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Abstract

This paper presentsa new methodto detectand ac-
curately extract the moving object from a video sequence
taken by a hand-heldcamera. In order to extract the
high quality moving foreground,previousapproachesusu-
ally assumethat the background is static or throughonly
planar-perspectivetransformation. In our method,based
ontherobustmotionestimation,wearecapableof handling
challengingvideoswhere thebackgroundcontainscomplex
depthandthecamera undergoesunknownmotions.Wepro-
posethe appearanceand structure consistencyconstraint
in 3D warping to robustly model the background, which
greatlyimprovestheforegroundseparation evenon theob-
jectboundary. Theestimateddensemotion�eld andthebi-
layer segmentationresultare iterativelyre�ned where con-
tinuousand discrete optimizationsare alternativelyused.
Experimentalresultsof high quality moving objectextrac-
tion from challengingvideosdemonstrate the effectiveness
of our method.

1. Intr oduction

Accuratemoving foregroundextractionfrom a video is
an active researchin computervision. For an applicable
high-quality video editing tool, it is usually requiredthat
themoving foregroundobjectcanberobustlydetected,sep-
arated,andedited.However, this is an inherentlyill-posed
problemdueto thelargenumberof unknownsandthepos-
siblegeometricandmotionambiguitiesin thecomputation.

In order to separatethe foreground object with visu-
ally plausibleboundary, several bi-layer separationmeth-
ods[5, 10, 15, 4] areproposedassumingthatthecamerais
mostly stationaryandthe backgroundis known or canbe
modeled.In [7], usingthe stereovideo sequencesandas-
sumingthemostlystaticbackground,theobjectcolor, gra-
dient,anddisplacementinformationareintegratedto infer
theforegroundlayerin realtime. Lateron, two approaches
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are proposedrespectively in [15, 4] to separatethe fore-
groundfrom a singlestationarywebcamerausingdifferent
spatialandtemporalpriors. Most recently, an approachis
proposedin [20] to infer bilayersegmentationmonocularly
evenin thepresenceof distractingbackgroundmotion.For
all thesemethods,if thecameraundergoesarbitrarytransla-
tional androtationalmotionsandthebackgroundhascom-
plex geometrystructures,the foregroundobjectcannotbe
accuratelyextracteddueto thefollowing two mainfactors.

Motion estimation. In videos, the motion estimation
errorsare inevitable even usingstate-of-artalgorithms[2,
18, 8]. Theestimationinaccuracy maycauselargeproblem
in correctlyconstructingthebackgroundinformationandin
modelingthebackgroundprior in segmentation.

Foreground de�nition . Themoving cameraalsobrings
the dif�culties in de�ning and identifying the foreground
object. If the backgroundis known, it is certainthat the
foregroundcanbe detectedandextractedusingcolor con-
stancy constraintor other more sophisticatedtracking or
Bayesiandetectionmethods[19, 13]. However, if theback-
groundis unknown in the beginning, the foregroundde�-
nition canbeambiguous.We shall show in this paperthat
labelingthepixelsgeometricallycloseto thecameraor the
pixels with large motionsasforegroundis NOT correctin
many cases.

Besidesbilayerseparation,motionsegmentation[1, 17,
6, 8] hasbeenextensively studiedduring thepastdecades.
The purposeof thesemethodsis to group pixels that be-
long to similarmotion,andeventuallyto clusterthemotion
to multiple layers. Thesemethodsdo not aim to achieve
thehigh quality foregroundextractionandusuallyproduce
segmentationwithoutaccurateobjectboundariesespecially
whenocclusionor disocclusionhappen.

In this paper, we proposean automaticmethodto ac-
curatelydetectandextract themoving objectfrom a video
sequencetaken by a hand-heldcamera. Our methodad-
vancesin several waysto improve the accuracy of the bi-
layersegmentationespeciallyon theobjectboundary. Our
methoditeratesbetweenmotionestimationandbilayerseg-
mentation. In the motion estimationprocess,in order to
minimizetheerrorscausedby optical �o w formulation,on



one hand,we introducethe occlusionparameterand pro-
posethecontinuous-discreteoptimizationto avoid thelocal
optimum. On the otherhand,we apply the structurefrom
motiontechniqueto reliablyrecover thecameramotionand
sparse3D points. Thesepointsmapto differentframesas
reliableanchorsto constrainthemotionoptimization.

