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Abstract

This paper presentsa new methodto detectand ac-
curately extract the moving objectfrom a video sequence
taken by a hand-heldcamen. In order to extract the
high quality moving foreground, previous approachesusu-
ally assumethat the badground s static or throughonly
planar-perspectivetransformation. In our method,based
ontherobustmotionestimationweare capableof handling
challengingvideoswhelre the badkgroundcontainscomple
depthandthecamera undegoesunknowrmotions.W\e pro-
posethe appeaanceand structue consistencyconstaint
in 3D warping to robustly modelthe badkground, which
greatlyimprovestheforegroundsepaation evenon the ob-
jectboundary Theestimatedlensamotion eld andthebi-
layer sgmentatiorresultare iterativelyre ned where con-
tinuousand discrete optimizationsare alternatively used.
Experimentakesultsof high quality moving objectextrac-
tion from challengingvideosdemonstate the effectiveness
of our method.

1. Intr oduction

Accuratemaving foregroundextractionfrom a videois
an active researchin computervision. For an applicable
high-quality video editing tool, it is usually requiredthat
themoving foregroundobjectcanberobustly detectedsep-
arated,andedited. However, this is aninherentlyill-posed
problemdueto the large numberof unknavnsandthe pos-
siblegeometriandmotionambiguitiesn thecomputation.

In order to separatethe foreground object with visu-
ally plausibleboundary several bi-layer separatiormeth-
ods[5, 10, 15, 4] areproposedassuminghatthe cameras
mostly stationaryand the backgrounds known or canbe
modeled. In [7], usingthe stereovideo sequenceandas-
sumingthe mostly staticbackgroundthe objectcolor, gra-
dient, anddisplacemeninformationareintegratedto infer
theforegroundlayerin realtime. Lateron, two approaches
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are proposedrespectiely in [15, 4] to separatehe fore-
groundfrom a singlestationaryweb camerausingdifferent
spatialandtemporalpriors. Most recently an approachs
proposedn [20] to infer bilayer segmentatiomrmonocularly
evenin thepresencef distractingbackgroundnotion. For
all thesemethodsif thecameraundegoesarbitrarytransla-
tional androtationalmotionsandthe backgrounchascom-
plex geometrystructuresthe foregroundobjectcannotbe
accuratelyextracteddueto thefollowing two mainfactors.

Motion estimation. In videos,the motion estimation
errorsare inevitable even using state-of-artalgorithms[ 2,
18, 8]. Theestimationinaccurag may causdarge problem
in correctlyconstructinghe backgroundnformationandin
modelingthe backgroundorior in sggmentation.

Foreground de nition . Themoving cameraalsobrings
the dif culties in de ning and identifying the foreground
object. If the backgrounds known, it is certainthat the
foregroundcanbe detectedand extractedusing color con-
stangy constraintor other more sophisticatedracking or
Bayesiardetectiormethodq 19, 13]. However, if theback-
groundis unknown in the beginning, the foregroundde -
nition canbe ambiguous.We shall shawv in this paperthat
labelingthe pixels geometricallycloseto the camereor the
pixels with large motionsasforegroundis NOT correctin
mary cases.

Besideshilayer separationmotion segmentation1, 17,
6, 8] hasbeenextensvely studiedduring the pastdecades.
The purposeof thesemethodsis to group pixels that be-
long to similar motion,andeventuallyto clusterthe motion
to multiple layers. Thesemethodsdo not aim to achieve
the high quality foregroundextractionandusually produce
segmentatiorwithout accurateobjectboundariegspecially
whenocclusionor disocclusiorhappen.

In this paper we proposean automaticmethodto ac-
curatelydetectandextractthe moving objectfrom a video
sequencdaken by a hand-heldcamera. Our methodad-
vancesin several waysto improve the accurag of the bi-
layer sggmentatiorespeciallyon the objectboundary Our
methoditerateshetweermotionestimatiorandbilayersey-
mentation. In the motion estimationprocess,n orderto
minimize the errorscausedy optical o w formulation,on



one hand,we introducethe occlusionparameterand pro-
posethecontinuous-discreteptimizationto avoid thelocal
optimum. On the otherhand,we apply the structurefrom
motiontechniqueo reliably recoserthe cameranotionand
sparse3D points. Thesepointsmapto differentframesas
reliableanchordo constrainthe motionoptimization.

