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Abstract

Thispaperdescribesa new approach to motionestima-
tion in video.We representvideomotionusinga setof par-
ticles. Each particle is an image point samplewith a long-
duration trajectoryandotherproperties.To optimizethese
particles,wemeasure point-basedmatching alongthepar-
ticle trajectoriesanddistortionbetweentheparticles. The
resultingmotionrepresentationis usefulfor a varietyof ap-
plications and cannotbe directly obtainedusing existing
methodssuchasoptical�ow or featuretracking. Wedemon-
strate the algorithm on challengingreal-world videosthat
include complex scenegeometry, multiple typesof occlu-
sion,regionswith low texture, andnon-rigid deformations.

1. Intr oduction

Video motion estimationis often performedusing fea-
ture tracking[12] or optical �o w [3]. Featuretrackingfol-
lows a sparsesetof salientimagepointsover many frames,
whereasoptical �o w estimatesa densemotion �eld from
one frame to the next. Our goal is to combinethesetwo
approaches:to producemotionestimatesthatarebothspa-
tially denseandtemporallylong-range(Figure1). For any
imagepoint,we would like to know wherethecorrespond-
ing scenepoint appearsin all othervideo frames(until the
point leavesthe�eld of view or becomesoccluded).
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Figure1. Eachdiagramrepresentspointcorrespondencesbetween
framesof a hypotheticalsequence.Featuretrackingis long-range
but sparse. Optical �o w is densebut short-range.Our particle
videorepresentationis denseandlong-range.

This form of motion estimationis useful for a variety
of applications.Multiple observationsof eachscenepoint
canbe combinedfor super-resolution,noiseremoval, seg-
mentation,andincreasedeffectivedynamicrange.Thecor-
respondencescanalso improve the temporalcoherenceof
image�lters thatoperateindependentlyoneachframe.Ad-
ditionally, long-rangemotionestimationcansimplify inter-
active videomanipulation,includingmatting,rotoscoping,
andobjectremoval.

1.1.Particle VideoRepresentation

Ourapproachrepresentsvideomotionusingasetof par-
ticles thatmove throughtime. Eachparticledenotesanin-
terpolatedimagepointsample,in contrastto afeaturepatch
thatrepresentsa neighborhoodof pixels[12]. Particleden-
sity is adaptive, so that the algorithm can model detailed
motionwith substantiallyfewerparticlesthanpixels.

The algorithm optimizesparticle trajectoriesusing an
objective function that incorporatespoint-basedimage
matching,inter-particledistortion,andframe-to-frameop-
tical �o w. Thealgorithmalsoextendsandtruncatesparticle
trajectoriesto modelmotionnearocclusionboundaries.

Ourcontributionsincludeposingtheparticlevideoprob-
lem,de�ning theparticlevideorepresentation,andpresent-
ing analgorithmfor building particlevideos.We provide a
new motionoptimizationschemethatcombinesvariational
techniqueswith anadaptive motionrepresentation.Theal-
gorithm usesweightedlinks betweenparticlesto implic-
itly representgrouping,providing analternative to discrete
layer-basedrepresentations.

1.2.DesignGoals

Our primary goal is the ability to model complex mo-
tion andocclusion. We want the algorithmto handlegen-
eralvideo,which may includeclose-upsof peopletalking,
hand-heldcameramotion, multiple independentlymoving
objects,texturelessregions,narrow �elds of view, andcom-
plicatedgeometry(e.g.treesor of�ce clutter).

A particleapproachprovidesthiskind of �e xibility . Par-
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ticles canrepresentcomplicatedgeometryandmotion be-
causethey aresmall;aparticle'sappearancewill notchange
asrapidly astheappearanceof a largefeaturepatch,andit
is lesslikely to straddlean occlusionboundary. Particles
representmotion in a non-parametricmanner;they do not
assumethat the sceneconsistsof planaror rigid compo-
nents.

Any �e xible systemneedsto be augmentedwith con-
straints,which motivatesanotherdesigndecision: consis-
tency is more importantthancorrectness.If the scenein-
cludesarbitrarydeformingobjectswith inadequatetexture,
�nding the true motion may be hopeless. Typically, this
problem is addressedwith geometricassumptionsabout
scenerigidity and cameramotion. Instead,we simply
strive for consistency; for example, that red pixels from
one frame are matchedwith red pixels in anotherframe.
For many applications,thiskind of consistency is suf�cient
(andcertainlymoreusefulthanoutrightfailuredueto non-
uniqueness).

