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ABSTRACT

The knowledge of occlusionsand newly-exposedareas,a natu-
ral consequencef changingobjectjuxtapositionin a 3-D scene,
canbe effectively usedto improve video codingef ciency, video
rate corversionquality andview interpolation delity . Although

variousocclusionestimatiormethodshave beenproposedo date,
mostof themare not robust or are computationallycomplec. In

this paper we study two simple, well-known occlusionestima-
tion methodspnebasedon a photometricmismatchbetweertwo

framesof animagesequencewhile the otherbasedon a geomet-
ric mismatch. We demonstrateheir weaknesseand proposea

nev geometricmethodthat exhibits good robustnesgo noisein

thedatawhile maintaininglow computationatomplexity.

1. INTRODUCTION

Occlusioneffectsoccurringin imagesequencearea naturalcon-
sequenc®f changingobjectjuxtapositionin a 3-D scene.These
effectsresultin partsof animageframe disappearingn the fol-
lowing frame(s),known as occlusionareas or appearingn the
following frame(s),known as newly-exposedareas Both types
of areaglay a very importantrole in motion estimationfrom dy-
namicimageryandin disparity estimationfrom stereoor multi-
view imagery;for framepointsin occlusionareagorward motion
is unde ned(thosepointsdisappeain the next frame). Similarly,
for framepointsin newly-exposedareasbhackward motionis not
de ned. Consequentlymotion parametershould not be com-
putedfor image points belongingto eithertype of area,asthey
are meaningless. However, and this is the secondobsenation,
most motion estimationalgorithmsemplgy someform of regu-
larization (explicit motion smoothnesgrior, block-basednotion
model,intensitymatchingoverawindow, etc.). Sincein occlusion
andnewly-exposedareasmotion parametersire unde ned, regu-
larizationshouldbe disalloved betweenmagepointsfrom those
areasandneighboringpointswith well-de ned motion. In orderto
achievethis, occlusionandnewly-exposedareasnustbeexplicitly
known. Similar obsenationsapplyto disparityestimation.
Estimationof occlusionandnewly-exposedareads aninverse
problemand, as such, is ill-posed. Most of occlusion/newly-
exposedareaestimatiormethodgely on3 or moreframesto make
decisionaboutindividual imagepoints[1, 2, 3, 4, 5]. Suchmeth-
odscomparentensityconsisteng betweerthe currentand previ-
ousframe(s)with thatbetweerthe currentandfutureframe(s).In
general,this improves reliability of occlusionestimationbut re-
quireslargerbuffersandis morecomplex computationally Meth-
ods have beenproposedhat estimatenenly exposedareasfrom
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two imageframesonly. However, suchmethodsbasedon photo-
metricdetectiormechanisngintensitymismatch)6, 7] arenotre-
liable, while thosebasedon geometricmechanisn{motionvector
mismatch)8] althoughmorereliableunderhigh PSNRconditions
still fail onnoisydata.

In this paper we proposea simple methodfor the detection
of occlusionand nenly-exposedareasthatis basedon geometric
propertiesof the motion eld. The methodis applicableto ary
motion eld derivedfrom animagepair. Its principleis basedon
the obsenationthattheregulargrid in the referencémageplane,
atwhich the motionvectorsareanchoredformsanirregular grid
in the target image plane after motion compensation.Sincethe
targetimagewill containno motion-compensateprojectionsin
the newly-exposedareas,suchareascan be easily detected. We
presenta simple neighborhoodestto detectnewly-exposedpix-
elsandwe compareour approachwith standardohotometry-and
geometry-baserthethods.