In the bilayer segmentation,using the cameraparame-
ters,themulti-view geometryconstraintis incorporatedinto
our layerseparationmodel. A novel appearanceandstruc-
ture consistency constraintin 3D warpingis introducedin
our approachto modeltheessentialdifferencebetweenthe
moving objectandthe backgroundin the video. The �nal
foreground is extractedby solving an optimizationprob-
lem combining all theseconstraintsand consideringthe
temporal-spatialsmoothnessin video.

Thepaperis organizedasfollows. In Section2, we give
anoverview of our method.In Section3, therobustoptical
�o w anddensedepthestimationaredescribed.Themoving
foregrounddetectionandextractionaredescribedin Section
4. Experimentalresultsareshown in Section5. We discuss
andconcludeourpaperin Section6.

2. Our Approach

Given a video sequencetaken by a freely moving cam-
erawith n frames,ourobjective is to achieveahighquality
foregroundextractionwithout initially knowing the object
motions.We denotef t (i ) thepixel i in framet. Thenour
goalin thispaperis to estimate®t

i , whichis thelabelof seg-
mentationfor eachpixel i in framet. ® hasbinaryvalues.
®t

i = 1 whenthe pixel belongsto the foregroundmoving
object,®t

i = 0 whenit is on thebackground.We set® = 0
for all pixelsinitially.

In order to automaticallycomputea visually satisfying
and perceptuallycorrect foregroundextraction result, our
methoditeratesbetweentwo steps,i.e., thedensedepthes-
timationandforegroundlabeling,until astablebilayerseg-
mentationis obtained. Table 1 gives an overview of our
algorithm.

3. DenseDepth Estimation

We usethe structurefrom motion (SFM) methodpro-
posedin [21] to recoverthecameramotionparametersfrom
thegivenvideosequence.Forcompletenesswebrie�y sum-
marizethealgorithmasfollows.

We �rst detectand track featurepointsover the whole
video sequence.Then, we selectthe superiortracksand
key frames,andinitialize theprojectivereconstructionfrom
thereferencetriple frames.Theprojective reconstructionis
upgradedto a metric framework at anappropriatemoment
throughself-calibration.For eachnewly addedframe,the
new cameraparametersand3D pointsare initialized, and

1 Structur e fr om Motion:
1.1 Recover the cameramotion parametersC and

sparse3D pointsD .
2 DenseMotion and Depth Estimation:

2.1 Estimatedensemotiond andocclusiono for each
two consecutive frames.

2.2 Estimatedepthmapzt andresidualerror map° t

for eachframet.
3 Bilayer Segmentation:

3.1 Computetheappearanceandstructureconsistency
maps.

3.2 Solve® by minimizing (11).
4 Repeatsteps2 and3 for k iterations.
5 Finally, ® is re�ned by bordermatting[12].

Table1. Overview of our framework.

existingstructureandmotionarere�ned. Finally, thewhole
structureandmotionarere�ned throughbundleadjustment.

Theoutputof theSFMestimationincludestherecovered
cameraparametersetC anda sparse3D point setD map-
ping to the featurepoints in the video frames. We denote
the cameraparameterasC t = f K t ; R t ; T t g for framet,
whereK t is the intrinsic matrix, R t is therotationmatrix,
andT t is thetranslationvector.

3.1.Motion Estimation

The motion of each pixel is computedon consecu-
tive framesin the video. We use a displacementvector
d t;t +1 (i ) = (dt;t +1

x (i ); dt;t +1
y (i )) to model the motion of

pixel i betweenneighboringtwo framest andt + 1. In or-
der to handleocclusions,for eachframepair f t andf t +1 ,
we de�ne the occlusionlabel f ot;t +1

i jot;t +1
i 2 f 0; 1gg for

eachpixel i . If onepixel is occludedwhenmappingfrom
framet to framet + 1, ot;t +1 is setto 1.

