carsarequite
accuratelycomputed(boundariesare fairly tight), but some
inaccuraciesarestill present.Apart from noiseandbrightness
variation over time, anotherproblemis the very similar gray
level of the right car (especially in the secondpart of the
sequence)and of the pavementbehindit. Also, thereis little
texture in the moving objectsandbackground.

VI I . CONCLUSIONS

We proposeda new approachto motion detectionandseg-
mentationjointly over multiple frames.Startingwith simple
modelsleadingto motiondetection,we proposedincreasingly
more advancedmodelspermitting the detectionof occluded
andnewly-exposedareasin thebackgroundandwithin objects.
Weemployedmultiphaselevel-setmethodologyasthesolution
method. In numerousexperimentson synthetic and natural
data,we showed a very good performanceof the developed

algorithms,both subjectively and numerically. The proposed
approachintroduced,as a byproduct, two new conceptsin
imagesequenceanalysis,namely thoseof object tunnel and
occlusionvolume. Although object tunnel can be viewed as
a “stitched” togethersequenceof object boundariesacross
time, our formulation naturally embedsobject's temporal
smoothnessthrough 3-D curvature. This can be thought of
as implicit tracking.The occlusion(or exposed)volume is a
completelynew concept.It generalizestheconceptof a single-
time occlusion �eld (betweentwo images)to a continuous
event acrossspaceandtime.

Results of this researchmay �nd application in video
compression(e.g., MPEG-4), video processing(e.g., frame-
rateconversion,digital compositing)andvarioussurveillance
andvideo databasequeryapplications(event detection,track-
ing). It is lessclear wherethe newly introducedconceptsof
occlusionvolumeswill �nd use.One potentialapplicationis
in next-generationvideo compression.Occlusionandexposed
areascan be thoughtof as innovation processes,and as such
are dif�cult to predict and expensive to code.By estimating
them prior to coding, it may be possibleto develop new ef-
�cient compressionschemes.Anotherpotentialapplicationis
in videogamescombiningcomputergraphicsandvideo;pixel
renderingcanbe optimizedbasedon occlusioninformation.

Althoughperformanceof theproposedalgorithmshasbeen,
in general, very good, we believe further work is needed
in threeareas:computationalcomplexity, motion modelsand
occlusionmodels.Our implementationto datewasvery basic
and thuscomputationalcomplexity of the algorithmsis high;
introduction of multiresolution processing,narrow-banding,
etc.couldsigni�cantly speed-upthecomputations.Ourmotion
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model is very crude (pairwise af�ne) and, since it directly
affects accuracy of segmentations,it needsto be improved.
One possible improvement would be to model the motion
parametricallyover space-time(multiple frames)thus leading
to sort of “motion �o w”. Finally, our occlusionand exposed
areamodelshave beenquite simple.More advancedstatisti-
cal modelswould likely improve accuracy of segmentations,
althoughwe realizethat without accurateandreliablemotion
estimates,possiblegains are limited. In fact, occlusionand
motion modelsshouldbe consideredjointly as they are inti-
mately related.
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