In the bilayer segmentation,using the cameraparame-
ters,themulti-view geometryconstrainis incorporatednto
our layer separatioomodel. A novel appearancandstruc-
ture consisteng constraintin 3D warpingis introducedin
our approachto modelthe essentiatlifferencebetweerthe
moving objectandthe backgroundn the video. The nal
foregroundis extractedby solving an optimization prob-
lem combining all theseconstraintsand consideringthe
temporal-spatiadmoothnes video.

The paperis organizedasfollows. In Section2, we give
anoverviewv of ourmethod.In Section3, therobustoptical
o w anddensealepthestimationaredescribedThe maving
foregrounddetectiorandextractionaredescribedn Section
4. Experimentatesultsareshovn in Section5. We discuss

andconcludeour paperin Section6.

2.0ur Approach

Given avideo sequencéaken by a freely moving cam-
erawith n frames our objectie is to achieve a high quality
foregroundextractionwithout initially knowing the object
motions. We denotef ' (i) the pixel i in framet. Thenour
goalin this paperis to estimate®} , whichis thelabelof seg-
mentationfor eachpixel i in framet. ® hasbinaryvalues.
® = 1 whenthe pixel belongsto the foregroundmoving
object,@ = 0whenit is onthebackgroundWe set® = 0
for all pixelsinitially.

In orderto automaticallycomputea visually satisfying
and perceptuallycorrectforeground extraction result, our
methoditeratesbetweerntwo steps,.e., the densedepthes-
timationandforegroundlabeling,until a stablebilayersey-
mentationis obtained. Table 1 gives an overview of our
algorithm.

3. DenseDepth Estimation

We usethe structurefrom motion (SFM) methodpro-
posedn [21] torecoverthecameramotionparameterfrom
thegivenvideosequencek-or completeneswebrie y sum-
marizethealgorithmasfollows.

We rst detectandtrack featurepoints over the whole
video sequence.Then, we selectthe superiortracksand
key frames andinitialize the projective reconstructiorfirom
thereferencaeriple frames.Theprojective reconstructioris
upgradedo a metric framework at an appropriatenoment
throughself-calibration. For eachnewly addedframe,the
new cameraparameterand 3D pointsareinitialized, and

1 Structur e from Motion:
1.1 Recorer the cameramotion parametersC and
sparse3D pointsD .
2 DenseMotion and Depth Estimation:
2.1 Estimatedensemotiond andocclusiono for each

two consecutie frames. ) )
2.2 Estimatedepthmapz' andresidualerror map®

_ for eachframet.
3 Bilayer Segmentation

3.1 Computeheappeaanceandstructuleconsistency
maps
3.2 Solve ® by minimizing (11).
4 Repeasteps2 and3 for k iterations.
5 Finally, ®is re ned by bordermatting[172].

Tablel. Overview of our framework.

existing structureandmotionarere ned. Finally, thewhole
structureandmotionarere ned throughbundleadjustment.

Theoutputof the SFM estimatiorincludestherecovered
camergparametesetC anda sparse3D pointsetD map-
ping to the featurepointsin the video frames. We denote
the cameraparametemsC! = fK!;R*'; Ttg for framet,
whereK ! is theintrinsic matrix, Rt is the rotationmatrix,
andT! is thetranslatiorvector

3.1.Motion Estimation

The motion of each pixel is computedon consecu-
tive framesin the video. We use a displacementwector
d (i) = (dt " (i);djt ** (i) to modelthe motion of
pixel i betweemeighboringtwo framest andt + 1. In or-
derto handleocclusionsfor eachframepair f t andf t*1,
we de ne the occlusionlabel f o' ** jof' ** 2 f0; 1gg for
eachpixeli. If onepixel is occludedwhenmappingfrom
framet to framet + 1, o *! is setto 1.

