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Abstract

This paperdescribesa new approac to motionestima-
tion in video.We representvideomotionusinga setof par-
ticles. Ead particle is an image point samplewith a long-
duration trajectoryand other properties.To optimizethese
particles,we measue point-basednatding alongthe par-
ticle trajectoriesand distortion betweerthe particles. The
resultingmotionrepresentations usefulfor a varietyof ap-
plications and cannotbe directly obtainedusing existing
methodsud asoptical ow or featuetracking. Wedemon-
strate the algorithm on challengingreal-world videosthat
include complex scenegeometry multiple typesof occlu-
sion, regionswith low texture, and non-rigid deformations.

1. Intr oduction

Video motion estimationis often performedusing fea-
turetracking[12] or optical o w [3]. Featurerackingfol-
lows a sparsesetof salientimagepointsover mary frames,
whereasoptical o w estimatesa densemotion eld from
one frameto the next. Our goalis to combinethesetwo
approachesto producemotion estimateghatareboth spa-
tially denseandtemporallylong-range(Figurel). For ary
imagepoint, we would like to know wherethe correspond-
ing scenepoint appearsn all othervideo frames(until the
pointleavesthe eld of view or become®ccluded).
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Figurel. Eachdiagramrepresentpointcorrespondencdetween
framesof a hypotheticalsequenceFeaturetrackingis long-range
but sparse. Optical ow is densebut short-range. Our particle
videorepresentatiois denseandlong-range.
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This form of motion estimationis useful for a variety
of applications.Multiple obsenationsof eachscenepoint
canbe combinedfor supefresolution,noiseremoval, sey-
mentationandincreasecffective dynamicrange.Thecor
respondencesanalsoimprove the temporalcoherenceof
image Iters thatoperaténdependentlyneachframe.Ad-
ditionally, long-rangemotionestimationcansimplify inter-
active video manipulation,including matting,rotoscoping,
andobjectremoval.

1.1.Particle Video Representation

Ourapproachrepresentsideomotionusingasetof par
ticlesthatmove throughtime. Eachparticledenotesanin-
terpolatedmagepointsamplejn contrasto afeaturepatch
thatrepresenta neighborhoodf pixels[12]. Particleden-
sity is adaptve, so that the algorithm can model detailed
motionwith substantiallyfewer particlesthanpixels.

The algorithm optimizes particle trajectoriesusing an
objectve function that incorporatespoint-basedimage
matching,inter-particle distortion, and frame-to-frameop-
tical o w. Thealgorithmalsoextendsandtruncategarticle
trajectorieso modelmotionnearocclusionboundaries.

Ourcontributionsincludeposingtheparticlevideoprob-
lem, de ning the particlevideorepresentatiorandpresent-
ing analgorithmfor building particlevideos.We provide a
new motionoptimizationschemehatcombinesvariational
techniquesvith anadaptve motionrepresentationTheal-
gorithm usesweightedlinks betweenparticlesto implic-
itly represengrouping,providing analternatve to discrete
layerbasedepresentations.

1.2.DesignGoals

Our primary goal is the ability to model complex mo-
tion andocclusion. We wantthe algorithmto handlegen-
eralvideo, which mayincludeclose-upsof peopletalking,
hand-heldcameramotion, multiple independentlymoving
objectstexturelesgegions,narrav elds of view, andcom-
plicatedgeometry(e.g.treesor of ce clutter).

A particleapproactprovidesthiskind of e xibility. Par



ticles canrepresentomplicatedgeometryand motion be-
causdhey aresmall;aparticle'sappearancwill notchange
asrapidly asthe appearancef alarge featurepatch,andit

is lesslikely to straddlean occlusionboundary Particles
represenmotionin a non-parametrienanner;they do not
assumethat the sceneconsistsof planaror rigid compo-
nents.