This �e xibility in modellingcomplex motioncanalsobe
achievedby optical�o w, but theoptical�o w representation
is bestsuitedto successive pairsof frames,not to long se-
quences.Frame-to-frame�o w �elds canbe concatenated
to obtain longer-rangecorrespondences,but the resulting
multi-frame�o w mustbere�ned ateachstepto avoid drift.

1.3.RelatedWork

Much of our work focuseson handlingocclusion. Oc-
clusionmodellingis a dif�cult part of optical �o w, stereo,
tracking,andmotionestimationin general.Thompson[15]
describesissuescausedby occlusion,includingmixedpix-
els and systematicboundarylocalization errors. Zitnick
et al. [19] estimateoptical �o w using correspondences
betweensegmentedimage regions, explicitly modelling
mixed pixels at occlusionboundaries. Amiaz and Kiry-
ati [2] uselevel setsto re�ne variationalmotionboundaries.

Becauseoccludedpixels violate a major assumption
of optical �o w (that eachpixel goessomewhere),several
methodsattemptto identifyoccludedpixelsexplicitly. Silva
andVictor [13] usea pixel dissimilarity measureto detect
brightnessvaluesthat appearor disappearover time. Al-
varezetal. [1] simultaneouslycomputeforwardandreverse
�o w �elds, labellingpixelsasoccludedwherethetwo dis-
agree. Strechaet al. [14] treatocclusionlabelsashidden
variablesin an EM optimization. Xiao et al. [18] regular-
ize �o w estimatesusinga bilateral �lter that incorporates
�o w from neighboringpixelsthataresimilar in motionand
appearanceandthatlie outsideoccludedregions.

Many algorithmspropagateoptical �o w estimatesfrom
oneframeto thenext usingatemporalsmoothnessassump-
tion [4, 7, 11]. Brox et al. [6, 10] estimateoptical �o w si-
multaneouslyovermultiple framesusinganobjective func-
tion thatprovidesrobustspatiotemporalregularization.

Otherlong-rangeoptical �o w algorithmsdo not assume
temporalsmoothness.Wills andBelongie[17] �nd dense
correspondences(betweenwidely-separatedimage pairs)
usingalayeredrepresentationinitializedwith sparsefeature
correspondences.Irani [8] describeslinear subspacecon-
straintsfor �o w acrossmultiple frames.Brand[5] applies
a similar approachto non-rigid scenes.Theserank-based
methodsassumelesstemporalsmoothnessthanothermeth-
ods,but arenotdesignedto handlelarge-scaleocclusions.

Theprimarydifferencebetweenouralgorithmandexist-
ing optical �o w algorithmsis that we representmotion in
a scene-centricfashion,ratherthanasa vector �eld from
eachframeto thenext. Simpleconcatenationof frame-to-
frame�o w �elds will causean accumulationof error. To
solve this, we re�ne motion estimatesin order to enforce
long-rangeconsistency.

2. Variational Optical Flow with Occlusion

Our particlevideo algorithmusesframe-to-frameopti-
cal �o w to help guide the particles. The algorithm treats
�o w estimationas a black box that can be replacedwith
an alternate�o w algorithm. Ratherthanassumingtempo-
ral smoothness,we estimateoptical �o w independentlyfor
eachframe; this enablesthe algorithmto performwell on
hand-heldvideowith moving objects.

We use a combinationof the optical �o w estimation
methodsof Brox etal. [6] andXiao etal. [18]. Weestimate
�o w over a sequenceof resolutionsobtainedby recursively
reducingthe original resolutionby a factor � . A standard
imagepyramid uses� = 0:5 whereaswe (following Brox
et al. [6]) usea larger factor(� = 0:9) to obtainbetterre-
sultsatacostof increasedcomputation.

At eachresolutionlevel, we run a variational�o w up-
date(Section2.1) thenalternate4 timesbetweenestimat-
ing occludedregions(Section2.2)andimproving occlusion
boundariesusingabilateral�lter (Section2.3).