We de ne the following objective functionto solve the
densedisplacemeninap:

1
argmin - (E¥ " (d;0) + E"H(di0); (1)
Tot=l

whereE® *1 (d; 0) andE'*1''(d;0) arethe bidirectional
enegy terms representinghe mapping from framet to
framet + 1 andmappingfrom framet + 1 to framet re-
spectvely. Sincethey are similarly de ned, we only give

thede nition of Et *! (d; 0) asfollows,

Et*l(d;0) = [mE*L (i) +
i2f, i 2N (i)
+ DU (D);

S G )
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whereN (¢ denotegthe setof neighborhood.The enegy
function hasthreecomponents{i) the datamatchingterm
m(i), (ii) thesmoothnesterms(i; j ) which consistf the
spatialsmoothnessf motionandthevisibility consisteny,
and(iii) aprior from therecovered3D points.



3.2.The Energy Function

Datamatchingterm m(i) is de nedonthecolorconstang
constraintbetweerthe matchedpixelsandis givenby
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wherei®in f ©*1 is the matchedpixel of i in framet. ", is
apenalty preventingall pixelsfrom beinglabeledasocclu-
sion,whichis de ned similarly astheonein [14]. %' ** (i)
is adifferentiablerobustfunction:
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If o' = 0and® & @31, thereshouldideally exist
occlusion. However, in our optimization process,due to
the useof discreteimagespaceandthe possibleestimation
errors,the bilayer separatioris not always accurate. The
matchingcostis therebyde ned asminf ¥4 ** (i); o9 to
constrainthe cost. Using optical o w, the color difference
betweerf (i) andf t*! (i% canbefurtherwritten as
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wheref {, | andf{ areimagegradientsn x, y andt direc-
tionsrespectiely. The continuity of the above functionis
importantin computingthe rst orderderivative

@t'@i f*+ (%
@

which makesit possibleto applyanonlinearcontinuousop-
timization, e.g.,the steepestlescentmethod to estimated.

l/gul (i) =

Ya(Fy (i) fy(i)7;

Smoothnesgerm s(i; j ) encouragethe smoothnessf the
motionandocclusion,andis de ned as
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where ¥ and jo* "' o"*'j are the spatial smooth-

nessconstraintfor the displacemenandocclusionin each
frame. Y4 is arobustfunction,givenby
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which implies if two neighboringpixels belongto differ-
ent layersafter sgmentation the spatialsmoothnessloes
not needto be presered. 5 controlsthe upperboundof
the cost. Wt *1 (i) 2 f0;1g is a binary value,indicating
whetheror not thereexists one or more pixelsi in f ! that
canbe matchedfrom f *1 accordingto the displacement
valued'**:t [14]. Thevalueof Wt * (i) is setto 1 if there
is no correspondingpixel in f t*1 for f L(i).

Prior D imposesconstraintawvith the recoreredsparse3D
pointsD from our SFM estimation.For the 3D point X 2
D, its projectionsin f' andf'*! aredenotedasu}, and

u§(+l respectiely whereu!, canbecomputedy

u}y = K'(R'X + T,

with theestimateccamergparameter& ', R, andT! from
the SFM step.Thesepixelsshouldbe matchedandbetaken
asandhor pointsin theoptical o w estimation

X X
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(4)

where' (X)) is theframesetin which X hascorresponding
imagefeaturepoints. Theweight p is setto alargevalue.

3.3.Solving the Energy Function

Combiningthe de nition of differentenegy terms,we
solve for a densedisplacementapwith the consideration
of theocclusionbi-directionally

Theocclusiono is initially setto all zeros.With there-
covered3D point setD, we areableto determinethe dis-
placemenbf the sparseanchorpointswhich correspondo
the 3D pointsin D. The motionsof otherpixelsareinitial-
ized using our motion interpolation. Speci cally, in each
frame,we producea 2-D triangulationof the sparseanchor
points. Thenthe motion vectorsfor pixelsinside eachtri-
angleareinitialized usingtriangularinterpolation.Our mo-
tion optimizationalgorithmalternatesetweenthe follow-
ing two steps:

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

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

In step 1, nonlinearcontinuousoptimization methods,
e.g.,thesteepestiescenalgorithm,canbe usedto estimate
d. However, it requiresagoodstartpointandis easilystuck
in alocal minimum. To overcomethis problem,we propose
acontinuous-dis@teoptimizationprocess.