Any exible systemneedsto be augmentedvith con-
straints,which motivatesanotherdesigndecision: consis-
teng/ is moreimportantthan correctness.f the scenein-
cludesarbitrarydeformingobjectswith inadequateexture,
nding the true motion may be hopeless. Typically, this
problemis addressedvith geometricassumptionsabout
scenerigidity and cameramotion. Instead,we simply
strive for consisteng; for example, that red pixels from
one frame are matchedwith red pixels in anotherframe.
For mary applicationsthis kind of consisteng is sufcient
(andcertainlymoreusefulthanoutrightfailure dueto non-
unigueness).

This e xibility in modellingcomplex motioncanalsobe
achievedby optical o w, but theoptical o w representation
is bestsuitedto successie pairsof frames,not to long se-
guences.Frame-to-frameow elds canbe concatenated
to obtain longerrangecorrespondencedyut 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 partof optical o w, stereo,
tracking,andmotionestimationin general. Thompsor15]
describesssuescausedy occlusion,including mixed pix-
els and systematicboundarylocalization errors. Zitnick
et al. [19] estimateoptical ow using correspondences
betweensggmentedimage regions, explicitly modelling
mixed pixels at occlusionboundaries. Amiaz and Kiry-
ati [2] uselevel setsto re ne variationalmotionboundaries.

Becauseoccluded pixels violate a major assumption
of optical ow (that eachpixel goessomeavhere), several
methodattempto identify occludedpixelsexplicitly. Silva
andVictor [13] usea pixel dissimilarity measureo detect
brightnessvaluesthat appearor disappeawver time. Al-
varezetal. [1] simultaneouslgomputeforwardandreverse
ow elds, labelling pixelsasoccludedwherethe two dis-
agree. Strechaet al. [14] treatocclusionlabelsas hidden
variablesin an EM optimization. Xiao et al. [18] regular
ize ow estimatesusing a bilateral Iter thatincorporates
o w from neighboringpixelsthataresimilarin motionand
appearancandthatlie outsideoccludedregions.

Marny algorithmspropagte optical o w estimatesrom
oneframeto thenext usingatemporalsmoothnesassump-
tion [4, 7, 11]. Brox etal. [6, 10] estimateoptical o w si-
multaneoushover multiple framesusinganobjective func-
tion thatprovidesrobustspatiotemporalegularization.

Otherlong-rangeoptical o w algorithmsdo notassume
temporalsmoothnessWills andBelongie[17] nd dense
correspondencefbetweenwidely-separatedmage pairs)
usingalayeredrepresentatiomitialized with sparsdeature
correspondencedrani [8] describedinear subspaceon-
straintsfor o w acrossmultiple frames. Brand[5] applies
a similar approachto non-rigid scenes.Theserank-based
methodsassuméesstemporalsmoothnesthanothermeth-
ods,but arenot designedo handlelarge-scaleocclusions.

Theprimarydifferencebetweerour algorithmandexist-
ing optical o w algorithmsis that we representmotionin
a scene-centri¢ashion,ratherthanasa vector eld from
eachframeto the next. Simpleconcatenatiomf frame-to-
frame ow elds will causean accumulatiorof error. To
solwve this, we re ne motion estimatesn orderto enforce
long-rangeconsisteng.

2. Variational Optical Flow with Occlusion

Our particle video algorithm usesframe-to-frameopti-
cal ow to help guide the particles. The algorithmtreats
o w estimationas a black box that can be replacedwith
an alternate o w algorithm. Ratherthanassumingempo-
ral smoothnessye estimateoptical o w independentlyor
eachframe; this enableghe algorithmto performwell on
hand-heldvideowith moving objects.

We use a combinationof the optical ow estimation
methodsf Brox etal. [6] andXiao etal. [18]. We estimate
o w over asequencef resolutionsobtainedby recursvely
reducingthe original resolutionby a factor . A standard
imagepyramiduses = 0:5 whereaswe (following Brox
etal. [6]) usealargerfactor( = 0:9) to obtainbetterre-
sultsata costof increasedcomputation.

