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Abstract

In this papemwe presentamethodfor synthesizingrideosof humanmotionby splicing
togetherclips of inputvideo. Therearetwo maincontributionsin thiswork. The rst is
developinga methodfor “kinematically correctmorphing”of imagesof human gure,
which is usedto splice togetherthe clips in input video in a mannerthat produces
smoothoutputsequencesThe secondcontribution of this work is the applicationof
activity recognitionalgorithmsto ourinputdatain orderto automaticallyextractaction
labels,which allow us to control the synthesizedrideo by issuinghigh-level action
commands. We presentresultsof syntheticsequence®n two domains: ballet and
tennis.

1 Intr oduction

In this paperwe presenta methodfor synthesizingvideosof humanmotion. The
syntheticvideosareproducedoy splicingtogetherclips of input video. Therearetwo
mainchallengesallowing for high-level controlof the gure (specifyingactionsto be
performed)andmakingthe gure look realistic.

Synthesizingvideosof humanmotion directly from existing clips is an alluring
goal. Ignoringthepossiblepitfalls, theprospecbf controllingrealisticlooking charac-
tersperformingaccuratelyportrayedactionswith properlydeformingclothingis very
appealing.Facad€g[7] wasinstrumentain popularizingimage-basedenderingtech-
niguesfor stationaryobjects.Theadvantage®f realisticappearanceverthatobtained
through3d modelingwere obvious. Previous work by Schodlet al. [19] hasshavn
impressve resultsin usingimage-basedenderingto synthesizevideos,particularlyof
naturalphenomenauchaswaterfalls and re. Articulatedhuman gures have struc-
ture,of atypethatis notpresenin thesenaturalphenomenayhich mustbe presered
in orderto producecorvincing animations. In this work we attemptto addresghis
moredif cult image-basedenderingproblem.



The problemof synthesizinghovel motionsin therealmof 3d motioncapturedata
hasbeenthe focusof recentwork [1, 12, 9]. Thesemethodsgeneratea motionsgiven
constraintsuchasposition,orientation keyframes or paths,andareusedto render3d
modelsof actorsto producenovel videos. In this work we leveragetheseideasasthe
basisfor controllingthe motionswe synthesize.

Our approachwill usecomputervision techniquego addresgheissuesin video-
basedmotion synthesis. The rst contritution of this work is developinga method
for “kinematically correctmorphing” of imagesof human gure. The methodrelies
on a vision-basedechniqueusedto automaticallyextractthe 2d skeletonin a frame,
which is usedto deformthe gure correctly Anotherissueis the amountof video
datarequiredin orderto make the synthesiswork. In orderto allow for high-level
control, this datashouldbe taggedwith actionlabels. The seconccontribution of this
work is the applicationof actiity recognitionalgorithmsto our input datain orderto
automaticallyextracttheseactionlabels.

The structureof the paperis asfollows. We describerelatedwork in Section2.
Preprocessingf theinput videoto extractspritesis describedn Section3. Next, we
describethe detailsof our method: extractingthe 2d skeletons(Section4), the mor-
phing and splicing (Section5), building the motion graph(Section6). Experimental
resultsareprovidedin Section7. We concludein Section8.

2 RelatedWork

Therehasbeenmuchprevious work on motion synthesiausing 3d modelswhich can
broadlybedividedinto therealmsof physicallybasedandmotioncapturebasedneth-
ods. Physicallybasedmethods[10, 21, 14] cangeneratenotion without the use of
motiondata,but can't generatevery realisticmotions. Of thetechniquesisingmotion
capturedata,mary of them(e.g.[1, 12, 17, 13]) generatea motion given constraints
suchasposition, orientation,frame, or path, but are unableto synthesizebasedon a
givensequencef actions.In orderto tracea pathof motions,onemay follow a mo-
tion graph. Gleicheret al. [11, 9] make an explicit directedgraphwhereeachedge
is a motion clip annotatedwvith an action, but their methoddoesnot scalewell with
the numberof differentactions.Roseet al. [18] createa verbgraph,interpolatingbe-
tweendifferentadverb combinationsf the sameverbto createa new style of motion.
Becausehe graphis hand-createdit is dif cult to encodea large databaseandthe
interpolationis notguarenteetb berealistic. Arikan etal. [2] did notcreateanexplicit
graph butinsteademployeddynamicprogrammingechniques$o nd theoptimalpath
givenpossiblyoverlappingannotatiorconstraints.