We rst applythesteepestlescenalgorithmto estimate
a displacementmapfor eachframe pair. In this step,the
resultmaybeonly in alocal minimum point giventhe high
dimensionof the solutionspace.In orderto pull theresult
out of alocal minimum point, we apply scalarquantization
onthedisplacement in x andy directionsin the rangeof
[dy i “;dx + "]and[dy j “;dy + “]respectiely, where’
is aconstantalueandis setto 5 in our experiments.Then,
in the discretespace loopy belief propagtion [1€] is ap-
plied to computea bettersolutiond®. The continuousand
discreteoptimizationsalternateandrapidly corvergein our
experiments.



3.4.Depth Estimation and Geometric Constraint

Oncethe densemotion vectorsare computed,we link
eachpixel forwardandbackwardin the neighboringrames
accordingto the pixel displacement.This processeventu-

ally form densemotiontradks Assumingthattheestimated

optical ow is not always accurateand the errorsmay be
accumulatedn constructinghetracks,we breaka link be-
tweenthe connectedpixels f (i) andf'*! (i% in a track
if oneof the following happens:1) i®or i is labeled“oc-
cluded”.2) Theoptical o w consisteng error

et (i) = jid® L (i) + dt (9] (5)

is largerthanathreshold(2 pixelsin our experiments) Af-
tertheabove processthelengthsof all tracksarelimited to
nomorethanN frames(30in our experiments).

For a track p expandingthe framesfrom f! to f ", ac-
cordingto thede nition of motionvectors the pixelsalong
trackp in differentframesshouldcorrespondo a same3D
pointXp in thescene Denotingthepixel in trackp in frame
t asx:,, ideally, we shouldhave

Xp = K{R'Xp + TY);

whereK, R, and T are the estimatedcameraparame-
ters. In real examples,the abore equationdoesnot hold
andtherealwaysexist residualerrorsif we computejjx}) i
KY(R'Xp+ TY)jj. Thereforewe estimateX , by minimiz-
ing theroot meansquarecerror(RMSE)

%

jixpi KYR'Xp+ THjj2: (6)
=1

H X
argmnt ———
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In our approachthemethodof solvingEquation(6) is sim-
ilar to thosein [11]. After obtaininga setof X's, a depth
mapz' for eachframet, canbe computedoy storingthe
depthvaluez;, in [x};yp;z5] = R'Xp + T'. In themean-
time, we recordthe RMSE for all pixelsin framet usinga
residualerrormap°t.

If one pixel mapsto a 3D pointin the background,ts
residualerror shouldbe small to satisfythe multiple-viev
geometry Therefore,if the residualerrorfor one pixel is
large, it is quite possiblethat this pixel mapsto the fore-
groundsinceit doesnot satisfythe geometricconstaint.

4. Moving Object Extraction

Althoughtheresidualerrormap®t andthedepthmapzt
containimportantinformationto detectthe moving object,
they arestill insufcient to correctlyidentify theforeground
pixelsdueto thefollowing reasons.

First, theresidualerroranddepthrely greatlyon the ac-
curagy of motion estimation. Their valuesare not reliable
onthemoving objectboundaryasshavn in Figurel (a).

@

(b)

oneimage recovered depth map  residua error map
Figurel. The problemsof geometricconstraint.(a) Theresidual
errorsnearobjectboundaryarenoisy. (b) The residualerrorsof
moving objectaresmall,andthe estimatedlepthvaluesof moving
objectarevery large,which contradictthe groundtruth.

Second,it is possiblethat the residualerror on mov-
ing objectis very small, which satis esthe geometriccon-
straint.For instancejf in avideocapturing the cameraun-
demgoesthe samemotion asthe foregroundobjectin order
to keepit in centerof all frames,the computedresidualer-
rorsof thepixelson moving objectmaybevery small. This
malesthesepixelsto beidenti ed asthe staticbackground.
It is interestingto note herethatusingthe depthvaluealso
doesnot helpto correcttheerrorsin this situation.Accord-
ing to the multiple-view geometrytherecorereddepthval-
uesof the moving objectpixelsaremuchlargerthanthose
of thetrue backgroundpixels,asshavn in Figurel (b). So
even usingthe depthinformation, the pixelsin the moving
objectwill still belabeledasbackground!