At eachresolutionlevel, we run a variational o w up-
date(Section2.1) thenalternate4 times betweenestimat-
ing occludedegions(Section2.2) andimproving occlusion
boundariesisinga bilateral Iter (Section2.3).

2.1.Variational Flow Re nement

Our variationalupdateschemeis basedon the Brox et
al. [6] algorithm. In our implementationwe replacethe
scalarvaluedimagel with amulti-channeimagel 1. We
also modulatethe dataterm by a visibility termr(x; y;t)
(describedn Section2.2):

EF*OWD ata (U;V; 1) =
oGy ) (1M uy+vit+ 1) 106y 0]%):
Xy ik

@

Hereu andv denotethe ow eld (evaluatedat (x; y;t))
andk is summedover imagechannels.We usethe same
robustnormasBrox etal. [6]:
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The original Brox et al. [6] formulation analytically en-
forcesconstany of theimagegradientandoptionallyother
linear differentialoperatord10]), whereaswe simply treat
thegradientasanotherimagechannel.Speci cally, we use
imagebrightnesd (range[0; 255)), thex andy dervatives
of brightnesg! x andly), thegreenminusredcolorcompo-
nent,andthe greenminusblue color component\We scale
the color differencechanneldy 0.25to reducethe impact
of color samplingartifactscommonin video.

We modify the Brox et al. [6] smoothnesserm usinga
smoothnesfactor | modulatedoy theimagegradient:

q
bix;y;t) = N( Ix(X y; D)2+ 1y (X y;1)2; b);
EFIogl(Smooth (U;V;t) =
(gt 1 BXyit) (ud+uZ+vi+vy): (3)
Xy

HereN denoteszero-meamon-normalizedsaussianWe
set , = 1:5, thelocal smoothness| = 10, andtheglobal
smoothness ¢ = 5 (basedon a variety of ow experi-
ments). We optimize the functional as describedn Brox
etal. [6], using100 linear solver iterationsinside 3 x ed-
pointiterationsat a givenresolutionlevel.

2.2.0cclusionLabelling

Optical o w divergencedistinguishesdetweendifferent
typesof motionboundaries:

@
Q@

The divergenceof a ow eld is positive for disocclud-
ing boundariesnegative for occludingboundariesandnear
zerofor shearboundaries.To selectoccludingboundaries,
but not disoccludingboundarieswe de ne a one-sidedli-
vergencefunctiond:

div(x;y;t) = @@u(x; y;t) + v(Xx;y;t): (4)

div(x;y;t) < 0

coe_div(xyst)
dxy:in= 4 otherwise.

®)
Pixel projectiondifferenceprovidesanotherocclusioncue:

F(X+u(x;y;t);y+v(x y;t); t+ 1)
(6)

We combinethe modi ed divergenceand pixel projection
usingzero-mearGaussiarpriors:

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

Weset 4 = 0:3and ¢ = 20baseddn experimentabbser
vationof occludedregions.

ex;y;)=1(xy;t)

2.3.Bilateral Flow Filtering

To improve boundarysharpnessye useabilateral Iter
basedon the work of Xiao etal. [18]. The lter setseach
0 w vectorto a weightedaverageof neighboringo w vec-
tors:

P
xappn UKL YWOG Y X17Ya)
Xy, WOG Y X1; Y1)

udxy) = (8)
The updatefor v is analogous.The algorithmweightsthe
neighborsaccordingto spatialproximity, imagesimilarity,
motionsimilarity, andocclusionlabelling:

woayixiy) = NC O x0ZF (0 y0% )

N(GGy)  T(X5y1); i)
N(C (U u)2+ (v v1)% m)
r(x1;y1)): )

Hereu denotesi(Xx; y) andu, denotesi(X1;y:) (andv sim-
ilarly). Weset y = 4, j = 20,and , = 1, andrestrict
(X1; Y1) tolie within 10 pixelsof (x; y).