We de�ne the following objective function to solve the
densedisplacementmap:

argmin
d ;o

n ¡ 1X

t =1

(E t;t +1 (d; o) + E t +1 ;t (d; o)) ; (1)

whereE t;t +1 (d; o) and E t +1 ;t (d; o) are the bidirectional
energy terms representingthe mapping from frame t to
framet + 1 andmappingfrom framet + 1 to framet re-
spectively. Sincethey aresimilarly de�ned, we only give
thede�nition of E t;t +1 (d; o) asfollows,

E t;t +1 (d; o) =
P

i 2 f t

[mt;t +1 (i ) +
P

j 2 N ( i )
st;t +1 (i; j )]

+ D t;t +1 (D );
(2)

whereN (¢) denotesthe setof neighborhood.The energy
functionhasthreecomponents:(i) thedatamatchingterm
m(i ), (ii) thesmoothnessterms(i; j ) which consistsof the
spatialsmoothnessof motionandthevisibility consistency,
and(iii) aprior from therecovered3D points.



3.2.The Energy Function

Datamatching term m(i ) isde�nedonthecolorconstancy
constraintbetweenthematchedpixelsandis givenby

mt;t +1 (i ) =

8
<

:

½t;t +1
d (i ); ot;t +1

i = 0; ®t
i = ®t +1

i 0

minf ½t;t +1
d (i ); ´ og; ot;t +1

i = 0; ®t
i 6= ®t +1

i 0

´ o; ot;t +1
i = 1

wherei 0 in f t +1 is thematchedpixel of i in framet. ´ o is
apenalty, preventingall pixelsfrom beinglabeledasocclu-
sion,which is de�ned similarly astheonein [14]. ½t;t +1

d (i )
is adifferentiablerobustfunction:

½t;t +1
d (i ) =

jj f t (i ) ¡ f t +1 (i 0)jj2

´ d + jj f t (i ) ¡ f t +1 (i 0)jj2 :

If ot;t +1
i = 0 and ®t

i 6= ®t +1
i 0 , thereshouldideally exist

occlusion. However, in our optimizationprocess,due to
theuseof discreteimagespaceandthepossibleestimation
errors,the bilayer separationis not alwaysaccurate.The
matchingcost is therebyde�ned as minf ½t;t +1

d (i ); ´ og to
constrainthecost. Usingoptical �o w, thecolor difference
betweenf t (i ) andf t +1 (i 0) canbefurtherwrittenas

jj f t (i )¡ f t +1 (i 0)jj 2 ¼ jj f t
x (i )¢dt;t +1

x (i )+ f t
y (i )¢dt;t +1

y (i )+ f t
t (i )jj 2 ;

wheref t
x , f t

y andf t
t areimagegradientsin x, y andt direc-

tions respectively. The continuity of the above function is
importantin computingthe�rst orderderivative

@(f t (i ) ¡ f t +1 (i 0))
@d

¼ (f t
x (i ); f t

y (i ))> ;

whichmakesit possibleto applyanonlinearcontinuousop-
timization,e.g.,thesteepestdescentmethod,to estimated.

Smoothnessterm s(i; j ) encouragesthesmoothnessof the
motionandocclusion,andis de�ned as

st;t +1 (i; j ) = ¯ s½t;t +1
s (i; j ) + ¯ ojot;t +1

i ¡ ot;t +1
j j

+ ¯ w jot;t +1
i ¡ W t;t +1

i j;
(3)

where ½s and jot;t +1
i ¡ ot;t +1

j j are the spatial smooth-
nessconstraintsfor thedisplacementandocclusionin each
frame.½s is a robustfunction,givenby

½t;t +1
s (i; j )=

½
minfjj d t;t +1 (i ) ¡ d t;t +1 (j )jj 2 ; ´ sg; ®t

i = ®t +1
j

0; ®t
i 6= ®t +1

j

which implies if two neighboringpixels belongto differ-
ent layersafter segmentation,the spatialsmoothnessdoes
not needto be preserved. ´ s controlsthe upperboundof
the cost. W t;t +1 (i ) 2 f 0; 1g is a binary value,indicating
whetheror not thereexists oneor morepixels i in f t that
canbe matchedfrom f t +1 accordingto the displacement
valued t +1 ;t [14]. Thevalueof W t;t +1 (i ) is setto 1 if there
is nocorrespondingpixel in f t +1 for f t (i ).

