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Abstract

In thispaperwepresentamethodfor synthesizingvideosof humanmotionby splicing
togetherclipsof inputvideo.Therearetwo maincontributionsin thiswork. The�rst is
developingamethodfor “kinematicallycorrectmorphing”of imagesof human�gure,
which is usedto splice togetherthe clips in input video in a mannerthat produces
smoothoutputsequences.The secondcontribution of this work is the applicationof
activity recognitionalgorithmsto ourinputdatain orderto automaticallyextractaction
labels,which allow us to control the synthesizedvideo by issuinghigh-level action
commands.We presentresultsof syntheticsequenceson two domains: ballet and
tennis.

1 Intr oduction

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

Synthesizingvideosof humanmotion directly from existing clips is an alluring
goal. Ignoringthepossiblepitfalls,theprospectof controllingrealisticlookingcharac-
tersperformingaccuratelyportrayedactionswith properlydeformingclothingis very
appealing.Facade[7] wasinstrumentalin popularizingimage-basedrenderingtech-
niquesfor stationaryobjects.Theadvantagesof realisticappearanceoverthatobtained
through3d modelingwereobvious. Previous work by Schodlet al. [19] hasshown
impressiveresultsin usingimage-basedrenderingto synthesizevideos,particularlyof
naturalphenomenasuchaswaterfalls and�re. Articulatedhuman�gures have struc-
ture,of a typethatis notpresentin thesenaturalphenomena,whichmustbepreserved
in order to produceconvincing animations. In this work we attemptto addressthis
moredif�cult image-basedrenderingproblem.
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Theproblemof synthesizingnovel motionsin therealmof 3dmotioncapturedata
hasbeenthefocusof recentwork [1, 12, 9]. Thesemethodsgeneratea motionsgiven
constraintssuchasposition,orientation,keyframes,or paths,andareusedto render3d
modelsof actorsto producenovel videos.In this work we leveragetheseideasasthe
basisfor controllingthemotionswesynthesize.

Our approachwill usecomputervision techniquesto addressthe issuesin video-
basedmotion synthesis.The �rst contribution of this work is developinga method
for “kinematically correctmorphing” of imagesof human�gure. The methodrelies
on a vision-basedtechniqueusedto automaticallyextract the2d skeletonin a frame,
which is usedto deform the �gure correctly. Another issueis the amountof video
datarequiredin order to make the synthesiswork. In order to allow for high-level
control,this datashouldbetaggedwith actionlabels.Thesecondcontribution of this
work is theapplicationof activity recognitionalgorithmsto our input datain orderto
automaticallyextracttheseactionlabels.

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

2 RelatedWork

Therehasbeenmuchpreviouswork on motionsynthesisusing3d modelswhich can
broadlybedividedinto therealmsof physicallybasedandmotioncapturebasedmeth-
ods. Physicallybasedmethods[10, 21, 14] cangeneratemotion without the useof
motiondata,but can't generatevery realisticmotions.Of thetechniquesusingmotion
capturedata,many of them(e.g.[1, 12, 17, 13]) generatea motion givenconstraints
suchasposition,orientation,frame,or path,but areunableto synthesizebasedon a
givensequenceof actions.In orderto tracea pathof motions,onemay follow a mo-
tion graph. Gleicheret al. [11, 9] make an explicit directedgraphwhereeachedge
is a motion clip annotatedwith an action,but their methoddoesnot scalewell with
thenumberof differentactions.Roseet al. [18] createa verbgraph,interpolatingbe-
tweendifferentadverbcombinationsof thesameverbto createa new styleof motion.
Becausethe graphis hand-created,it is dif�cult to encodea large database,and the
interpolationis notguarenteedto berealistic.Arikan etal. [2] did notcreateanexplicit
graph,but insteademployeddynamicprogrammingtechniquesto �nd theoptimalpath
givenpossiblyoverlappingannotationconstraints.