Accordingto the factthat the nearobjectsoccludesthe
far ones,we proposea methodbasedon appeaanceand
structuie consistencyonstaint in 3D warping,which can
appropriatelyaddressll theseproblems.

4.1.Appearanceand Structur e Consistency

Since the depth map is computed,3D warping tech-
niqueq 9] canbeusedo rendemew views by projectingthe
pixelsin oneframeto their 3D locationsandre-projecting
3D pointsontootherframes.In our method for framet, we
selectits neighboring?l frames,j.e. ffti ';::;; f t*1g. Then
we warp theseframesto f ' usingdepthinformation. The
pixels whoseresidualerror is larger than a threshold(3.0
pixels in our experiments)are quite likely on the moving
object. Sowe excludethemin the warping. The image
warpedfrom f t° to f t is denotedasft°. Oneillustration
is shavn in Figure2. Thered pixelsarethosereceving no
projectionduringthewarping.

Dueto theaccumulatiorerror, thewarpedpointmayde-
viatefrom its correctposition. We thusapply the following
algorithmto locally searchthe bestmatchusingwindows.
The appearancerrorof pixel i with respecto f t andf%t ’
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Figure2. 3D warping. The neighboringframesof f ' arewarped
to f '. Thered pixels arethosereceiing no projectionduringthe
warpingdueto thelargeresidualerroror occlusion.

is givenby
N CE S EI AN (R I 9 i
)

whereW is awindow, andj = (dy;dy) is the searching
index. It is illustratedin Figure 3. In our experimentsthe
sizeof W is setto 7 £ 7, andthevaluesof dy, andd, arein

li 7:7]

We alsoconstructhewarpeddepthmaps2t * similarto
the warpedframes. A structureerror measuremens pro-
posedto searcHocal bestmatchde ned on the depthmap.
The structureerror of pixel i with respecto f ! andft’ is
de ned by

. 1
AR°(y = — min
JWJ ! k2w

. X 1 1
S0y = omin o s,
Wj i L, k) 28+ k)JJ
(8)
wherez! is therecorereddepthmapin framef !.

After computing(7) and(8), eachpixel i in framet has
severalappearancandstructureerrormeasurementdhey
canbe usedto basicallyrepresenthe probability that one
pixel is in foregroundor background.For instance,f the
residualerror A% °(i) is large, pixel i hashigh chanceto
bein the moving foreground. For eachpixel, we applythe
median Iter to all A% °(i) and St °(i) wheret® 2 ft
[;:::;t + 1g, andcomputethe medianvalues

A'(i) = medianfA 51 (i) AR (i g:
S'(i) = medianfS 51 '(i);  SH (i)g:

Theappearanceonsisteng termis de ned as

G(i)=¢ & ;

"] E

searching regon

Figure 3. Locally searchinghe bestmatchusingwindows. For
. Lot . Lo +0. .o . .
pixeli in f *, its bestmatchingpointin %" isi° which deviates
fromthetrueposition. Theredsolid rectanglés thematchingwin-
dows W, andthe bluedashwindow shavs the searchingegion.

where+, is the standarddeviation. SinceS' and°! are
de ned ondepth,we combinethemin de ning thestructure
consisteng term

r

i st i Cctiy?
e 2152 e 212 ,

G(i) =

wherets and + are two standarddeviations. In most
of our experiments,+y = 12, + = 15 and+ts =
0:05(@/.t i zi,2). Here,[Zmin ; Zmax] iS the depthrange
of the scene,which canbe estimatedusing the recovered
sparse3D pointsD .

Combining both the appearanceand structure consis-

teng/ terms,thedatalik elihoodtermis givenby

g0 @=o
ciy | a=1 )

whereC' is theappeaanceandstructuie consistencyerm
acombinatiorof C, andC}, givenby

Ci) = waG (i) + @i wa)Gs(i); (10)

wherew, is afactorbalancinghetwo terms.