Prior D imposesconstraintswith the recoveredsparse3D
pointsD from our SFM estimation.For the3D point X 2
D , its projectionsin f t and f t +1 aredenotedasu t

X and
u t +1

X respectively whereu t
X canbecomputedby

u t
X = K t (R t X + T t );

with theestimatedcameraparametersK t , R t , andT t from
theSFMstep.Thesepixelsshouldbematchedandbetaken
asanchor pointsin theoptical�o w estimation

D t;t +1 = ¯ D

X

X 2 D

X

f t ;f t +1 2 ' ( X )

jj d t;t +1 (u t
X ) ¡ (u t +1

X ¡ u t
X )jj 2 ;

(4)
where' (X ) is theframesetin whichX hascorresponding
imagefeaturepoints.Theweight¯ D is setto a largevalue.

3.3.Solving the Energy Function

Combiningthe de�nition of differentenergy terms,we
solve for a densedisplacementmapwith theconsideration
of theocclusionbi-directionally.

Theocclusiono is initially setto all zeros.With there-
covered3D point setD , we areableto determinethe dis-
placementof thesparseanchorpointswhich correspondto
the3D pointsin D . Themotionsof otherpixelsareinitial-
ized usingour motion interpolation. Speci�cally, in each
frame,we producea 2-D triangulationof thesparseanchor
points. Thenthe motion vectorsfor pixels insideeachtri-
angleareinitializedusingtriangularinterpolation.Ourmo-
tion optimizationalgorithmalternatesbetweenthe follow-
ing two steps:

1. Fix o, andestimated by minimizing (1).

2. Fix d, and estimateo by minimizing (1). Sincethe
occlusiono hasbinaryvalues,we usegraphcut [3] to
computeit.

In step1, nonlinearcontinuousoptimizationmethods,
e.g.,thesteepestdescentalgorithm,canbeusedto estimate
d. However, it requiresagoodstartpointandis easilystuck
in a localminimum.To overcomethisproblem,wepropose
acontinuous-discreteoptimizationprocess.

We �rst applythesteepestdescentalgorithmto estimate
a displacementmap for eachframepair. In this step,the
resultmaybeonly in a localminimumpointgiventhehigh
dimensionof thesolutionspace.In orderto pull the result
out of a local minimumpoint,we applyscalarquantization
on thedisplacementd in x andy directionsin therangeof
[dx ¡ ´ ; dx + ´ ] and[dy ¡ ´ ; dy + ´ ] respectively, where´
is a constantvalueandis setto 5 in ourexperiments.Then,
in the discretespace,loopy belief propagation [16] is ap-
plied to computea bettersolutiond0. The continuousand
discreteoptimizationsalternateandrapidlyconvergein our
experiments.



3.4.Depth Estimation and GeometricConstraint

Oncethe densemotion vectorsare computed,we link
eachpixel forwardandbackwardin theneighboringframes
accordingto the pixel displacement.This processeventu-
ally form densemotiontracks. Assumingthattheestimated
optical �o w is not alwaysaccurateand the errorsmay be
accumulatedin constructingthetracks,we breaka link be-
tweenthe connectedpixels f t (i ) and f t +1 (i 0) in a track
if oneof the following happens:1) i 0 or i is labeled“oc-
cluded”.2) Theoptical�o w consistency error

et;t +1
f l ow (i ) = jjd t;t +1 (i ) + d t +1 ;t (i 0)jj (5)

is largerthana threshold(2 pixelsin our experiments).Af-
ter theaboveprocess,thelengthsof all tracksarelimited to
nomorethanN frames(30 in ourexperiments).

For a track p expandingthe framesfrom f l to f r , ac-
cordingto thede�nition of motionvectors,thepixelsalong
trackp in differentframesshouldcorrespondto a same3D
pointX p in thescene.Denotingthepixel in trackp in frame
t asx t

p, ideally, weshouldhave

x t
p = K t (R t X p + T t );

where K , R , and T are the estimatedcameraparame-
ters. In real examples,the above equationdoesnot hold
andtherealwaysexist residualerrorsif we computejjx t

p ¡
K t (R t X p + T t )jj . Therefore,weestimateX p by minimiz-
ing therootmeansquarederror(RMSE)

argmin
X p

vu
u
t 1

r ¡ l + 1

rX

t = l

jj x t
p ¡ K t (R t X p + T t )jj2: (6)

In ourapproach,themethodof solvingEquation(6) is sim-
ilar to thosein [11]. After obtaininga setof X 's, a depth
mapzt for eachframet, canbe computedby storing the
depthvaluezt

p in [x t
p; yt

p; zt
p] = R t X p + T t . In themean-

time, we recordtheRMSEfor all pixels in framet usinga
residualerrormap° t .