Our work is similar in style to theVideoRewrite system[5]. In thatwork Bregler
etal. useexistingfootageto createnew footageof personmoving theirmouthto words
not in theoriginal video. Thesystemautomaticallylabelsphonemesin trainingvideo
usinganHMM. Givenanew speechtrack,it is labeled,andthetriphonevideos(setsof
3 phonemesplus their correspondingframes)from the trainingvideo thatbestmatch
thenew speecharestitchedtogether.
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(a) (b) (c) (d) (e) (f) (g) (h) (i) (j)
Figure1: Backgroundsubtraction:(a) input frame,(b) backgroundimage,(c) resid-
ual image,(d) mattingusinga thresholdon (c), (e) blurring residualwith anisotropic
Gaussian,(f,g) residualgradientimages(x andy) obtainedby backgroundsubtraction
in gradientdomain,(h) residualimagesmootheswith anisotropicdiffusionusingresid-
ual gradientsfor conduction,(i) mattingusingimprovedresidualfollowedby simple
alphaestimation,(j) compositinginto a novel background.

3 Matting and Stabilization

The �rst stepin any image-basedmotionsynthesisapproachis extractingthedesired
object(human�gure in our case)from theinput video. For eachframewe mustcom-
putean � matteindicatingwhich pixels belongto the objectandwhich to the back-
ground(� 2 [0; 1]). This process,known variouslyasdigital matting, layer extrac-
tion or motionsegmentation,is underconstrainedandverydif�cult in thegeneralcase.
Evenwith varioussimplifying assumptions(e.g.stationarycamera,rigid objects,non-
opaqueness,parametricmotionmodel,etc.) theproblemis still generallyunsolved.In
practice,peopleeithermakeuseof a verycontrolledenvironment(“blue screen”tech-
niques),or userinput (e.g. the trimap matteapproachessuchasVideo Matting [6]).
Ourgoal,however, is to beableto processlargeamountsof videoautomatically, andin
a varietyof differentenvironments,thereforeneitherapproachwould befeasible.On
theotherhand,wearemostlyinterestedin videostakenfrom stationarycameras(such
aswebcams),sowecanestimatethebackgroundimageandreducetheproblemto that
of backgroundsubtraction.

3.1 Background Subtraction

Theideabehindclassicbackgroundsubtractionis simple:�rst estimatethebackground
(typically by taking a temporalmedianof all framesin the video), andthensubtract
it from eachframe.Thresholdingtheresidualwill producea binarymatte,classifying
eachpixel aseitherforegroundor background.However, in practicethingsaren't so
rosy, asthethresholdingstepwill inevitably producemistakes.Therearemany sources
of potentialerror, includingshadows,temporalvariationsin background,transparency,
motion blur, cameraringing, etc. However, the main problemwith backgroundsub-
tractionis muchmoreprosaic– it is simply that,in all realsituations,therewill always
besomeforegroundpixelsthatjust look like thebackground.In otherwords,theseg-
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mentationproblemcannotbesolvedlocally, justat thepixel level, withoutconsidering
moreglobal information. Onesuchsourceof informationcanbe found by consider-
ing the input video in the gradientdomain,wherethe information is carriednot by
pixel intensities,but by thestrengthof edgesbetweenimageregions. Weiss[20] has
demonstratedthat backgroundsubtractionin the gradientdomaincanbe usedto re-
moveshadows. Hereweproposeto performbackgroundsubtractionin embothimage
andgradientdomains,asthesetwo sourcesof informationarecomplimentary. Wethen
combinetheresultsof thetwo usinga processsimilar to anisotropicdiffusion.

Figure1 illustratesour algorithm. Givenan input frame(a) andtheprecomputed
backgroundimage(b), the classicbackgroundsubtractionis to computethe residual
image(c) which is thenthresholdedto producea matte(d). Note that (d) hasmany
holeswherethe foregroundandthe backgroundaretoo similar. Onecanattemptto
“�x up” theseholesby performingmorphologicaloperationson thebinarymatteor by
blurring the residualimage(asin (e)). Unfortunately, thesead hoc methodswill in-
troduceotherproblems,producingblurry boundariesandmergingregions.Now let us
look atbackgroundsubtractionin thegradientdomain.Thebackgroundx andy gradi-
entimagesÎ x andÎ y arecomputedby takingthemedianin timeof thegradientsI x and
I y in eachframe.Then,for a givenframei , we subtractout thebackgroundgradients:
I 0