Ourwork is similarin styleto the Video Rewrite system[5]. In thatwork Bregler
etal. useexisting footageto createnew footageof persormoving their mouthto words
notin the original video. The systemautomaticallylabelsphonemesn trainingvideo
usinganHMM. Givenanew speechrack,it is labeled andthetriphonevideos(setsof
3 phonemegplustheir correspondindgrames)from the training video thatbestmatch
thenew speectarestitchedtogether
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Figure 1: Backgroundsubtraction:(a) input frame, (b) backgroundmage, (c) resid-
ualimage,(d) mattingusinga thresholdon (c), (e) blurring residualwith anisotropic
Gaussian(f,g) residualgradientimages(x andy) obtainedby backgroundubtraction
in gradientdomain,(h) residuaimagesmoothesvith anisotropidiffusionusingresid-
ual gradientsfor conduction (i) mattingusingimproved residualfollowed by simple
alphaestimation(j) compositingnto a novel background.

3 Matting and Stabilization

The rst stepin ary image-basednotion synthesisapproachs extractingthe desired
object(human gure in our case)rom theinput video. For eachframewe mustcom-
putean matteindicatingwhich pixels belongto the objectandwhich to the back-
ground( 2 [0;1]). This processknown variously asdigital matting, layer extrac-
tion or motionsegmentationjs underconstrainedndvery dif cult in thegenerakase.
Evenwith varioussimplifying assumptionge.g. stationarycamerarigid objects,non-
opaquenesqarametrianotionmodel,etc.) the problemis still generallyunsohed. In
practice peopleeithermake useof a very controlledenvironment(“blue screen’tech-
nigues),or userinput (e.g. the trimap matteapproachesuchas Video Matting [6]).
Ourgoal,however, is to beableto procesdargeamountof videoautomaticallyandin
avariety of differentervironmentsthereforeneitherapproachwould befeasible.On
theotherhand,we aremostlyinterestedn videostakenfrom stationarycameragsuch
aswebcams)sowe canestimateahebackgroundmageandreducethe problemto that
of badkgroundsubtraction

3.1 Background Subtraction

Theideabehindclassichackgroundsubtractions simple: rst estimatehebackground
(typically by taking a temporalmedianof all framesin the video), andthensubtract
it from eachframe. Thresholdingheresidualwill produceabinary matte,classifying
eachpixel aseitherforegroundor background.However, in practicethingsarent so
rosy, asthethresholdingstepwill inevitably producemistales. Therearemary sources
of potentialerror, includingshadevs, temporalvariationsin backgroundtranspareny,
motion blur, cameraringing, etc. However, the main problemwith backgroundsub-
tractionis muchmoreprosaic-it is simply that,in all realsituationstherewill always
be someforegroundpixelsthatjustlook like the backgroundIn otherwords,the seg-
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mentatiorproblemcannotbe solvedlocally, justatthe pixel level, without considering
moreglobal information. One suchsourceof informationcanbe found by consider

ing the input video in the gradientdomain,wherethe informationis carriednot by

pixel intensities,but by the strengthof edgeshetweenmageregions. Weiss[20] has
demonstratedhat backgroundsubtractionin the gradientdomaincanbe usedto re-

move shadaevs. Herewe proposeo performbackgroundubtractiorin embothimage
andgradientdomainsasthesetwo source®f informationarecomplimentaryWe then

combinetheresultsof thetwo usinga processimilarto anisotropiadiffusion.