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

q
gl y;t) = U+ uz+ v+ v (20)
Thealgorithm Iters g(x; y;t) usingaspatialGaussiarker-
nel ( ¢ = 3), producinga smoothedgradientmagnitude
0(x; y;t). We applythebilateral Iter (Equation8) to pix-
elswith §(x; y;t) > 0:05.

3. Particle Video Overview

A particlevideois avideoandcorrespondingetof par
ticles. Particlei hasa time-varying position (x; (t); yi (1))
thatis de ned betweerthe particle’s startandendframes.

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

Propagation. Particles terminatingin an adjacent
frame are extendedinto the currentframe according
to theforwardandreverseo w elds (Section3.1).

Linking . Particlelinks areupdated Section3.2).

Optimization. Particle positionsare optimized(Sec-
tion 4).

Pruning. Particleswith high post-optimizationerror
arepruned(Sectior4.3).

Addition. New particlesare addedin gapsbetween
existing particles(Sectionb).
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Figure 2. Eachplot denotesa pair of adjacentframes. The al-
gorithm propagtesparticlesfrom one frameto the next accord-
ing to the ow eld, excluding particles(blue)thatlie within the
ow eld' s occludedregion. The algorithmthenaddslinks (red
cunes),optimizesall particlepositions,andprunesparticleswith
high error after optimization. Finally, the algorithminsertsnew
particles(yellow) in gapshetweerexisting particles.

3.1.Particle Propagation

When propagting particlesto a given frame, all parti-
clesde nedin adjacenframesbut notde nedin thegiven
frame,areplacedin the frameaccordingto the ow elds
betweertheframes.To propagteparticlei fromframet 1

tot,weusethe ow eld u(x;y;t 1);v(x;y;t 1):
Xi(t) = xi(t 1)+ u(xi(t 1)yt 1)t 1);
yi(t) = yi(t D+ vt 1yt 1)t 1) (11)

Backwardpropa@tionfrom framet + 1tot is de nedanal-
ogously (Whenmakingthe rst forward passthroughthe
video,thereareno particlesto propagtebackward.)

3.2.Particle Linking

To quantify relative particle motion, our algorithmcre-
ateslinks betweenparticlesusing a constrainedelaunay
triangulation[9] (Figure3). For ary givenframe,we create
aparticlelink if the correspondingriangulationlink exists
for the frameor anadjacenframe. Using links from adja-
centframesreducegemporallinking variability, while still
allowing links to appearanddisappeass particlespasshby
oneanother

For eachlink (i; j ), we computea squarednotiondiffer-
enceaccordingto the o w vectors:

D(@;j;t) = (uxi(t);yi(t):t)
+ (v(xi(t);yi(t);1)

u(x; (1);y; (1); 1))
v(xj (1) (1); )%
(12)

We assignaweightto thelink usinga Gaussiarprior ( | =
0:5) onthemotiondifference:

P
lj ()= NC D(@i;j;t); P): (13)

Links

Optical Flow

Link Weights
Figure 3. The algorithmusesan optical ow eld (Section2) to
computdink weightsl; (t) (darkervaluesarelower). Theleft side
shavs an entireframe. Theright sideshavs a magni ed portion
of theframe.

3.3.Particle Channelsand Weights

By designeachparticleis intendedo beanimagepoint
sample. A particleshouldhave a limited spatialextent so
thatit doesnotcrossanocclusionboundary However, if the
particleis not nearan occlusionboundary we may obtain
betterparticlepositioningby usinga larger spatialextent.

We repeatthe 5 channelaisedfor o w estimation(Sec-
tion 2.1) atthreedifferentscaleqvia a Gaussianlter with
= f1,2;4g), for atotal of 15 channels.We assignpar

ticle i a 15-dimensionahppearanceectorf ci[k]g from the
15-channeframef | lgin whichit is added.