x;y = I i
x;y � Î x;y , providedthatwedon't introduceany new edges(jI i

x;y j � j Î x;y j > 0).
TheresultingI 0

x andI 0
y for framein (a) areshown on (f) and(g). Theseareonly the

gradientsbelongingto the�gure, all othergradientsin theimageareirrelevantfor our
task.Notethat theholesin (d) don't have all of their edgeslie alongthe�gure gradi-
ents,meaningthatthey have beenin�uencedby thegradientsin thebackground.Our
goal is to remove this in�uence in the imagedomainusing the foregroundinforma-
tion we obtainedin the gradientdomain. We cando this by smoothingthe original
residualimagein a way thatpreservesonly the foregroundedges.Anisotropicdiffu-
sion [16], a popularmethodfor smoothingimagesalong,but not across,boundaries,
canbemodi�ed for ourpurposes:thesmoothingproceedsontheresidualimage,while
the gradients(conductioncoef�cients) aretaken from the foregroundgradients.The
resultingresidual(h) canbecleanlythresholdedto producea muchbettermatte(i). In
fact,thresholdingat two differentdifferentvalueswill automaticallygeneratea trimap
whichonecanuseto statisticallyestimateveryaccuratevaluesfor opacity� allowing
for compositingsuchasin (j).

Of course,this approachdoesnot completelysolve the backgroundsubtraction
problem.Wehaveonly dealtwith backgroundedgesbut did nothingabouttheinternal
foregroundedges.In away, wehavereducedanarbitrarystationarybackgroundprob-
lem to a constant-valuebackgroundproblem. Our methodperformswell whenthere
aremoreedgesin thebackgroundthanin theforeground.In particular, all sequences
in this work showedquitesubstantialimprovementin performance.

3.2 FigureCentering

After �nding the�gure in eachframe,westill needto extractit for furtherprocessing.
The extractedsequenceshouldhave the �gure always in the center. We do this by
convolving the� mattewith a vertically-elongatedGaussian(roughlyat thescaleof a
person)and�nding themaximumresponsewhosecoordinatesbecomethenew center.
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Figure2: Flowchart

4 Finding Skeletons

In orderto properlymorphbetweensimilar imagesof theactorwe needto know ap-
proximatelocationsfor the body joints. The processwe usefor determiningthese
locationsis basedon matchingto exemplars. Givena largesetof framesshowing the
actorin variousposesa small setof exemplarframesis automaticallyextracted.The
joints arethenhandlabeledin theexemplarframes. In orderto �nd the locationsof
the joints in an input frame,theclosestexemplarframeis found. The joints arethen
localizedby �nding thebestmatchinglocationsfor theclosestexemplar's joints in the
input frame.

Theclosestexemplarframeis foundusinga globaldescriptionof theshapeof the
human�gure in the entire frame, while the joints are localizedusingsimilar shape
informationwhich hasbeenblurred in a novel manner. This procedureis similar in
vein to our previouswork on exemplars[15]. Themaindifferencesarethattheshape
featureusedis moreaccurate(with anincreasedcomputationalexpensefor matching)
but only computedat theexemplarjoint locations,nodeformablemodelis used,anda
singleexemplaris chosenin advanceof joint localization(to offsettheincreasein cost
of matching).

In the following sectionswe �rst describethe shapedescriptorsusedin selecting
theclosestexemplarandlocalizingthe joint positions,andthendevelopa methodfor
selectingagoodsetof exemplarsthatcanbeusedto localizejoint positionsfor a large
collectionof frames.

4.1 ShapeFeatures

Findingfeaturecorrespondancesbetweentwo imagesof anarticulatedobjectis a dif-
�cult task. Unlessthe two imagesarevery similar, simpleapperance-basedmethods
suchascornerfeaturesor optical�o w (usedin [19]) will notbeeffective,sinceapper-
anceoftenchangesdramaticallyoverasmallchangein pose.Generally, it is theglobal
shape,ratherthan local appearance,that can help us �nd correspondancesbetween
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limb joints.
This globalshapecanbecharacterizedwith half-wave recti�ed, oriented�lter re-

sponses.An exampleof theseoriented�lter responsesis shown in Figure3. An image
is �ltered with 3 oriented�lters (horizontal,vertical,and45 degrees).Theoutputsof
these�lters aresplit into positive only andnegativeonly channels,resultingin 6 �lter
responseimageswhichwill beusedto constructourshapefeatures.