Figurel illustratesour algorithm. Given an input frame (a) andthe precomputed
backgroundmage(b), the classicbackgroundsubtractionis to computethe residual
image(c) which is thenthresholdedo producea matte(d). Note that(d) hasmary
holeswherethe foregroundandthe backgroundaretoo similar. Onecanattemptto
“x up”theseholesby performingmorphologicabperation®on thebinarymatteor by
blurring the residualimage(asin (e)). Unfortunately thesead hoc methodswill in-
troduceotherproblems producingblurry boundarieandmerging regions.Now let us
look atbackgroundsubtractiorin thegradientdomain.Thebackground andy gradi-
entimagedy and(‘y arecomputeddy takingthe medianin time of thegradientd x and
Iy in eachframe. Then,for agivenframei, we subtracioutthe backgroundyradients:
19, = 1y [y, providedthatwedon'tintroduceary new edgegjl |, j jfxyj> 0).
Theresultingl andlf for framein (a) areshavn on (f) and(g). Theseareonly the
gradientselongingto the gure, all othergradientsn theimageareirrelevantfor our
task. Note thatthe holesin (d) don't have all of their edgedie alongthe gure gradi-
ents,meaningthatthey hase beenin uenced by the gradientsn the background Our
goalis to remove this in uence in the imagedomainusing the foregroundinforma-
tion we obtainedin the gradientdomain. We cando this by smoothingthe original
residualimagein a way that preseresonly the foregroundedges.Anisotropicdiffu-
sion [16], a popularmethodfor smoothingimagesalong, but not across boundaries,
canbemodi ed for our purposesthesmoothingoroceed®ntheresiduaimage, while
the gradients(conductioncoefcients) aretaken from the foregroundgradients. The
resultingresidual(h) canbecleanlythresholdedo producea muchbettermatte(i). In
fact,thresholdingat two differentdifferentvalueswill automaticallygeneratetrimap
which onecanuseto statisticallyestimatevery accuratevaluesfor opacity allowing
for compositingsuchasin (j).

Of course,this approachdoesnot completelysolve the backgroundsubtraction
problem.We have only dealtwith backgroundedgesbut did nothingabouttheinternal
foregroundedgesln away, we have reducedanarbitrarystationarybackgroungrob-
lem to a constant-aluebackgroundoroblem. Our methodperformswell whenthere
aremoreedgedn the backgroundhanin the foreground. In particular all sequences
in this work shaved quite substantiaimprovementin performance.

3.2 Figure Centering

After nding the gure in eachframe,we still needto extractit for furtherprocessing.
The extractedsequenceshouldhave the gure alwaysin the center We do this by
convolvingthe mattewith a vertically-elongatedzaussiar(roughly atthe scaleof a
personjand nding the maximumresponsevhosecoordinatebecomehenew center
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Figure2: Flowchart

4 Finding Skeletons

In orderto properlymorphbetweensimilar imagesof the actorwe needto know ap-
proximatelocationsfor the body joints. The processwe usefor determiningthese
locationsis basedon matchingto exemplas. Givena large setof framesshawing the
actorin variousposesa small setof exemplarframesis automaticallyextracted. The
joints arethenhandlabeledin the exemplarframes. In orderto nd the locationsof
thejoints in aninput frame, the closestexemplarframeis found. Thejoints arethen
localizedby nding thebestmatchinglocationsfor the closesiexemplarsjointsin the
inputframe.

The closestexemplarframeis found usinga globaldescriptionof the shapeof the
human gure in the entire frame, while the joints are localizedusing similar shape
informationwhich hasbeenblurredin a novel manner This procedurds similar in
veinto our previouswork on exemplarg15]. The maindifferencesarethatthe shape
featureusedis moreaccuratgwith anincreasedomputationakxpensefor matching)
but only computedht the exemplarjoint locations no deformablemodelis used,anda
singleexemplaris choserin advanceof joint localization(to offsettheincreasen cost
of matching).

In the following sectionswe rst describethe shapedescriptorausedin selecting
the closestexemplarandlocalizing the joint positions,andthendevelop a methodfor
selectinga goodsetof exemplarghatcanbe usedto localizejoint positionsfor alarge
collectionof frames.

4.1 ShapeFeatures

Findingfeaturecorrespondancdsetweenwo imagesof anarticulatedobjectis a dif-
cult task. Unlessthe two imagesarevery similar, simple apperance-basedethods
suchascornerfeaturesor optical o w (usedin [19]) will notbe effective, sinceapper
anceoftenchangesiramaticallyoverasmallchangdn pose.Generallyit is theglobal
shape ratherthanlocal appearancethat canhelp us nd correspondancesetween



limb joints.

This global shapecanbe characterizeavith half-wave recti ed, oriented lter re-
sponsesAn exampleof theseoriented Iter responses shavn in Figure3. An image
is Itered with 3 oriented Iters (horizontal,vertical,and45 degrees).The outputsof
theselters aresplit into positive only andnegative only channelsresultingin 6 Iter
responsémageswhichwill beusedto constructour shapeeatures.

The rst, “whole body”, shapdeature whichis usedn selectingheclosesimatch-
ing exemplarto a giveninput frame,is simply these6 Iter responsémagesblurred
with a GaussianThe exemplarframewith the highestcorrelationwith theinputframe
in termsof this “whole body” shapefeatureis chosen.