2. PHOTOMETRY-BASED ESTIMATION OF
OCCLUSIONS

Theusualassumptiorin estimatiorof occlusiongrom two frames,
is excessve intensity matching(motion-compensateprediction)
error obsened; reference-frameixels that disappearcannotbe
accuratelymatchedn thetamgetframeandthusinducesigni cant
errors. Let | 1[x] denoteintensityof the rst frameof a sequence
at spatialpositionx, and|z[x] — similar intensityin the second
frame. If d¢ denotesa forward motion (disparity) eld anchored
on the samplinggrid of frame#1 (reference)and pointing to the
target frame#2, while d, denotesa backward motion eld, then
thecorrespondingnotion-compensategredictionerrorsatx are:

"t [x]

"b[X] = I2[x] li[X

[1[x] T2[x + df [X]];
dp[x]]:

Theusualocclusiondetectionmethodghendeclarea pixel in the
referencdrameasbeingoccludedn thetamgetframeif "¢ j >

for frame#landj",j >  for frame#2. Notethatalthoughnewly-
exposedareascannotbe detectedby this mechanism(pixels are
notvisible), effectively the occludedareasn frame#2 (computed
usingdp) arein factthe newly-exposedareasfor frame#1.

3. GEOMETRY-BASED ESTIMATION OF OCCLUSIONS
—TRADITION AL APPROACH

An alternatve, to thephotometriddetectiorof occlusionareasis a
geometricdetection.Sucha detectionis basedon the assumption
that a mismatchof forward and backward motion vectorsis due
to disappearingmageareas. In particular the following vector



matchingerrorshave beenusedin the pastto detectthe occlusion
andnewly-exposedareadn referencdramel 1 [8]:

t [X]

b[X]

kds [x]
kds [x

dp[x + df [x]]k;
dp[x]] ds[x]k:

By comparingthe above errorswith a threshold,decisioncanbe
madeasto whetherixel atpositionx in | ; isoccluded 1 > )
orexposed( , > ). Forincreasedobustnessthis decisioncan
be averagedover a window, however this will sacri ce resolution
of themethod.

4. GEOMETRY-BASED ESTIMATION OF OCCLUSIONS
—NEW APPROACH

We proposeocclusion/nerly-exposedareadetectionbasedon an-
othergeometricprinciple. A typical motion eld computedunder
someform of spatialregularizationwill leadto converging mo-
tion vectorsoriginatingin occlusionareasof the referencerame
(areaA in Fig. 1). Suchvectorscannotprovide a goodintensity
match and assumecompromisecoordinateswith respectto the
neighboringvectorsfrom, e.g.,a moving objectand static back-
ground. This corvergentbehaior is a compromisebetweenthe
lack of intensitymatchandspatialsmoothnesgnforced,and po-
tentially leadsto multiple vectorspointing to the samelocationin

thetametframe. This might suggesthata high spatialdensityof

motion-compensategositionsin thetamgetframe(l ; in Fig. 1) is
indicative of an occlusionarea. However, in practice,it turnsout
that resultsare very sensitve the selecteddensitythreshold. On
the otherhand,pixelsin the tamget framethatdid not exist in the
referenceframe (newly-exposedpixels in areaB) have no rela-
tionshipwith the referencérameand,assuch,cannotbe pointed
to by forward motionvectors.Thus,areasin thetargetframethat
arevoid of motion-compensategrojectionscanberelatively eas-
ily detectedThisis the basisof the proposedietectionalgorithm.

I L

Fig. 1. Simpleocclusionprocessandtypicalmotion eld; A —area
to beoccludedB — areanewly exposed.

Thedetectiomalgorithmis very simple,andis equallyapplica-
bleto occlusiondetectionf | ; is thereferencdrameandl ; is the
tamgetframe.Let bea?2-D samplinglatticefor | ; andl , limited
to thedomainof eachimage.Thisis unlike thestandardle nition
of alatticethatdoesnot constrairits extent. Also, let S beasetir-
regularspatialpositionsin | , obtainedby motioncompensationf
pixelsfroml,i.e.,S=fy :y = x + d¢ [x];x 2 @. Notethat
cardf g cardfS gbecauseertainpointsfrom | ; may project
to thesamdocationin I ,. De ne anindicatorfunctionasfollows:

1 jix oz or

() = 0; otherwise X2 1zi28;

For eachlattice pointx andirregularpointz;, bothin 12, (x) is
1if z; iswithin adiskof radiusr from x. By accumulating; (x):

carxifS g
M (x) = i(X);

i=1

we measurehe local densityof motion-compensateprojections
ateachx 2 , andby thresholdingM (x) we nd which areasof

I, exhibit the lowest density of such projections: x is declared
newly-exposedif M [x] < , i.e., if sufciently few irregular
pointsarein the vicinity of x. We user=2, but we testa range
of valuesof . For areaswherethe motion eld d is uniformly

translational(regular projections),M (x) = 13forr = 2. At

M (x) = 6 morethanhalf of the projectionsaremissingsuggest-
ing vicinity of anewly-exposedarea.