The�rst, “whole body”, shapefeature,whichis usedin selectingtheclosestmatch-
ing exemplarto a given input frame,is simply these6 �lter responseimages,blurred
with aGaussian.Theexemplarframewith thehighestcorrelationwith theinput frame
in termsof this “whole body” shapefeatureis chosen.

For localizingthejoints,wedescribetheshapeatandaroundeachof thechosenex-
emplar'sjointsandthensearchtheinputframefor thelocationwherethisshapefeature
matchesbest.Oursecondshapefeature,which is usedfor this localization,is basedon
thedescriptionof Berg andMalik [3]. It takesthesesame6 �lter responsesdescribed
above, cropsthemto fairly large area(about1/3 of the imagesize)centeredaround
the joint andappliesa non-uniformgeometricblur, a spatiallyvaryingsmoothing�l-
ter that blurs the centralregion lessthanthe periphery, producinga type of �sh-eye
lenseeffect. This descriptoris quiteeffectiveat �nding approximateshapecorrespon-
danceswhile ignoring local apperancechanges,providing a roughideaof theoverall
bodycon�guration. An exampleof thelocalizationof bodyjoints usingthis matching
processis shown in Figure4.

(a) (b)

Figure3: (a) Exemplarframewith (b) thehalf-wave recti�ed �lter responsesusedin
constructingshapefeature.The�lter responsesshow 3 orientationsof �lter (horizontal,
vertical, 45 degrees),with 2 imagesfor each: half-wave recti�ed to containpositive
only or negativeonly signal.

4.2 Selectinga Setof Exemplars

The exemplarsshouldbe a setof framessuchthatany framefor which a skeletonis
requiredis similarenoughto oneof theexemplars,sothattheexemplarcanbewarped
to thatframe.Wewouldalsoliketo ensurethatthenumberof exemplarsusedis small,
asuser-interactionto supplythejoint locationsis requiredfor eachone.

We automaticallyselectexemplarswith a simple greedyalgorithm. Eachinput
frameof video is comparedto the currentsetof exemplarsusing the “whole body”
shapefeature. If the frameis further thana �x ed minimum distancefrom all of the

6



(a) (b)

Figure4: (a)Closestmatchingexemplarimage,with labeledjoint locations.(b) Novel
image,with eachjoint positionlocalizedusinggeometricblur of shapefeaturearound
joint from exemplarimage.

exemplars,thenit is addedasan exemplar. With the minimum distanceusedin ex-
perimentsa relatively small setof exemplarsis selected.As a point of reference,in
eachof thegenreswe considerin this work we usefewer than100exemplarsfor ap-
proximately20000or 30000frames.Theexemplarsextractedfor theballetdatasetare
shown in Figure5.

5 Splicing and Mor phing

The �nal synthesizedvideosthat we producewill be obtainedby splicing together
clips of theoriginal video. In orderto make the transitionsbetweenthesplicedclips
appearnaturalweensurethatthetrajectoriesof theactor's jointsaresmoothacrossthe
splicepoints. This requiresproceduresfor: (i) locatingtheactor's joints, (ii) de�ning
smoothlyvaryingjoint positionsacrossthesplicepoints,(iii) morphingtheimagesof
anactorto conformto targetjoint positions.

Simpleproceduresfor splicing, suchasa cross-fadeof framesaroundthe splice
points,would leadto noticeableartifacts.Thegoal is to infusethesplicingprocedure
with knowledgeabouthuman�gures to avoid theunnaturaleffectsof naivetechniques.

5.1 Mor phing Articulated Figures

In thissectionwedevelopthenotionof a“kinematicallycorrect”morphof animageof
ahuman�gure. Givenjoint positionsonahuman�gure in theimageplaneandasetof
targetjoint positions,wemorphtheimagesuchthatthejoint positionsaremovedto the
desiredtagetpositions.Figure6 showsanexampleof thismorphing,andacomparison
to othernaive techniques.
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Figure5: Exemplarsfor balletdataset.These96 exemplarframeswereautomatically
extractedfrom the input videosequence.Humanbody joint locationsweremanually
markedontheseexemplarframes,andthenusedto automaticallydetectjoint locations
in therestof thevideosequence.