Forlocalizingthejoints,we describehe shapeatandaroundeachof thechoserex-
emplarsjointsandthensearchtheinputframefor thelocationwherethis shapeeature
matchedest.Our secondshapedeature whichis usedfor this localization,is basedn
thedescriptionof Berg andMalik [3]. It takesthesesame6 lter responseslescribed
above, cropsthemto fairly large area(about1/3 of the imagesize) centeredaround
thejoint andappliesa non-uniformgeometricblur, a spatiallyvarying smoothing I-
ter that blurs the centralregion lessthanthe periphery producinga type of sh-eye
lenseeffect. This descriptoiis quite effective at nding approximateshapecorrespon-
danceswhile ignoring local apperancehangesproviding a roughideaof the overall
bodycon guration. An exampleof thelocalizationof bodyjoints usingthis matching
processs shawvn in Figure4.

@) (b)

Figure3: (a) Exemplarframewith (b) the half-wave recti ed lter responsesisedin
constructingshapdeature.The Iter responseshow 3 orientation®f Iter (horizontal,
vertical, 45 degrees),with 2 imagesfor each: half-wave recti ed to containpositive
only or negative only signal.

4.2 Selectinga Setof Exemplars

The exemplarsshouldbe a setof framessuchthatary framefor which a skeletonis
requiredis similar enoughto oneof the exemplars sothatthe exemplarcanbewarped
to thatframe.We would alsolik e to ensureghatthe numberof exemplarsusedis small,
asuserinteractionto supplythejoint locationsis requiredfor eachone.

We automaticallyselectexemplarswith a simple greedyalgorithm. Eachinput
frame of video is comparedo the currentsetof exemplarsusingthe “whole body”
shapefeature. If the frameis furtherthana x ed minimum distancefrom all of the
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Figure4: (a) Closestmatchingexemplarimage,with labeledjoint locations.(b) Novel
image,with eachjoint positionlocalizedusinggeometrichblur of shapefeaturearound
joint from exemplarimage.

exemplarsthenit is addedasan exemplar With the minimum distanceusedin ex-
perimentsa relatively small setof exemplarsis selected.As a point of referencejn
eachof the genreswe considerin this work we usefewer than100 exemplarsfor ap-
proximately20000or 30000frames.Theexemplarsextractedfor theballetdatasetre
shavnin Figure5.

5 Splicing and Mor phing

The nal synthesizedrideosthat we producewill be obtainedby splicing together
clips of the original video. In orderto make the transitionsbetweenrthe splicedclips
appeanaturalwe ensurghatthetrajectoriesof theactorsjoints aresmoothacrosghe
splicepoints. This requiresproceduredor: (i) locatingthe actor's joints, (i) de ning
smoothlyvaryingjoint positionsacrosghe splicepoints, (iii) morphingtheimagesof
anactorto conformto targetjoint positions.

Simple proceduredor splicing, suchasa cross-adeof framesaroundthe splice
points,would leadto noticeableartifacts. The goalis to infusethe splicing procedure
with knowledgeabouthuman gures to avoid theunnaturakffectsof naive techniques.

5.1 Morphing Articulated Figures

In this sectionwe developthenotionof a“kinematicallycorrect’morphof animageof
ahumangure. Givenjoint positionsonahuman gure in theimageplaneanda setof
targetjoint positionswe morphtheimagesuchthatthejoint positionsaremovedto the
desiredagetpositions.Figure6 shavs anexampleof this morphing,andacomparison
to othernaive techniques.



Figure5: Exemplarsfor balletdataset.These96 exemplarframeswereautomatically
extractedfrom the input video sequenceHumanbody joint locationswere manually
markedontheseaxemplarframes,andthenusedto automaticallydetecfoint locations
in therestof thevideosequence.

We performthis morphingin the2dimageplane. Themodelwe useis a“cardboard
personmodel(Figure7) consistingof atorsoregion andeighthalf-limbs (upperand
lower armsandlegs). Eachhalf-limb has2 degreesof freedom.Jointsareallowedto
rotatein 2d, andeachhalf-limb may be scaledin length. Jointanglesfor elbows and
kneesare measuredvith respecto the adjacenthands/feeandshoulders/hips.Joint
angledor shoulderandhipsaremeasuredvith respecto theadjacentlbov/knee and
the shoulder/hipon the sameside of the body. Note thattherearesingularitiesin this
representationfor examplewhena standinghumanis viewed from above, however,
they do notappeain thesequencewe areinterestedn.
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Figure6: Morphingarticulated gures. (a,c)Original frames. (b) Syntheticmorphed
frame halfway (in body parameterspetweenoriginal frames. (d,f) Skeletonsfrom
original frames. (e) Target skeletonfor morphedframe (b). (g) Cross-adebetween
original frames.