2.1.Variational Flow Re�nement

Our variationalupdateschemeis basedon the Brox et
al. [6] algorithm. In our implementation,we replacethe
scalar-valuedimageI with a multi-channelimageI [k ]. We
alsomodulatethe dataterm by a visibility term r (x; y; t)
(describedin Section2.2):

EF l owD ata ( �u; �v; t) =
X

x;y ;k

r (x; y; t)	([ I [k ](x+ �u; y+ �v; t + 1)� I [k ](x; y; t)]2):

(1)

Here �u and �v denotethe �o w �eld (evaluatedat (x; y; t))
andk is summedover imagechannels.We usethe same
robustnormasBrox etal. [6]:



	( s2) =
p

s2 + � 2; � = 0:001: (2)

The original Brox et al. [6] formulation analytically en-
forcesconstancy of theimagegradient(andoptionallyother
lineardifferentialoperators[10]), whereaswe simply treat
thegradientasanotherimagechannel.Speci�cally, we use
imagebrightnessI (range[0; 255]), thex andy derivatives
of brightness(I x andI y ), thegreenminusredcolorcompo-
nent,andthegreenminusbluecolor component.We scale
thecolor differencechannelsby 0.25to reducethe impact
of color samplingartifactscommonin video.

We modify theBrox et al. [6] smoothnesstermusinga
smoothnessfactor� l modulatedby theimagegradient:

b(x; y; t) = N (
q

I x (x; y; t)2 + I y (x; y; t)2; � b);

EF l owSmooth ( �u; �v; t) =
X

x;y

(� g + � l � b(x; y; t)) � 	( �u2
x + �u2

y + �v2
x + �v2

y ): (3)

HereN denotesazero-meannon-normalizedGaussian.We
set� b = 1:5, thelocal smoothness� l = 10, andtheglobal
smoothness� g = 5 (basedon a variety of �o w experi-
ments). We optimize the functionalas describedin Brox
et al. [6], using100 linear solver iterationsinside3 �x ed-
point iterationsatagivenresolutionlevel.

2.2.OcclusionLabelling

Optical �o w divergencedistinguishesbetweendifferent
typesof motionboundaries:

div(x; y; t) =
@

@x
�u(x; y; t) +

@
@y

�v(x; y; t): (4)

The divergenceof a �o w �eld is positive for disocclud-
ing boundaries,negativefor occludingboundaries,andnear
zerofor shearboundaries.To selectoccludingboundaries,
but not disoccludingboundaries,we de�ne a one-sideddi-
vergencefunctiond:

d(x; y; t) =
�

div(x; y; t) div(x; y; t) < 0
0 otherwise.

(5)

Pixel projectiondifferenceprovidesanotherocclusioncue:

e(x; y; t) = I (x; y; t) � I (x+ �u(x; y; t); y+ �v(x; y; t); t + 1):
(6)

We combinethe modi�ed divergenceandpixel projection
usingzero-meanGaussianpriors:

r (x; y; t) = N (d(x; y; t); � d) � N (e(x; y; t); � e): (7)

Weset� d = 0:3 and� e = 20basedonexperimentalobser-
vationof occludedregions.

2.3.Bilateral Flow Filtering

To improve boundarysharpness,we usea bilateral�lter
basedon the work of Xiao et al. [18]. The �lter setseach
�o w vectorto a weightedaverageof neighboring�o w vec-
tors:

�u0(x; y) =

P
x 1 ;y 1

�u(x1; y1)w(x; y; x1; y1)
P

x 1 ;y 1
w(x; y; x1; y1)

: (8)

The updatefor �v is analogous.The algorithmweightsthe
neighborsaccordingto spatialproximity, imagesimilarity,
motionsimilarity, andocclusionlabelling:

w(x; y; x1; y1) = N (
p

(x � x1)2 + (y � y1)2; � x )

� N (I (x; y) � I (x1; y1); � i )

� N (
p

( �u � �u1)2 + (�v � �v1)2; � m )

� r (x1; y1)) : (9)

Here�u denotes�u(x; y) and�u1 denotes�u(x1; y1) (and�v sim-
ilarly). We set� x = 4, � i = 20, and� m = 1, andrestrict
(x1; y1) to lie within 10pixelsof (x; y).

For ef�ciency, we applythe�lter only near�o w bound-
aries,whichwe localizeusingthe�o w gradientmagnitude:

g(x; y; t) =
q

�u2
x + �u2

y + �v2
x + �v2

y : (10)

Thealgorithm�lters g(x; y; t) usingaspatialGaussianker-
nel (� g = 3), producinga smoothedgradientmagnitude
ĝ(x; y; t). We apply thebilateral�lter (Equation8) to pix-
elswith ĝ(x; y; t) > 0:05.