Weperformthismorphingin the2dimageplane.Themodelweuseis a“cardboard
person”model(Figure7) consistingof a torsoregion andeighthalf-limbs(upperand
lower armsandlegs). Eachhalf-limb has2 degreesof freedom.Jointsareallowedto
rotatein 2d, andeachhalf-limb maybescaledin length. Jointanglesfor elbows and
kneesaremeasuredwith respectto the adjacenthands/feetandshoulders/hips.Joint
anglesfor shouldersandhipsaremeasuredwith respectto theadjacentelbow/knee,and
theshoulder/hipon thesamesideof thebody. Notethat therearesingularitiesin this
representation,for examplewhena standinghumanis viewed from above, however,
they donotappearin thesequencesweareinterestedin.
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(a) (b) (c)

(d) (e) (f)

(g)

Figure6: Morphingarticulated�gures. (a,c)Original frames.(b) Syntheticmorphed
frame halfway (in body parameters)betweenoriginal frames. (d,f) Skeletonsfrom
original frames. (e) Target skeletonfor morphedframe(b). (g) Cross-fadebetween
original frames.

Given an imageI of a human�gure with joint positions� (I ), and target joint
positions� (T ), we constructa morphedimagewith the humanin I in con�guration
speci�ed by � (T ). We start by assigningforegroundpixels in I as belongingto a
particularhalf-limb or thetorso.This is accomplishedby measuringshortestdistance
to bone-lineof limbs. The torsowarp is thenmodeledasa thin platespline[4] de-
formationusingthe shouldersandhips ascontrol points. This warp is appliedto all
foregroundpixels belongingto the torso. Next, eachlimb is deformedto matchthe
parametersin � (T ). The translationof the shoulderjoint underthe thin platespline
torsowarpis appliedto all pixelson thelimb. Then,thecorrectrotationandscalingis
appliedto all foregroundpixelsin theupperhalf-limb. Lowerhalf-limbsaredeformed
in �rst by thetransformationof theupperlimb, andthentheirown rotationandscaling.

After all foregroundpixelshavebeendeformed,interpolationis usedto getvalues
of pixelsin themorphedimage.
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q1

2q2l

l 1

Figure7: Torsoandonelimb of thecardboardpersonmodel.A human�gure is mod-
elledasa torsoregion alongwith 8 half-limbs(upperandlower armsandlegs). Each
half-limb has2 degreesof freedom,allowing for variationin 2dangleandin 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
changein theactor's joints. Skeletonsareextractedfor theframesoneithersideof the
splicepoint. Wethenperforma linearblendof theparametersof ourcardboardperson
modelacrossthesplicepoint. Theseblendedparametervaluesbecomethetargetjoint
positionsfor usein themorphingprocedure.

In concreteterms,supposesequencesof framesS = f s1; s2; :::; sn g and R =
f r1; r2; :::; r k g, with sn andr1 determinedto correspondingframes,areto bespliced
together. Thena new sequenceQ will becreated,consistingof frames:

Q = f s1; s2; :::; sn � w � 1; m� w ; :::; mw ; rw+1 ; :::; r k g

Them i arethemorphedframescreatedusingtheproceduredescribedabove. For
valuesof i lessthan or equal to zero, a frame from S is usedas the sourceof the
morphing,otherwise,a framefrom R. The targetparameters� (m i ) for themorphed
framesaregivenby thelinearblending:

� (m i ) = � (q) � sgn(i ) �
w � ji j

2w
� (� (r1) � � (sn ))

whereq =
�

sn + i if i � 0
r i otherwise

Theparameterw controlsthewidth of themorphingwindow. In our experiments
w wassetto 2. Thelinearblendingprocessis illustratedin Figure8.

6 Motion Graph

We organizeframesin a motion graph similar to that usedby Arikan and Forsyth.
In our graph,a noden i is a contiguoussequenceof framesfrom the original video
consistinglargely of a singleactionai . Thereis a directededgee = < f i ; f j ; cij >
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Figure 8: Linear interpolationof limb parameters.Blue curvesdenotesingle joint
parametervaluesover time for two sequencesto besplicedtogether. Dashedredcurve
shows linearlyblendedvaluesusedastargetparametersfor morphing.

betweennodesn i andn j if it is possibleto splicetogetherthe two sequences.Each
edgestoresf i and f j , the framesat which the splicing occurs,andcij , the cost of
makingthis transition.Thefollowing sectionsdescribehow we constructthis motion
graph.