Thealgorithmweightseachparticleaccordingo the I-
tered o w gradientmagnitudgSection2.3):

P (t) = NG (1) i (0);0); P): (14)

Wheng(x; (t);Vi(t);t) is morethanonestandardieviation
( p = 0:05 from zero,the particleis probablyneara ow
boundary so we excludeall but the rst channel,because
theotherchannelsnaybein uencedby pixelsontheother
sideof theboundary



4. Particle Trajectory Optimization

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

4.1.Particle Objective Function

The dataterm measurefiov well a particle’s initial ap-
pearance&ectormatcheghecurrentframe. For particlei at
timet thedatatermfor channek is:

EM Gt = @ 1M yi(t):t)

The distortionterm measureshe relative motion of linked
particles.Letu; (t) = xi(t) x;(t 1)andv;(t) = yi(t)
yi(t 1). Thelargerthe differencebetweernthesemotion
valuesthelargerthedistortionterm. Thetermis modulated
by thelink’ sweightl; (t) (Section3.2),sothatalink across
an occlusionboundary(i.e. a low-weight link) is allowed
greaterdistortionfor anequialentpenalty:

Epistor ¢(i5 ;1) = I () ([ ui(t) uj ()2
Vi) v (01%): (16)

The o w-matchingterm 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).We modulatethis
termaccordingto the particle’s weightp; (t) (Equationl4);
if the particleis closeto an occlusionboundary matching
the o w is lessimportant:

EFIow(i; t) =

pi(t) ([ u(xi(t 1yt 1)t 1) ui(t)?
Hvixi(t Dryi(t 15t 1) vi®19): (A7)

dP): (15)

Thecombinedenepy of aparticleatagiventimeis:

EG;t) = X (1)
k2K (1)
X
+ d EDistor t(i;j;t)
j2Li(t)
+ t EFtow(i; 1): (18)

Here K (t) denotesthe set of active channels(Sec-
tion 3.3), andL;(t) denotesthe setof particleslinked to
particlei in framet. We nd that 4 = 4and ; = 0:5pro-
vide a reasonabléradeof betweernthe threeterms. Given
asetP of particleindicesanda setF of frameindices,the
completeobjective functionis:

X
E = E(i; t): (19)
i2Pt2F

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;(t) andy;(t) usingincrements
dx; (t); dy; (t) computedoy theinnerloop.

Within the objective function E , we substitutedx; (t) +
Xj (t) for x; (t) (andinstance®fy accordingly).Takingpar
tial derivatives,we obtaina systemof equationsyhich the
algorithmsolvesfor dx; (t) anddy; (t):

@& _ o @
@lx;(t) 7 @ly;i(t)

For thedataterm,we usetheimagelinearizationfrom Brox
etal. [6]:

=0ji2P;t2F : (20

K= 1 Mdx () + 1 Mdyi () + 19 d95 @)

b ata (is )

D ata

@ix; (t)

We omit the (x; (t);yi (t);t) indexing of I, I, Iy, andl .
0is the derivative of ~ with respectto its arguments?.
Note that this linearizationoccursinside the inner x ed-
pointloop;thealgorithmis still optimizingtheoriginal non-
linearizedobjectie function.
Forthedistortionterm,thederivative is morestraightfor

2 90 KRy Iy I (22)

ward. We usedu; (t) asshorthandor dx; (t) dx;(t 1)
anddy; (t) for dy; (t) dyi(t 1):
@Epistor t(i;];t) —
@ix; (1)
2 (1) Aui) + dui(t) () du (O]
i@+ dvi(t) vty dv(D)]?)
(ui(t) + dui(t) up(t) du(1)): (23)

The o w matchingterm usesthe samelinearizationasthe
dataterm:

U= udxi(t 1)+ uydy(t 1)+ u  (ui(t)+dui(t));
V = vedxi(t 1)+ wydyi(t 1)+ v (vi(t)+dvi(t));
@Eriow(i; 1) .
e AON 2pi(t) qUZ+VAU:  (24)

Hereweomitthe(x;(t 1);yi(t 1);t 1)indexingofu,v,
andtheir spatialderivatives. Note that dx; (t) alsoappears
in derivativesof E (i; t + 1).