3. Particle VideoOverview

A particlevideois a videoandcorrespondingsetof par-
ticles. Particle i hasa time-varying position(x i (t); yi (t))
thatis de�ned betweentheparticle's startandendframes.

We build a particle video by sweepingforward, then
backward, acrossa video. For eachframe, the following
stepsareperformed(Figure2):

� Propagation. Particles terminating in an adjacent
frame are extendedinto the currentframe according
to theforwardandreverse�o w �elds (Section3.1).

� Linking . Particlelinks areupdated(Section3.2).

� Optimization. Particle positionsareoptimized(Sec-
tion 4).

� Pruning. Particleswith high post-optimizationerror
arepruned(Section4.3).

� Addition. New particlesare addedin gapsbetween
existingparticles(Section5).
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Figure 2. Eachplot denotesa pair of adjacentframes. The al-
gorithm propagatesparticlesfrom oneframeto the next accord-
ing to the �o w �eld, excludingparticles(blue) that lie within the
�o w �eld' s occludedregion. The algorithmthenaddslinks (red
curves),optimizesall particlepositions,andprunesparticleswith
high error after optimization. Finally, the algorithminsertsnew
particles(yellow) in gapsbetweenexistingparticles.

3.1.Particle Propagation

Whenpropagating particlesto a given frame,all parti-
clesde�ned in adjacentframes,but notde�ned in thegiven
frame,areplacedin the frameaccordingto the �o w �elds
betweentheframes.To propagateparticlei from framet � 1
to t, weusethe�o w �eld �u(x; y; t � 1); �v(x; y; t � 1):

x i (t) = x i (t � 1) + u(x i (t � 1); yi (t � 1); t � 1);

yi (t) = yi (t � 1) + v(x i (t � 1); yi (t � 1); t � 1): (11)

Backwardpropagationfrom framet + 1 to t is de�nedanal-
ogously. (Whenmakingthe �rst forward passthroughthe
video,therearenoparticlesto propagatebackward.)

3.2.Particle Linking

To quantify relative particlemotion, our algorithmcre-
ateslinks betweenparticlesusinga constrainedDelaunay
triangulation[9] (Figure3). For any givenframe,wecreate
a particlelink if thecorrespondingtriangulationlink exists
for the frameor anadjacentframe. Using links from adja-
centframesreducestemporallinking variability, while still
allowing links to appearanddisappearasparticlespassby
oneanother.

For eachlink (i; j ), wecomputeasquaredmotiondiffer-
enceaccordingto the�o w vectors:

D (i; j ; t) = ( �u(x i (t); yi (t); t) � �u(x j (t); yj (t); t))2

+ (�v(x i (t); yi (t); t) � �v(x j (t); yj (t); t))2:

(12)

Weassignaweightto thelink usingaGaussianprior (� l =
0:5) on themotiondifference:

l ij (t) = N (
p

D(i; j ; t); � 2
l ): (13)

Links

Optical Flow

Link Weights

Figure3. The algorithmusesan optical �o w �eld (Section2) to
computelink weightsl ij (t) (darkervaluesarelower). Theleft side
shows anentireframe. The right sideshows a magni�ed portion
of theframe.

3.3.Particle Channelsand Weights

By design,eachparticleis intendedto beanimagepoint
sample.A particleshouldhave a limited spatialextent so
thatit doesnotcrossanocclusionboundary. However, if the
particleis not nearan occlusionboundary, we may obtain
betterparticlepositioningby usinga largerspatialextent.

We repeatthe5 channelsusedfor �o w estimation(Sec-
tion 2.1)at threedifferentscales(via a Gaussian�lter with
� = f 1; 2; 4g), for a total of 15 channels.We assignpar-
ticle i a 15-dimensionalappearancevectorf c[k ]

i g from the
15-channelframef I [k ]g in which it is added.

Thealgorithmweightseachparticleaccordingto the�l-
tered�o w gradientmagnitude(Section2.3):

pi (t) = N (ĝ(x i (t); yi (t); t); � 2
p): (14)

Whenĝ(x i (t); yi (t); t) is morethanonestandarddeviation
(� p = 0:05) from zero,theparticleis probablyneara �o w
boundary, so we excludeall but the �rst channel,because
theotherchannelsmaybein�uencedby pixelson theother
sideof theboundary.