Beforedelvingfurther into thedetailsof constructingthegraph,it is worth noting
acoupleof high level points.First is thatthegraphsweconstructwill besparselycon-
nected.Unlike motioncapture,we do not have accessto 3d joint positions.Realistic
morphingof 2dimagesis moredif�cult andrequiresapairof imagesto berathersimi-
lar in orderto succeed.Transitionsarerarer, andassuchthegraphrepresentationwith
blocksof framesconnectedby anexplicit setof transitionpointsis ausefulabstraction.

Second,empirically we found de�ning a “single action” ai as a conjunctionof
“half-actions”,suchas“move left - to - begin forehand”in tennis,to beadvantageous.
At �rst glancethisdistinctionappearsratherarbitrary, but thereis anintuitiveexplana-
tion why this yieldsbetterresults.

Considertwo possibilitiesfor the action following “move left”: “forehand” and
“moveright”. Theportionof motionat theendof the“moveleft” will beratherdiffer-
entin thetwo cases.In theformer, theplayerwill likely beturninghisupperbodyand
releasingthegrip of his left handon theracket in preparationfor thecomingforehand.
In the latter, the player's �nal stepto the left will be quite differentashe gathershis
weightontohis right foot andpreparesto pushhimselfin theoppositedirection.

However, the“middle” of actions,suchasforehandstrokes,aremorelikely to be
similar irrespective of thepreceedingaction. De�ning our nodesto explicitly contain
the transitionalperiodsbetweensemanticactions,andsearchingfor splicepoints in
themiddleof actionsleadsto morerealisticsyntheticvideos.Notethatwith A unary
actionlabels,takingconjunctionsof actionsleadsto at worstA2 differentnodetypes
in our graph. However, in practicetherewill not be that many sincethe majority of
theseconjunctionsarenotpossible.

6.1 Finding nodes

We �nd nodesfor themotiongraphby 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 thesame
personandthelabellingis veryeasy:oneonly needsto specifythestartandendframes
of theclip andtheactionlabel. Now, we needto automatically�nd similar actionsin
thenovel footage.This is anactionrecognitionproblemandherewe usethemethod
of [8] for describingandcomparingactionsbasedon motion features.Thesemotion
featuresdescribethecoarsemotionovera givenspatio-temporalextentandis, in fact,
very similar to theshapefeatureusedearlier, exceptthat frame-to-frameoptical �o w
is usedasthebasicmeasurementinsteadof imagegradients.

Figure9 illustratesthe searchprocess.We startby computinga frame-to-frame
similarity matrix betweeneachof our handlabeledsequencesand the block of the
footagewe wish to searchfor clips. Entry (i; j ) in eachsimilarity matrix Wk contains
thecorrelationof motion featurescomputedon framei of thehandlabeledsequence
andframej of the unclassi�edfootage.This similarity matrix is blurredby �ltering
with theblurry I (see[8] for details).Next, weperformaversionof aHoughtransform.
We tranformthematrixWk into a vectorH k :

H k (j ) = max
i = � N

2 ;::: ; N
2

Wk (N=2 + i; i + j )

EachH k (j ) representsthemaximumvalueontheline of slope� 1 passingthrough
( N

2 ; j ), whereN is the lengthof the labeledsequence.Intuitively, the entriesin Wk

“vote” for thecenterof thelabeledsequencein thenovel sequence.
We performthis voting procedurecomparingall of the labeledsequencesagainst

the novel sequenceto obtain a collection of vectorsH k . Nodesare extractedin a
greedyfashionusingthesevectors.At eachstepwe constructa nodecenteredaround
thepositionof maximumvaluein thesetof vectors.Thenodeinheritstheactionlabel
andtemporalextentof thematchedsequence– i.e. whoseH k containedthatmaximal
value.New nodesmustnotoverlapmorethan30%with previousnodes,andmusthave
motionsimilarity abovea �x edthreshold.

6.2 Finding Edges

In order to obtain smoothsynthesizedsequences,we must only placeedgesin our
graphbetweenverysimilar frames.In addition,weonly allow incomingedgesto goto
the�rst third, andoutgoingedgesto leave thelatterthird of theframesin anode.This
restrictionensuresthatasimplequeryprocedurewill allow for reasonablecontrolover
theanimation.