Eachof thesepartial derivativesis linearin dx;(t) and
dy; (t) exceptthe Cfactors.For eachiterationof theinner
loop, we computethe © terms, then hold them constant
within thelinearsystemsolver:



Loop (4 Times)
Computel >[<k](i; t); I>[,k](i; t)
dxi(t);dyi(t) O
Loop (4 Times)
Compute %terms
Solve systemto updatedx; (t), dy; (t)
(200 SORiterations)
EndLoop
Xi(t)  xi(t) + dxi(t)
yi(t)  yi(t) + dyi(t)
EndLoop

4.3.Particle Pruning

After optimizing the particles,we prune particlesthat
continueto have high enegy E (i; t). To reducethe im-
pactof a singlebadframe,we lIter eachparticle’s enegy
valuesusinga Gaussiar{ ; = 1frames).Particlei obtains
asequencef ltered objective valuesE (i; t). (Note: this
Gaussiaris notstrictly temporal;it Iters the valuesfor the
givenparticle,whichis moving throughimagespace.)

If E(i;t) > 10, the particleis marked asincorrectin
framet. Giventhis marking,the algorithmprunesthe par
ticle to thelongestcontiguousnterval of correctframes.If
the remainingdurationof the particleis lessthan3 frames
(andthe particle’s nearesendpointis morethan 3 frames
from the currentframe),the particleis deleted.

5. Particle Addition

After optimizationandpruning,the algorithmaddsnew
particlesin gapsbetweenrexisting particles.(The samepro-
cessis usedto createall particlesin the rst videoframe.)
Thealgorithmarrangegor higherparticledensityin regions
of greatewisualcompleity, in orderto modelcomplex mo-
tions.

To addnew particlesto a givenframe,the algorithmde-
terminesa scalevalues(x; y) for eachpixel. The scaleval-
uesarediscretetakenfromthesetf (j)= 1.9 jO j
5g. To computethe scalemap,we startby Itering theim-
ageusinga Gaussiarkernelfor eachscale (j), producing
asetof images 1; g.

Then, for eachpixel, we nd the rangeof scalesover
whichtheblurredpixel valuedoesnot changesubstantially
If thepixel hasthesamecolorin alargescaleimageasin all
smallerscaleimagesi,it is a large scalepixel. Speci cally,
the algorithm choosesthe maximum scaleindex k(x;y)
suchthatjjl; (x;y) 11(x;y)ji2 < 10forallj  k(x;y).
(Herewe use(r; g; b) vectordistance.)

Thesescaleindicesare Itered with a spatialGaussian
(s = 2), producinga blurred scaleindex map k\(x; y)
(which we roundto integer values). We thensetthe scale
valuesfrom the indices: s(x;y) = (f(‘(x; y)). Figure4
providesanexamplescalemap.

Video Frame

Scale Map

Particles
Figure 4. For eachvideo frame, the algorithm computesa scale
map that determineshe placemenbf new particles(Section5).
Theleft sideshavs anentireframe. Theright sideshavs a mag-
ni ed portionof theframe.

Given the scalemap, we iterate over the imageadding
particles.For eachpixel, if thedistanceo the nearesparti-
cle is greaterthans(x; y), we add a particle at that pixel.
The algorithm doesthis ef ciently in time (linear in the
numberof particles)by creatinganoccupang mapat each
scale.

6. Results

We evaluatethealgorithmusingasetof 20videos ,which
togetherinclude a variety of scenescameramotions,and
objectmotions. Figure 6 shows particle correspondences
for several of the videos. Completevideosandresultsare
availableat http://rvsn.csail.mit.edu/pv/

On a typical 720 by 480 video frame, the algorlthm
spendsabout7 secondsoptimizing particles,0.2 seconds
linking particles,0.05secondgruningparticles,and2 sec-
onds adding particles(eachof these gures is given per
sweep).The o w algorithm(Section2) requiresabout100
secondgperframepair. In our experimentsye useonefor-
ward sweepfollowedby onebackward sweep.