4. Particle Trajectory Optimization

The algorithmrepositionsparticlesto locally minimize
anobjective functionthat includesthreeparts:a dataterm,
adistortionterm,anda �o w-matchingterm.

4.1.Particle ObjectiveFunction

Thedatatermmeasureshow well a particle's initial ap-
pearancevectormatchesthecurrentframe.For particlei at
time t thedatatermfor channelk is:

E [k ]
D ata (i; t) = 	([ I [k ](x i (t); yi (t); t) � c[k ]

i ]2): (15)

Thedistortiontermmeasuresthe relative motionof linked
particles.Let ui (t) = x i (t) � x i (t � 1) andvi (t) = yi (t) �
yi (t � 1). The larger the differencebetweenthesemotion
values,thelargerthedistortionterm.Thetermis modulated
by thelink' sweightl ij (t) (Section3.2),sothatalink across
an occlusionboundary(i.e. a low-weight link) is allowed
greaterdistortionfor anequivalentpenalty:

ED istor t (i; j ; t) = l ij (t)	([ ui (t) � uj (t)]2

+[ vi (t) � vj (t)]2): (16)

The �o w-matching term measureshow well each parti-
cle trajectory matchesthe frame-to-frame�o w estimates
�u(x; y; t); �v(x; y; t) (Section2). It canbeviewedasregular-
ization (constrainingthe dataterm) or asa secondarydata
term(wherethe�o w is providedasdata).Wemodulatethis
termaccordingto theparticle's weightpi (t) (Equation14);
if the particleis closeto an occlusionboundary, matching
the�o w is lessimportant:

EF l ow (i; t) =

pi (t)	([ �u(x i (t � 1); yi (t � 1); t � 1)� ui (t)]2

+[ �v(x i (t � 1); yi (t � 1); t � 1)� vi (t)]2): (17)

Thecombinedenergy of aparticleatagiventime is:

E (i; t) =
X

k2 K i ( t )

E [k ]
D ata (i; t)

+ � d

X

j 2 L i ( t )

ED istor t (i; j ; t)

+ � f EF l ow (i; t): (18)

Here K i (t) denotesthe set of active channels(Sec-
tion 3.3), and L i (t) denotesthe set of particleslinked to
particlei in framet. We�nd that� d = 4 and� f = 0:5 pro-
vide a reasonabletradeoff betweenthe threeterms. Given
a setP of particleindicesanda setF of frameindices,the
completeobjective functionis:

E =
X

i 2 P;t 2 F

E(i; t): (19)

4.2.Optimization Algorithm

Our algorithmoptimizesEquation19 in a mannersimi-
lar to the Brox et al. [6] algorithm,usinga pair of nested
loops around a sparselinear systemsolver. The outer
loop iteratively updatesx i (t) and yi (t) using increments
dxi (t); dyi (t) computedby theinnerloop.

Within theobjective functionE , we substitutedx i (t) +
x i (t) for x i (t) (andinstancesof y accordingly).Takingpar-
tial derivatives,we obtaina systemof equations,which the
algorithmsolvesfor dxi (t) anddyi (t):

�
@E

@dxi (t)
= 0;

@E
@dyi (t)

= 0 j i 2 P; t 2 F
�

: (20)

For thedataterm,weusetheimagelinearizationfrom Brox
etal. [6]:

I [k ]
z = I [k ]

x dxi (t) + I [k ]
y dyi (t) + I [k ] � c[k ]

i ; (21)

@E [k ]
D ata (i; t)

@dxi (t)
� 2	 0([I [k ]

z ]2)I [k ]
z I [k ]

x : (22)

We omit the (x i (t); yi (t); t) indexing of I , I x , I y , andI z .
	 0 is the derivative of 	 with respectto its arguments2.
Note that this linearizationoccursinside the inner �x ed-
pointloop; thealgorithmis still optimizingtheoriginalnon-
linearizedobjective function.