With thede nition of ourlikelihood,we give ananalysis
thattheproposednodelcanaddresshe problemsdescribed
in Sectiond. First,ourmodelis notthatsensitve to boththe
accumulatiorerror and boundaryartifactsusing 3D warp-
ing, asdemonstratednh Figure4. Second,our modelcan
faithfully representhe occlusion.For instancejf amoving
objecthasthe samemotion with the cameraaccordingto
multiple-viev geometry its recorereddepthvalue will be
very large. We useframet® closeto the referenceramet,
to producef ¥ ’ by 3D warping. Sincethe moving object
pixels have larger “depth” valuesthanthe backgroundthe
warpedmoving pixelsin %t * will beoccludedoy theback-
ground. Therefore the moving pixels, no matterwhattheir
depthvaluesarein framet, will have large appearancand
structureconsisteng error, andthe likelihoodterm (9) can
beusedto correctlymodelthe moving object.

Lt =

4.2.The Model for Bilayer Segmentation

Only usingthelikelihoodterm(9) in sggmentatiordoes
not necessarilypresere boundarysmoothnessWe intro-



ducethe following foreground/backgroundeparatioren-
ergy function

xXo
Eg = (L' +,1G () +,s
t=1 j2ft 2N (i)

Gs(ir j)):

(11)

There are two components: the data term L(i), and
the smoothnesserm which consistsof spatialsmoothness
G (i; j ) andtemporakonsisteng G- (i). , s and, 1 arethe
relatve weights.We use, s = , 1 = 1in ourexperiments.

In our experimentswe foundthatin mapC' computed
on all pixelsin framet, thereis large contrastaroundthe
moving objectboundary So the spatialsmoothnesserm
shouldencouragéehe foregroundboundaryto lie on pixels
with large contrastin mapC aswell asin imagef!. We
computethe contrasonmapC by

gas (i) = Gu- JiC'()) i C ()il

where- is theoperationof corvolution andGs, is a Gaus-
siansmoothinglter with acharacteristiavidth of ¥

We alsoattenuatehe backgroundcontrastto encourage
smoothnesén the background.In computingthe appear
anceconsisteng error for eachpixel i in framet, suppose
A'(i) is foundin ¥t° (i.e. A' (i) = At °(i)), andits corre-
spondingbestmatchingpointis i% we consider ¥ °(i9) as
thebackgrounctolor for pixel i. Thuswe estimatea back-
groundimagefor f ', andemploy the methodproposedn
[15] to attenuatehe backgroundcontrast. The attenuated
color contrasis denotedasg.(i; j ).

Finally, we combineg((i; j ) andghs (i; j ) to de ne the
spatialsmoothnesgerm
exp(i W) if ® 6

GEN= it @

NONC!

(12)
where¥s = 0:04¢15in our experiments.
Thetemporalconsisteng termis bidirectional givenby

Gr(i)= G ")+ G

Leti%in f** bethe correspondingpoint to pixel i in f
usingmotionestimationthe Gi* ** (i) is de ned as
Yo

tt+1 /: R
G+l iy Wf’|ow (l) I1E®|t 6 ®]
wherew}! *! (i) measuretheoptical o w consisteny error

de nedin (5) andcolor differencein motion estimation. It
is givenby

tt+1 /:\\2
Wiigw () = exp(i 7(62"“”(')) )¢
—f low
FELGY - f L (9)ii2
exp(; J (1)21+2 (i9j ) (13)
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Table2. Parametercon gurationin our experiments.

wherex o = 1:0 and o or = 10 in our experiments.
G (i) is symmetricallyde ned.

4.3. Iterati ve Optimization

To reducethe complity in computingthe appearance
and structureconsisteng map for eachframet, we only
select20-30framesfrom its neighboringframesto perform
3D warping.After theappearancandstructureconsisteng
mapsarecomputedwe applygraphcut methodto compute
® by minimizing Eg (®). If we take all framesin comput-
ing Eg , the processcanbevery time-consuminglt is also
unnecessargincethetemporalsmoothnessaynot hold if
two framesare not closein the video. In our method,we
simultaneouslsolve 10 frameseachtime from the headto
thetail in thevideo.

After estimating®, we furtherre ne themotionparame-
tersf d; og describedn Section3 andusethemto optimize
® again. Two iterationsin alternatingthe two stepsaresuf-
cient in our method. Finally, the binary foregroundmaps
arere ned usingbordermatting[12]. Table?2 lists the pa-
rametevaluesusedin our experiments.