Objectively evaluatingthecorrectnessf thealgorithmis
dif cult giventhelack of ground-truthdata. Theidealeval-
uation measuremenshouldallow comparisorwith future
particlevideo algorithmsandwith non-particleapproaches
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Figure5. Eachplot shavs the meandistanceof surviving particlesfrom their positionsin the startframe. As describedn Section6, the
videosaretemporallymirrored,sowe expectall unoccludegarticlesto returnto their startpositions.Thedottedlinesdenoteconcatenated
o w vectors. In eachcase particlesreturncloserto their startingpositionsthanconcatenated w vectors. Both algorithmshave some

troublecapturingthefaceposechangen Video2.

to long-rangemotionestimation.

For our evaluation,we constructvideosthatreturnto the
startingcon guration by replacingthe seconchalf of each
videowith atemporallyreversedcopy of the rst half. For
sucha video, we expect particlesfrom the start frame to
returnto their startingpositionsin the endframe. For each
particlethatsurvivesfrom the startframeto the endframe,
thealgorithmcomputeghe spatialdistancgerror) between
theparticle's startpositionandendposition(Figure5).

As asimplisticpointof comparisonfor eachparticlepo-
sitionin the startframe,we concatenateo w vectors,com-
putedasdescribedn Section2. These o w trajectoriesare
terminatedwhenthey enteran occludedregion, as deter
minedby the o w algorithm.

Thisevaluationapproachs a wedfor severalreasonsA
particlevideoalgorithmcould easilyobtaina lower spatial
errorby pruningmoreparticles(atthe costof alower parti-
clesurvival rate).Furthermoreby allocatingfewerparticles
nearocclusionsand more particlesin otherregions,anal-
gorithm could both increasethe survival rateanddecrease
the spatialerror  Thus, we provide the evaluationfor de-
scriptive purpose®nly. This evaluationshouldnot be used
to comparetheresultswith futuremethods.

In the future, we ervision that researchersvill create
photo-realisticrenderedvideos with known ground truth
correspondences.Theserenderedvideos should include
deformingobjects,complex re ectance detailedgeometry
motionblur, unstablecameramotion,andoptical artifacts.

7.Conclusion

The patrticle video algorithm provides a new approach
to motion estimation,a central problemin computervi-
sion. Denselong-rangevideo correspondencesould im-
prove methodgfor mary existing vision problems,in areas
rangingfrom roboticsto Immaking.

Our particlerepresentatiodiffersfrom standardnotion
representationssuchas vector elds, layers,andtracked
featurepatches.Someexisting optical o w algorithmsin-

corporateconstraintsfrom multiple frames(often using a
temporalsmoothnesassumption)but they do not enforce
long-rangecorrespondenceonsisteng. Our algorithmim-
provesframe-to-frameoptical o w by enforcinglong-range
appearanceonsisteng andmotioncoherence.

Our algorithmdoeshave several limitations. Like most
motion algorithms,the approachsometimedails nearoc-
clusions. Also, the approachhas dif culty with large
changesn appearancelue to non-Lambertiarre ectance
and major scalechanges. (Our useof color and gradient
channelsprovides somerobustnesdo re ectance, but not
enoughto handleall casesorrectly)

In the future, we will focuson theseissues. We plan
to exploremoresophisticate@cclusionlocalizationandin-
terpretation possiblyusing simultaneougarticleand o w
optimization. We will alsoexperimentwith allowing slow,
smoothchangesn aparticle’sappearancevertime,to per
mit larger re ectanceand scalechanges.We may obtain
better performanceby incorporatinginvariant featurede-
scriptors(for particlesaway from occlusions)spatiotempo-
ral sgmentation16], andgeometricconstraintgfor rigid
portionsof thescene).

Currentlimitations of the particlevideo algorithmarise
from our methodsfor positioning particles,ratherthan a
fundamentalimitation of the particle representation.By
makingour dataandresultsavailableonline, we hopeoth-
erswill exploretheparticlevideoproblem.
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