If onepixel mapsto a 3D point in the background,its
residualerror shouldbe small to satisfy the multiple-view
geometry. Therefore,if the residualerror for onepixel is
large, it is quite possiblethat this pixel mapsto the fore-
groundsinceit doesnot satisfythegeometricconstraint.

4. Moving Object Extraction

Althoughtheresidualerrormap° t andthedepthmapzt

containimportantinformationto detectthemoving object,
they arestill insuf�cient to correctlyidentify theforeground
pixelsdueto thefollowing reasons.

First, theresidualerroranddepthrely greatlyon theac-
curacy of motion estimation.Their valuesarenot reliable
on themoving objectboundary, asshown in Figure1 (a).

(a)

(b)

one image recovered depth map residual error map

Figure1. Theproblemsof geometricconstraint.(a) Theresidual
errorsnearobjectboundaryarenoisy. (b) The residualerrorsof
moving objectaresmall,andtheestimateddepthvaluesof moving
objectarevery large,whichcontradictthegroundtruth.

Second,it is possiblethat the residualerror on mov-
ing objectis very small,which satis�esthegeometriccon-
straint.For instance,if in avideocapturing,thecameraun-
dergoesthesamemotionasthe foregroundobjectin order
to keepit in centerof all frames,thecomputedresidualer-
rorsof thepixelsonmoving objectmaybeverysmall.This
makesthesepixelsto beidenti�ed asthestaticbackground.
It is interestingto noteherethatusingthedepthvaluealso
doesnothelpto correcttheerrorsin this situation.Accord-
ing to themultiple-view geometry, therecovereddepthval-
uesof themoving objectpixelsaremuchlarger thanthose
of thetruebackgroundpixels,asshown in Figure1 (b). So
evenusingthedepthinformation,thepixels in themoving
objectwill still belabeledasbackground!

Accordingto the fact that the nearobjectsoccludesthe
far ones,we proposea methodbasedon appearanceand
structure consistencyconstraint in 3D warping,which can
appropriatelyaddressall theseproblems.

4.1.Appearanceand Structur eConsistency

Since the depth map is computed,3D warping tech-
niques[9] canbeusedto rendernew viewsby projectingthe
pixels in oneframeto their 3D locationsandre-projecting
3D pointsontootherframes.In ourmethod,for framet, we
selectits neighboring2l frames,i.e. f f t ¡ l ; :::; f t + l g. Then
we warp theseframesto f t usingdepthinformation. The
pixels whoseresidualerror is larger thana threshold(3.0
pixels in our experiments)arequite likely on the moving
object. So we exclude them in the warping. The image
warpedfrom f t 0

to f t is denotedasf̂ t;t 0
. Oneillustration

is shown in Figure2. Theredpixelsarethosereceiving no
projectionduringthewarping.

Dueto theaccumulationerror, thewarpedpointmayde-
viatefrom its correctposition.We thusapplythefollowing
algorithmto locally searchthe bestmatchusingwindows.
Theappearanceerrorof pixel i with respectto f t andf̂ t;t 0
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Figure2. 3D warping. Theneighboringframesof f t arewarped
to f t . Theredpixelsarethosereceiving no projectionduringthe
warpingdueto thelargeresidualerroror occlusion.

is givenby

A t;t 0
(i ) =

1
jW j

min
j

X

k2 W

jj f t (i + k) ¡ f̂ t;t 0
(i + j + k)jj2;

(7)
whereW is a window, and j = (dx ; dy ) is the searching
index. It is illustratedin Figure3. In our experiments,the
sizeof W is setto 7 £ 7, andthevaluesof dx anddy arein
[¡ 7; 7].