5. Results

We validate our algorithm using several challenging
videosequencetakenby ahand-helccamera.Table3 lists
somestatisticalinformationof thevideo sequencew/e use.
Strongvibrationcanbeobseredin all thevideosequences.
Also, dueto thedeinterlacingorocessthereis color mixing
aroundobjectboundary Thesefactorsbring dif culties to
performaccuratdoregroundseparation.

Figure4 shavs thatour methodcansuccessfullyextract
the moving object. The foreground can not be extracted
only usingdepthmapsandresidualerror mapsdueto the
ambiguity in the geometricconstraint. Figure 4 (b) and
(c) shav thatthe residualerrorsof moving objectarevery
smallandtherecorereddepthhaslargevaluein foreground,
which contradictghe groundtruth. Figure4 (d) shavs the
appearancand structureconsisteng mapde ned in (10).
The contrastmap of appearancand structureconsisteng
and the attenuatecdcolor contrastmap are shawvn in Fig-
ure 4(e) and (f) respectiely, usingwhich we generatehe
spatialsmoothtermmapshawvn in Figure4(g). Figure4(h)
shows our binary segmentationresult, and (i) showvs our
foregroundextractionresultre ned by mattingmethod.
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Figure4. (a) Oneframeof TreeSequence(b) Residuakrrormap.(c) Recavereddepthmap. (d) Appearanceandstructureconsisteng map
de nedin (10). (e) Contrastmapof appearancandstructureconsisteng. (f) Attenuatedcolor contrastmap. (g) The spatialsmoothness
termmapde nedin (12). (h) Foregroundsegmentatiorresult. (i) Foregroundextractionresultafter matting. (j) Magni ed region of (h).

(k) Magni ed region of (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.

(€) (b) (©
Figure5. Optical ow. (a) Oneframe. (b) Optical o w map. (c)
Occlusionmap.

Figure 5 shavs an estimatedforward optical o w map
with occlusionfor the“Tree” sequenceln (b), thedisplace-
mentfor eachpixeli is computedasjjd(i)jj. Ourrecovered
occlusionmapin Figure5(c) is closeto the groundtruth.

Figure 6 shavs moreresultsto demonstrat®ur moving
objectextractionsystem.Pleaseeferto the supplementary
videofor thecompleteframes.

In our implementation,the total computationtime is
about6 minutesfor eachframeaveragely Thecomputation
costis mostly on the densemotion estimationin step2.1
andthe calculationof appearancandstructureconsisteng
mapsin step3.1.

6. Discussionand Conclusions

In this paper we have proposeda completebilayer sep-
aration systemto accuratelydetectand extract the mov-
ing foreground object from a video sequencdaken by a

hand-heldcamera Our methodalternatedbetweertwo ma-

jor steps.In the rst step,we estimatethe cameramotion

parametersndthe objectmotion elds which directly en-

codethe occlusioninformation. We introducethe anchor
pointsin prior to constrairtheoptical o w. Thecontinuous-
discreteoptimizationperformswell in producinga globally

optimal result. In the secondstep,we take the depthand
motion informationinto the layer separation.It hasbeen
shavn thatthe depthmapandthe geometricconstrainthas
ambiguityin identifyingtheforegroundobject. Soweintro-

ducethe appearancandstructureconsisteng constrainto

reliably detectthe moving objects.Our nal resultis com-
putedby optimizationwhich combinesa setof termsfrom

motion,depth,andcolors.

Our currentsystemstill hassomelimitations. First, if
the backgroundscenegdo not have sufcient featuresand
mostregionsare extremelytextureless the cameramotion
parameterandoptical o w estimatiorwill containlargeer
rors, andthe bilayer separatiormay not work well. This
problem can be alleviated by incorporatingsegmentation
into our motion estimation. Second whenforegroundob-
jectcontainsverythin structurer smallholeswith respect
toimagesize,incorrectseparatiomayhapperaroundhese
regions.
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Figure6. More examples.(a) “Stair” example. (b) “Path” exam-
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from videos,the middle row shavs our foregroundextractionre-
sults,andthe lower row shavs the magni ed views of extraction
results.
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