Given animagel of a human gure with joint positions (I), andtarget joint
positions (T), we constructa morphedimagewith the humanin | in con guration
specied by (T). We startby assigningforegroundpixelsin | asbelongingto a
particularhalf-limb or thetorso. Thisis accomplishedy measuringshortestistance
to bone-lineof limbs. The torsowarp is thenmodeledasa thin plate spline[4] de-
formationusingthe shouldersand hips as control points. This warp is appliedto all
foregroundpixels belongingto the torso. Next, eachlimb is deformedto matchthe
parametersn (T). The translationof the shoulderjoint underthe thin plate spline
torsowarpis appliedto all pixelsonthelimb. Then,the correctrotationandscalingis
appliedto all foregroundpixelsin the upperhalf-limb. Lower half-limbsaredeformed
in rst by thetransformatiorof theupperlimb, andthentheir own rotationandscaling.

After all foregroundpixelshave beendeformedjnterpolationis usedto getvalues
of pixelsin themorphedmage.



Figure7: Torsoandonelimb of the cardboardersonmodel. A human gure is mod-
elledasatorsoregion alongwith 8 half-limbs (upperandlower armsandlegs). Each
half-limb has2 degreesof freedom allowing for variationin 2d angleandin length.

5.2 Sequencesplicing

With the procedurefor kinematicallycorrectwarpingin place,all that remainsis to
de ne the target joint positionsfor morphedframesthat will give rise to a smooth
changen theactorsjoints. Skeletonsareextractedfor theframeson eithersideof the
splicepoint. We thenperformalinearblendof the parametersf our cardboargerson
modelacrosshe splicepoint. Theseblendedparametewaluesbecomehetargetjoint
positionsfor usein themorphingprocedure.
In concreteterms, supposesequencesf framesS = fs;;sy;::;s,0 andR =

fri;ra; i reg, with s, andr; determinedo correspondindgrames,areto be spliced
together Thena new sequenc® will becreatedconsistingof frames:

Q="Fsiisiiisn w 1M wi My w5 Tkg

Them; arethemorphedframescreatedusingthe proceduredescribedabove. For
valuesof i lessthanor equalto zero, a framefrom S is usedas the sourceof the
morphing,otherwise a framefrom R. Thetargetparameters (m;) for the morphed
framesaregivenby thelinearblending:

m) = @ son@) I () s
h _ Sn+i |f| 0
whereq = ri otherwise

The parametew controlsthe width of the morphingwindow. In our experiments
w wassetto 2. Thelinearblendingprocesss illustratedin Figure8.

6 Motion Graph

We organizeframesin a motion graph similar to that usedby Arikan and Forsyth.
In our graph,a noden; is a contiguoussequencef framesfrom the original video
consistinglargely of a singleactiona;. Thereis a directededgee =< f;;fj;c; >
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Figure 8: Linear interpolationof limb parameters.Blue curves denotesingle joint
parametewaluesovertime for two sequencet besplicedtogether Dashededcurve
showslinearly blendedvaluesusedastargetparametergor morphing.

betweennodesn; andn; if it is possibleto splicetogetherthe two sequencesEach
edgestoresf; andf;, the framesat which the splicing occurs,andc; , the costof
makingthis transition. The following sectionsdescribehow we constructthis motion
graph.

Beforedelvingfurtherinto the detailsof constructinghe graph,it is worth noting
acoupleof highlevel points.Firstis thatthe graphswe construcwill besparselycon-
nected.Unlike motion capture we do not have accesgo 3d joint positions. Realistic
morphingof 2dimagess moredif cult andrequiresapair of imageso berathersimi-
lar in orderto succeedTransitionsarerarer, andassuchthegraphrepresentatiowith
blocksof framesconnectedby anexplicit setof transitionpointsis ausefulabstraction.

Second,empirically we found de ning a “single action” a; as a conjunctionof
“half-actions”,suchas“moveleft - to - begin forehand”in tennis,to beadwantageous.
At rst glancethis distinctionappearsatherarbitrary but thereis anintuitive explana-
tion why this yieldsbetterresults.