Sinceit is easielto nd regularly-spacecdeighborghanthose
spacedrregularly, thealgorithmis implementedlifferentlyin prac-
tice. For eachprojectionz; 2 S, its neighborsx 2, suchthat
kzi xk r, arefound, and eachneighbors counteris incre-
mentedby 1. After all z; have beenscannedeachcountercontains
thenumberof projectionswithin distanceof r.

5. EXPERIMENT AL RESULTS

In all the resultsshovn, motion was computedusing8 8 block
matchingunderspatialregularization(heighboringblocksareen-
couragedto have similar motion vectors). The resultingvector
elds arediffuseon the occlusionside and have sharpboundary
on the newly-exposedside of the moving object (left column of
Fig. 2 andmiddlerow in Fig. 4). In Fig. 2, we shav resultsof ex-
perimentwith syntheticmotion of naturalintensities We measure
theaccurag of detectiorof occludedandnewly-exposedareasus-
ing symmetricdifferencebetweerthe ground-truthpixels andthe
detectedpixels (unionof false-positresandmisses)shavn in the
centercolumnof Fig. 2 asa function of a thresholdparametefor
eachdetectionmethod( , or ). For eachmethod,we shav
detectiorresultfor parametevaluewith thelowestdetectiorerror.
Clearly, the photometricapproachprovidesa globally-correct
resultthatis locally very fragmentedextensionof themethodto a
window insteadof singlepixel would solve this but at the costof
signi cant resolutionloss. The two geometricapproachesesult
in similar occlusion/ne/ly-exposedareadescriptors put the one
basedon vector differenceleaves gapsin otherwisecompactre-
gions. In termsof the detectionerrorthe new geometricapproach
outperformsthe traditional one by closeto 10%. As shown in
Fig. 3, thephotometricapproactperformsvery poorly undemoisy
conditions.This is not unexpectedsincethe detectionis basedi-
rectly on (noisy) intensities;using a window, again, would sac-
ri ce resolution. The traditionalgeometricapproachalsofails in
thepresencef noise;disregardingtheeffectsatimageboundaries
(vectorsare incorrectdue to the selectedimage boundaryhan-
dling), thenew methodresultsin muchmoreaccurateestimates.
We alsoappliedthe proposednethodto somewell-known test
sequencesAs canbe seenin Fig. 4, relatively accurateoccluded
andnewly-exposedareasvereobtainedn FlowemardenandMap
usingthisvery simple,fastmethod.Theresultsarenotasaccurate
on Tsukubaand Teddy becauseof their relatve compleity; the
detectedareasarein correctpositionsbut are very fragmented.
The accurag of detectionresultsis directly relatedto the quality
of computedmotion; betterresultsshouldbe possiblewith more
sophisticatednotionestimatiornthanblock-based.
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Fig. 2. Occlusionestimationresultsfor a natural-tature, synthetic-motiorsequenceln the middle column,two error plotsareincluded,
onefor detectionfrome#1 to frame#2, andthe other— from frame#2 to frame#1. In theright column,white denotesoccludedarea,and

graydenotesiewly-exposedarea.
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Fig. 3. Resultsfor the syntheticmotionsequencevith additive white Gaussiamoisewith standardieviation =36 (PSNR=17.44dB).
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Fig. 4. Occlusionestimatiorresultsfor four well-known testsequenceBlowergarden Map, TsukubaandTeddy(Lastthreetestsequences
areavailableatwww.middlebury.edu/stereo/ ).
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