For thedistortionterm,thederivativeis morestraightfor-
ward. We usedui (t) asshorthandfor dxi (t) � dxi (t � 1)
anddvi (t) for dyi (t) � dyi (t � 1):

@ED istor t (i; j ; t)
@dxi (t)

=

2l ij (t)	 0([ui (t) + dui (t) � uj (t) � duj (t)]2

+ [vi (t) + dvi (t) � vj (t) � dvj (t)]2)

� (ui (t) + dui (t) � uj (t) � duj (t)) : (23)

The �o w matchingterm usesthe samelinearizationasthe
dataterm:

U = �ux dxi (t � 1) + �uy dyi (t � 1) + �u � (ui (t)+ dui (t)) ;

V = �vx dxi (t � 1) + �vy dyi (t � 1) + �v � (vi (t)+ dvi (t)) ;

@EF l ow (i; t)
@dxi (t)

� 2pi (t)	 0(U2+ V 2)U: (24)

Hereweomit the(x i (t � 1); yi (t � 1); t � 1) indexing of �u, �v,
andtheir spatialderivatives. Note thatdx i (t) alsoappears
in derivativesof E(i; t + 1).

Eachof thesepartial derivatives is linear in dx i (t) and
dyi (t) exceptthe	 0 factors.For eachiterationof theinner
loop, we computethe 	 0 terms,then hold them constant
within thelinearsystemsolver:



Loop (4 Times)
ComputeI [k ]

x (i; t); I [k ]
y (i; t)

dxi (t); dyi (t)  0
Loop (4 Times)

Compute	 0 terms
Solve systemto updatedxi (t), dyi (t)

(200SORiterations)
EndLoop
x i (t)  x i (t) + dxi (t)
yi (t)  yi (t) + dyi (t)

EndLoop

4.3.Particle Pruning

After optimizing the particles,we pruneparticlesthat
continueto have high energy E(i; t). To reducethe im-
pactof a singlebadframe,we �lter eachparticle's energy
valuesusinga Gaussian(� t = 1 frames).Particlei obtains
a sequenceof �ltered objective valuesÊ (i; t). (Note: this
Gaussianis not strictly temporal;it �lters thevaluesfor the
givenparticle,which is moving throughimagespace.)

If Ê (i; t) > 10, the particle is marked as incorrect in
framet. Giventhis marking,thealgorithmprunesthepar-
ticle to thelongestcontiguousinterval of correctframes.If
the remainingdurationof theparticleis lessthan3 frames
(andthe particle's nearestendpointis morethan3 frames
from thecurrentframe),theparticleis deleted.

5. Particle Addition

After optimizationandpruning,thealgorithmaddsnew
particlesin gapsbetweenexistingparticles.(Thesamepro-
cessis usedto createall particlesin the �rst video frame.)
Thealgorithmarrangesfor higherparticledensityin regions
of greatervisualcomplexity, in orderto modelcomplex mo-
tions.

To addnew particlesto a givenframe,thealgorithmde-
terminesa scalevalues(x; y) for eachpixel. Thescaleval-
uesarediscrete,takenfrom thesetf � (j ) = 1:9j j 0 � j �
5g. To computethescalemap,we startby �ltering theim-
ageusinga Gaussiankernelfor eachscale� (j ), producing
asetof imagesf I j g.

Then, for eachpixel, we �nd the rangeof scalesover
whichtheblurredpixel valuedoesnotchangesubstantially.
If thepixel hasthesamecolor in alargescaleimageasin all
smallerscaleimages,it is a largescalepixel. Speci�cally,
the algorithm choosesthe maximum scaleindex k(x; y)
suchthat jj I j (x; y) � I 1(x; y)jj2 < 10 for all j � k(x; y).
(Hereweuse(r; g; b) vectordistance.)

Thesescaleindicesare �ltered with a spatialGaussian
(� s = 2), producinga blurred scaleindex map k̂(x; y)
(which we roundto integer values). We thensetthe scale
valuesfrom the indices: s(x; y) = � (k̂(x; y)) . Figure 4
providesanexamplescalemap.

Video Frame

Scale Map

Particles

Figure4. For eachvideo frame, the algorithmcomputesa scale
mapthat determinesthe placementof new particles(Section5).
The left sideshows anentireframe. Theright sideshows a mag-
ni�ed portionof theframe.

Given the scalemap,we iterateover the imageadding
particles.For eachpixel, if thedistanceto thenearestparti-
cle is greaterthans(x; y), we adda particleat that pixel.
The algorithm doesthis ef�ciently in time (linear in the
numberof particles)by creatinganoccupancy mapat each
scale.

6. Results

Weevaluatethealgorithmusingasetof 20videos,which
togetherincludea variety of scenes,cameramotions,and
object motions. Figure 6 shows particle correspondences
for several of the videos. Completevideosandresultsare
availableathttp://rvsn.csail.mit.edu/pv/ .