Considertwo possibilitiesfor the action following “move left”: “forehand” and
“moveright”. Theportionof motionatthe endof the“moveleft” will beratherdiffer-
entin thetwo casesln theformer, the playerwill likely beturninghis upperbodyand
releasinghegrip of hisleft handontheracketin preparatiorfor thecomingforehand.
In the latter, the player's nal stepto theleft will be quite differentashe gathershis
weightontohisright foot andpreparego pushhimselfin the oppositedirection.

However, the “middle” of actions,suchasforehandstrokes,aremorelikely to be
similar irrespectve of the preceedingction. De ning our nodesto explicitly contain
the transitionalperiodsbetweensemanticactions,and searchingfor splice pointsin
the middle of actionsleadsto morerealisticsyntheticvideos. Note thatwith A unary
actionlabels,taking conjunctionsof actionsleadsto atworstA? differentnodetypes
in our graph. However, in practicetherewill not be that mary sincethe majority of
theseconjunctionsarenot possible.

6.1 Finding nodes

We nd nodesfor the motion graphby searchingour footagefor clips corresponding
to a single action. Initially, the userspeci es a set of actionsthat he is interested
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in modelingby providing exampleclips for each. The clips neednot be of the same
persorandthelabellingis very easy:oneonly needgo specifythestartandendframes
of the clip andthe actionlabel. Now, we needto automatically nd similar actionsin
the novel footage. This is an actionrecognitionproblemandherewe usethe method
of [8] for describingand comparingactionsbasedon motion features. Thesemotion
featuresdescribethe coarsemotion over a givenspatio-temporagxtentandis, in fact,
very similar to the shapefeatureusedearlier exceptthatframe-to-frameoptical o w
is usedasthe basicmeasuremerihsteadof imagegradients.

Figure 9 illustratesthe searchprocess. We startby computinga frame-to-frame
similarity matrix betweeneachof our handlabeledsequencesnd the block of the
footagewe wishto searcHor clips. Entry (i; j ) in eachsimilarity matrix Wy contains
the correlationof motion featurescomputedon framei of the handlabeledsequence
andframej of the unclassi edfootage. This similarity matrix is blurredby Itering
with theblurry | (se€[8] for details).Next, we performaversionof aHoughtransform.
We tranformthe matrix Wy into avectorHy:

EachH(j ) representthemaximumvalueontheline of slope 1 passinghrough
('\‘7 ;]), whereN is the lengthof the labeledsequencelntuitively, the entriesin W
“vote” for the centerof thelabeledsequencén thenovel sequence.

We performthis voting procedurecomparingall of the labeledsequenceagainst
the novel sequenceo obtain a collection of vectorsH. Nodesare extractedin a
greedyfashionusingthesevectors.At eachstepwe constructa nodecenteredaround
thepositionof maximumvaluein the setof vectors.The nodeinheritsthe actionlabel
andtemporalextentof the matchedsequence-i.e. whoseH ¢ containedhatmaximal
value.New nodesmustnotoverlapmorethan30%with previousnodesandmusthave
motionsimilarity aborea x edthreshold.

6.2 Finding Edges

In orderto obtain smoothsynthesizedsequencesywe mustonly place edgesin our
graphbetweervery similar frames.In addition,we only allow incomingedgedo goto
the rst third, andoutgoingedgego leave the latterthird of the framesin anode.This
restrictionensureshata simplequeryprocedurewill allow for reasonableontrolover
theanimation.

We usethe motion andshapedescriptorgo determinewhethera transitionexists
betweera pair of frames.Sinceshapeandmotionneedonly beconsistentocally when
splicing togetherclips, we usea small 5-by-5 identity matrix for the Itering kernel.
If thresholdg(0.93 for shape,0.4 for motion in both experiments)for similarity are
exceededanedgeis addedbetweera pair of nodes.The coston anedgeis setasthe
negative of the shapesimilarity betweerthe two framesit connects.

12
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Figure9: Classi cationof sequencedqa) Frame-to-framaimilarity betweemovel se-
quence(horizontalaxis) andonelabeledsequencédvertical axis). Redvaluesdenote
high similarity. (b) Blurred similarity matrix. (c) Houghtransformof single similar
ity matrix, plot of j vs. H(j). Hk(j) is maximumvaluesalonglines with slope-1
throughcenterrow of similarity matrix, “votes”for centerof labeledsequencé novel
sequence.(d) Houghtransformsof comparisondo collectionof labeledsequences.
Classi cationschemehoosesetof nodesrom this collectionvia non-maximunsup-
pression.