Wealsoconstructthewarpeddepthmapsẑt;t 0
similar to

the warpedframes. A structureerror measurementis pro-
posedto searchlocal bestmatchde�ned on thedepthmap.
Thestructureerrorof pixel i with respectto f t andf̂ t;t 0

is
de�ned by

St;t 0
(i ) =

1
jW j

min
j

X

k2 W

jj
1

zt (i + k)
¡

1
ẑt;t 0(i + j + k)

jj2;

(8)
wherezt is therecovereddepthmapin framef t .

After computing(7) and(8), eachpixel i in framet has
severalappearanceandstructureerrormeasurements.They
canbe usedto basicallyrepresentthe probability that one
pixel is in foregroundor background.For instance,if the
residualerror A t;t 0

(i ) is large, pixel i hashigh chanceto
be in themoving foreground.For eachpixel, we apply the
median�lter to all A t;t 0

(i ) and St;t 0
(i ) wheret0 2 f t ¡

l ; :::; t + lg, andcomputethemedianvalues

A
t
(i ) = medianfA t;t ¡ l (i ); :::; A t;t + l (i )g;

S
t
(i ) = medianfS t;t ¡ l (i ); :::; St;t + l (i )g:

Theappearanceconsistency termis de�ned as

Ct
A (i ) = e

¡ A t ( i )
2±2

A ;

i i
i'W

tf t't,f

searching region

^

Figure3. Locally searchingthe bestmatchusingwindows. For
pixel i in f t , its bestmatchingpoint in f̂ t;t 0

is i 0, which deviates
from thetrueposition.Theredsolidrectangleis thematchingwin-
dowsW , andthebluedashwindow shows thesearchingregion.

where±A is the standarddeviation. SinceS
t

and ° t are
de�nedondepth,wecombinethemin de�ning thestructure
consistency term

Ct
S (i ) =

r

e
¡ S t ( i )

2±2
S e

¡ ( ° t ( i )) 2

2±2
° ;

where ±S and ±° are two standarddeviations. In most
of our experiments,±A = 12, ±° = 1:5, and ±S =
0:05(z¡ 1

min ¡ z¡ 1
max ). Here, [zmin ; zmax ] is the depthrange

of the scene,which canbe estimatedusing the recovered
sparse3D pointsD .

Combining both the appearanceand structureconsis-
tency terms,thedatalikelihoodtermis givenby

L t (i ) =
½

1 ¡ Ct (i ) ®t
i = 0

Ct (i ) ®t
i = 1

(9)

whereCt is theappearanceandstructureconsistencyterm,
acombinationof Ct

A andCt
S , givenby

Ct (i ) = wt
A Ct

A (i ) + (1 ¡ wt
A )Ct

S (i ); (10)

wherewA is a factorbalancingthetwo terms.
With thede�nition of our likelihood,wegiveananalysis

thattheproposedmodelcanaddresstheproblemsdescribed
in Section4. First,ourmodelis notthatsensitiveto boththe
accumulationerror andboundaryartifactsusing3D warp-
ing, asdemonstratedin Figure4. Second,our modelcan
faithfully representtheocclusion.For instance,if amoving
objecthasthe samemotion with the camera,accordingto
multiple-view geometry, its recovereddepthvaluewill be
very large. We useframet0 closeto thereferenceframet,
to producef̂ t;t 0

by 3D warping. Sincethe moving object
pixelshave larger “depth” valuesthanthebackground,the
warpedmoving pixelsin f̂ t;t 0

will beoccludedby theback-
ground.Therefore,themoving pixels,no matterwhattheir
depthvaluesarein framet, will have largeappearanceand
structureconsistency error, andthe likelihoodterm(9) can
beusedto correctlymodelthemoving object.