On a typical 720 by 480 video frame, the algorithm
spendsabout7 secondsoptimizing particles,0.2 seconds
linking particles,0.05secondspruningparticles,and2 sec-
onds adding particles(eachof these�gures is given per
sweep).The�o w algorithm(Section2) requiresabout100
secondsperframepair. In ourexperiments,weuseonefor-
wardsweepfollowedby onebackwardsweep.

Objectively evaluatingthecorrectnessof thealgorithmis
dif�cult giventhelackof ground-truthdata.Theidealeval-
uationmeasurementshouldallow comparisonwith future
particlevideoalgorithmsandwith non-particleapproaches
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Figure5. Eachplot shows themeandistanceof surviving particlesfrom their positionsin thestartframe. As describedin Section6, the
videosaretemporallymirrored,soweexpectall unoccludedparticlesto returnto theirstartpositions.Thedottedlinesdenoteconcatenated
�o w vectors. In eachcase,particlesreturncloserto their startingpositionsthanconcatenated�o w vectors.Both algorithmshave some
troublecapturingthefaceposechangein Video2.

to long-rangemotionestimation.
For ourevaluation,weconstructvideosthatreturnto the

startingcon�guration by replacingthesecondhalf of each
videowith a temporallyreversedcopy of the�rst half. For
sucha video, we expect particlesfrom the start frame to
returnto their startingpositionsin theendframe.For each
particlethatsurvivesfrom thestartframeto theendframe,
thealgorithmcomputesthespatialdistance(error)between
theparticle's startpositionandendposition(Figure5).

As asimplisticpointof comparison,for eachparticlepo-
sition in thestartframe,we concatenate�o w vectors,com-
putedasdescribedin Section2. These�o w trajectoriesare
terminatedwhen they enteran occludedregion, as deter-
minedby the�o w algorithm.

Thisevaluationapproachis �a wedfor severalreasons.A
particlevideoalgorithmcouldeasilyobtaina lower spatial
errorby pruningmoreparticles(at thecostof a lowerparti-
clesurvival rate).Furthermore,byallocatingfewerparticles
nearocclusionsandmoreparticlesin otherregions,an al-
gorithm could both increasethe survival rateanddecrease
the spatialerror. Thus,we provide the evaluationfor de-
scriptive purposesonly. This evaluationshouldnot beused
to comparetheresultswith futuremethods.

In the future, we envision that researcherswill create
photo-realisticrenderedvideos with known ground truth
correspondences.Theserenderedvideos should include
deformingobjects,complex re�ectance,detailedgeometry,
motionblur, unstablecameramotion,andopticalartifacts.

7. Conclusion

The particle video algorithm provides a new approach
to motion estimation,a central problem in computervi-
sion. Denselong-rangevideo correspondencescould im-
prove methodsfor many existing vision problems,in areas
rangingfrom roboticsto �lmmaking.

Our particlerepresentationdiffersfrom standardmotion
representations,suchas vector �elds, layers,and tracked
featurepatches.Someexisting optical �o w algorithmsin-

corporateconstraintsfrom multiple frames(often using a
temporalsmoothnessassumption),but they do not enforce
long-rangecorrespondenceconsistency. Our algorithmim-
provesframe-to-frameoptical�o w by enforcinglong-range
appearanceconsistency andmotioncoherence.

Our algorithmdoeshave several limitations. Like most
motion algorithms,the approachsometimesfails nearoc-
clusions. Also, the approachhas dif�culty with large
changesin appearancedue to non-Lambertianre�ectance
and major scalechanges.(Our useof color and gradient
channelsprovides somerobustnessto re�ectance,but not
enoughto handleall casescorrectly.)

In the future, we will focus on theseissues. We plan
to exploremoresophisticatedocclusionlocalizationandin-
terpretation,possiblyusingsimultaneousparticleand�o w
optimization.We will alsoexperimentwith allowing slow,
smoothchangesin aparticle'sappearanceover time,to per-
mit larger re�ectanceand scalechanges.We may obtain
betterperformanceby incorporatinginvariant featurede-
scriptors(for particlesawayfrom occlusions),spatiotempo-
ral segmentation[16], andgeometricconstraints(for rigid
portionsof thescene).

Currentlimitationsof theparticlevideoalgorithmarise
from our methodsfor positioningparticles,rather than a
fundamentallimitation of the particle representation.By
makingour dataandresultsavailableonline,we hopeoth-
erswill exploretheparticlevideoproblem.
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