6.3 Querying the Motion Graph

We have constructedh motion graphwherethe nodesare singleactionclips, andthe
edgesretransitionshetweerthem.Now, we cancreateanovel videocorrespondingo
a particularsequencef actions(suchas“backhandstroke”, “moveleft”, “lob stroke”
in agraphof tennisactions)oy nding apathin thegraphpassinghroughthe correct
typesof nodes.

Givena userspeci ed sequencef actionsto perform,we nd the sequenceavith
minimum cost transtionssatisfyingthe desiredsequencef actions. Sinceall con-
straintsarelocal, we can nd this bestsequenceising dynamicprogramming. The
searchtakesO(n?m) time, wheren is the numberof nodesin the graphandm is the
length(in numberof actions)of thedesiredsequence.

This motiongraphallows for intuitive synthesiof new sequencedyut lackssome
controlovertheresultingsequencePreviouswork [1, 11] hasshavn how, givensuf-
cientannotationspnecould performmorecomplicatedjueriesin suchagraph.

1De ning nodesto be pairsof half-actionsdoesnot addany compleity to this process.
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Figurel10: Action labelsfor (a) balletand(b) tennisdatasets.

7 Experiments

We appliedour methodto two domains balletandtennis.For eachdomainwe Imed
anamateuperformingafew repetitionsof looselyscriptedactions.Figure10givesthe
list of the unaryactiontypes. In the balletdatasetve chosell actions(leadingto 47
half-actionpairs),eachof which wasperformed5-10times. A total of 27148frames
of balletvideowererecorded For thetennisdatasetve chose8 actions(leadingto 19
half-actionpairs). Eachof theseactionswasperformednumerougimes, particularly
theforehand/backhanswings,andthe movementactions.A total of 18845framesof
tennisvideowererecorded.

In theballetdataset53 nodesand8022edgesetweerthemwereextractedusing
the algorithmsin Section6. In the tennisdataseB47 nodesand1111edgeshetween
themwereextracted.

Syntheticsequenceweregeneratedby performingaction-level queriesonthe mo-
tion graph. Sampleframesfrom thesesyntheticsequencesanbe seenin Figuresll
and 12.

8 Conclusion

In this papemwe have presente@methodfor creatingsyntheticvideosof humammotion
by splicing togetherclips of existing footage. The key componentf our method
are using actiity recognitionto selectappropriateclips of motion to renderand an
algorithmfor kinematicallycorrectmorphingof human gures which is usedto splice
theclipstogether

Ourmethodproducegeasonablguality videos,but noticeableartifactsdo remain.
The backgroundsubtractionalgorithmhaslimitations. Thesecould be remediedwith
userinteraction,or the useof a “blue screen”in a studio ervironment. The largest
problemis thatthe goal of smoothtransitionsbetweerclips of original footageacross
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Figure 11: Exampleframesfrom syntheticballet video. Framesl,2 and8 contain
unmorphedactorfrom original video, simply translatedacrosshe frame. The next 5
framesshav anexampleof a transition. Thesemorphedframessmoothlyvary across

thethesplicepoint, frameb.

Figure 12: Exampleframesfrom synthetictennisvideo. As before,framesl,2and8
containunmorphedactorfrom original video, simply translatedcacrosshe frame. The
next 5 framesshav anexampleof a transition. Thesemorphedframessmoothlyvary
acrosghethesplicepoint, frame5.
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splicepointsremainselusive. A numberof poor quality transitionsexist in the video
results,particularly in the ballet sequencevhenthe gure is stationary Transition
points(edgedn the motiongraph)areplacedat locationswherethe human gures are
similarin termsof shapeandmotion. However, thesearenot necessarilyhelocations
atwhichthesplicingandmorphingalgorithmswill producea corvincingoutputvideo.
In particular if thehumangure is stationarythevieweris muchlessforgiving of small
artifactsand jumpsin the video. Moreover, the morphingalgorithmis much more
successfulvhenthe human gure is in certainbody con gurations. Whenthe limbs
are crossedor otherwiseoccludingeachother, the morphingis much moredif cult.
The currentmeasuraisedto determingransitionpointsshouldbe improvedin future
work. Actual information aboutthe body joint locationsand overall motion of the
human gure shouldbe usedin moreelaboratamanner
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