4.2.The Model for Bilayer Segmentation

Only usingthelikelihoodterm(9) in segmentationdoes
not necessarilypreserve boundarysmoothness.We intro-



ducethe following foreground/backgroundseparationen-
ergy function

EB =
nX

t =1

X

i 2 f t

(L t (i ) + ¸ T Gt
T (i ) + ¸ S

X

j 2 N ( i )

Gt
S (i; j )):

(11)
There are two components: the data term L t (i ), and
the smoothnessterm which consistsof spatialsmoothness
Gt

S (i; j ) andtemporalconsistency Gt
T (i ). ¸ S and¸ T arethe

relativeweights.Weuse¸ S = ¸ T = 1 in ourexperiments.
In our experiments,we found that in mapCt computed

on all pixels in framet, thereis large contrastaroundthe
moving object boundary. So the spatialsmoothnessterm
shouldencouragethe foregroundboundaryto lie on pixels
with large contrastin mapCt aswell as in imagef t . We
computethecontrastonmapCt by

gt
AS (i; j ) = G¾ ­ jjCt (i ) ¡ Ct (j )jj ;

where­ is theoperationof convolution andG¾ is a Gaus-
siansmoothing�lter with acharacteristicwidth of ¾.

We alsoattenuatethebackgroundcontrastto encourage
smoothnessin the background.In computingthe appear-
anceconsistency error for eachpixel i in framet, suppose
A

t
(i ) is foundin f̂ t;t 0

(i.e. A
t
(i ) = A t;t 0

(i )), andits corre-
spondingbestmatchingpoint is i 0, we considerf̂ t;t 0

(i 0) as
thebackgroundcolor for pixel i . Thuswe estimatea back-
groundimagefor f t , andemploy the methodproposedin
[15] to attenuatethe backgroundcontrast. The attenuated
color contrastis denotedasgt

c(i; j ).
Finally, we combinegt

c(i; j ) andgt
AS (i; j ) to de�ne the

spatialsmoothnessterm

GS (i; j ) =

(
exp(¡ gt

AS ( i;j )¢gt
c ( i;j )

2¾s
) if ®t

i 6= ®t
j

0 if ®t
i = ®t

j

(12)
where¾s = 0:04¢15 in ourexperiments.

Thetemporalconsistency termis bidirectional,givenby

Gt
T (i ) = Gt;t +1

T (i ) + Gt;t ¡ 1
T (i ):

Let i 0 in f t +1 be the correspondingpoint to pixel i in f t

usingmotionestimation,theGt;t +1
T (i ) is de�ned as

Gt;t +1
T (i ) =

½
wt;t +1

f l ow (i ) if ®t
i 6= ®t

j

0 if ®t
i = ®t

j

wherewt;t +1
f l ow (i ) measurestheoptical�o w consistency error

de�ned in (5) andcolor differencein motionestimation.It
is givenby

wt;t +1
f l ow (i ) = exp(¡

(et;t +1
f l ow (i ))2

2±2
f l ow

) ¢

exp(¡
jj f t (i ) ¡ f t +1 (i 0)jj2

2±2
col or

); (13)

´ d ´ o ´ s ¯ s ¯ o ¯ w ¯ D ±A ±°

400 0.5 4 0.1 0.21 0.6 100 12 1.5

±S wA ¸ T ¸ S ¾s ±f l ow ±col or

0:05(z¡ 1
min ¡ z¡ 1

max ) 0.5 1 1 0.6 1.0 10

Table2. Parametercon�gurationin ourexperiments.

where±f l ow = 1:0 and ±col or = 10 in our experiments.
Gt +1 ;t

T (i ) is symmetricallyde�ned.

4.3.Iterati veOptimization

To reducethe complexity in computingthe appearance
and structureconsistency map for eachframe t, we only
select20-30framesfrom its neighboringframesto perform
3D warping.After theappearanceandstructureconsistency
mapsarecomputed,weapplygraphcutmethodto compute
® by minimizing EB (®). If we take all framesin comput-
ing EB , theprocesscanbevery time-consuming.It is also
unnecessarysincethetemporalsmoothnessmaynothold if
two framesarenot closein the video. In our method,we
simultaneouslysolve 10 frameseachtime from theheadto
thetail in thevideo.

After estimating®, wefurtherre�ne themotionparame-
tersf d; og describedin Section3 andusethemto optimize
® again. Two iterationsin alternatingthetwo stepsaresuf-
�cient in our method.Finally, thebinary foregroundmaps
arere�ned usingbordermatting[12]. Table2 lists thepa-
rametervaluesusedin ourexperiments.

5. Results

We validate our algorithm using several challenging
videosequencestakenby a hand-heldcamera.Table3 lists
somestatisticalinformationof thevideosequenceswe use.
Strongvibrationcanbeobservedin all thevideosequences.
Also, dueto thedeinterlacingprocess,thereis colormixing
aroundobjectboundary. Thesefactorsbring dif�culties to
performaccurateforegroundseparation.

Figure4 shows thatour methodcansuccessfullyextract
the moving object. The foregroundcan not be extracted
only usingdepthmapsandresidualerror mapsdueto the
ambiguity in the geometricconstraint. Figure 4 (b) and
(c) show that the residualerrorsof moving objectarevery
smallandtherecovereddepthhaslargevaluein foreground,
which contradictsthegroundtruth. Figure4 (d) shows the
appearanceandstructureconsistency mapde�ned in (10).
The contrastmapof appearanceandstructureconsistency
and the attenuatedcolor contrastmap are shown in Fig-
ure 4(e) and(f) respectively, usingwhich we generatethe
spatialsmoothtermmapshown in Figure4(g). Figure4(h)
shows our binary segmentationresult, and (i) shows our
foregroundextractionresultre�ned by mattingmethod.



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

(f) (g) (h) (i) (j) (k)
Figure4. (a)Oneframeof TreeSequence.(b) Residualerrormap.(c) Recovereddepthmap.(d) Appearanceandstructureconsistency map
de�ned in (10). (e) Contrastmapof appearanceandstructureconsistency. (f) Attenuatedcolor contrastmap. (g) Thespatialsmoothness
termmapde�ned in (12). (h) Foregroundsegmentationresult. (i) Foregroundextractionresultaftermatting. (j) Magni�ed region of (h).
(k) Magni�ed regionof (i).

sequence Tree(Fig. 4) Stair(Fig 6(a)) Path(Fig 6(b))
frames 150 200 110

frames/sec 25 25 25

Table3. Videolengthsof thethreetestedsequences.

(a) (b) (c)

Figure5. Optical �o w. (a) Oneframe. (b) Optical �o w map. (c)
Occlusionmap.

Figure5 shows an estimatedforward optical �o w map
with occlusionfor the“Tree”sequence.In (b), thedisplace-
mentfor eachpixel i is computedasjjd(i )jj . Ourrecovered
occlusionmapin Figure5(c) is closeto thegroundtruth.

Figure6 shows moreresultsto demonstrateour moving
objectextractionsystem.Pleasereferto thesupplementary
videofor thecompleteframes.

In our implementation,the total computationtime is
about6 minutesfor eachframeaveragely. Thecomputation
cost is mostly on the densemotion estimationin step2.1
andthecalculationof appearanceandstructureconsistency
mapsin step3.1.

6. Discussionand Conclusions

In this paper, we have proposeda completebilayersep-
aration systemto accuratelydetectand extract the mov-
ing foregroundobject from a video sequencetaken by a

hand-heldcamera.Ourmethodalternatesbetweentwo ma-
jor steps. In the �rst step,we estimatethe cameramotion
parametersandtheobjectmotion �elds which directly en-
codethe occlusioninformation. We introducethe anchor
pointsin prior to constraintheoptical�o w. Thecontinuous-
discreteoptimizationperformswell in producingaglobally
optimal result. In the secondstep,we take the depthand
motion information into the layer separation.It hasbeen
shown that thedepthmapandthegeometricconstrainthas
ambiguityin identifyingtheforegroundobject.Soweintro-
ducetheappearanceandstructureconsistency constraintto
reliably detectthemoving objects.Our �nal resultis com-
putedby optimizationwhich combinesa setof termsfrom
motion,depth,andcolors.

Our currentsystemstill hassomelimitations. First, if
the backgroundscenesdo not have suf�cient featuresand
mostregionsareextremelytextureless,the cameramotion
parametersandoptical�o w estimationwill containlargeer-
rors, and the bilayer separationmay not work well. This
problemcan be alleviated by incorporatingsegmentation
into our motion estimation.Second,whenforegroundob-
jectcontainsverythin structuresor smallholeswith respect
to imagesize,incorrectseparationmayhappenaroundthese
regions.
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Figure6. More examples.(a) “Stair” example.(b) “Path” exam-
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sults,andthe lower row shows themagni�ed views of extraction
results.
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