We usethemotion andshapedescriptorsto determinewhethera transitionexists
betweenapairof frames.Sinceshapeandmotionneedonly beconsistentlocally when
splicing togetherclips, we usea small 5-by-5 identity matrix for the �ltering kernel.
If thresholds(0.93 for shape,0.4 for motion in both experiments)for similarity are
exceeded,anedgeis addedbetweena pair of nodes.Thecoston anedgeis setasthe
negativeof theshapesimilarity betweenthetwo framesit connects.
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(a) (b)

(c) (d)

Figure9: Classi�cationof sequences.(a)Frame-to-framesimilarity betweennovel se-
quence(horizontalaxis) andonelabeledsequence(verticalaxis). Redvaluesdenote
high similarity. (b) Blurredsimilarity matrix. (c) Houghtransformof singlesimilar-
ity matrix, plot of j vs. H k (j ). H k (j ) is maximumvaluesalonglines with slope-1
throughcenterrow of similarity matrix,“votes”for centerof labeledsequencein novel
sequence.(d) Houghtransformsof comparisonsto collectionof labeledsequences.
Classi�cationschemechoosessetof nodesfrom thiscollectionvia non-maximumsup-
pression.

6.3 Querying the Motion Graph

We have constructeda motion graphwherethenodesaresingleactionclips, andthe
edgesaretransitionsbetweenthem.Now, wecancreateanovel videocorrespondingto
a particularsequenceof actions(suchas“backhandstroke”, “move left”, “lob stroke”
in a graphof tennisactions)by �nding a pathin thegraphpassingthroughthecorrect
typesof nodes1.

Givena user-speci�ed sequenceof actionsto perform,we �nd thesequencewith
minimum cost transtionssatisfyingthe desiredsequenceof actions. Sinceall con-
straintsare local, we can �nd this bestsequenceusingdynamicprogramming.The
searchtakesO(n2m) time, wheren is thenumberof nodesin thegraphandm is the
length(in numberof actions)of thedesiredsequence.

This motiongraphallows for intuitive synthesisof new sequences,but lackssome
controlover theresultingsequence.Previouswork [1, 11] hasshown how, givensuf�-
cientannotations,onecouldperformmorecomplicatedqueriesin sucha graph.

1De�ning nodesto bepairsof half-actionsdoesnotaddany complexity to thisprocess.
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Figure10: Action labelsfor (a)balletand(b) tennisdatasets.

7 Experiments

We appliedour methodto two domains,balletandtennis.For eachdomainwe �lmed
anamateurperformingafew repetitionsof looselyscriptedactions.Figure10givesthe
list of theunaryactiontypes. In theballetdatasetwe chose11 actions(leadingto 47
half-actionpairs),eachof which wasperformed5-10times. A total of 27148frames
of balletvideowererecorded.For thetennisdatasetwe chose8 actions(leadingto 19
half-actionpairs). Eachof theseactionswasperformednumeroustimes,particularly
theforehand/backhandswings,andthemovementactions.A total of 18845framesof
tennisvideowererecorded.

In theballetdataset453nodesand8022edgesbetweenthemwereextractedusing
thealgorithmsin Section6. In the tennisdataset347nodesand1111edgesbetween
themwereextracted.

Syntheticsequencesweregeneratedby performingaction-level querieson themo-
tion graph. Sampleframesfrom thesesyntheticsequencescanbe seenin Figures11
and 12.

8 Conclusion

In thispaperwehavepresentedamethodfor creatingsyntheticvideosof humanmotion
by splicing togetherclips of existing footage. The key componentsof our method
areusingactivity recognitionto selectappropriateclips of motion to renderandan
algorithmfor kinematicallycorrectmorphingof human�gures which is usedto splice
theclips together.

Ourmethodproducesreasonablequalityvideos,but noticeableartifactsdoremain.
Thebackgroundsubtractionalgorithmhaslimitations. Thesecouldberemediedwith
userinteraction,or the useof a “blue screen”in a studioenvironment. The largest
problemis thatthegoalof smoothtransitionsbetweenclips of original footageacross
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Figure 11: Exampleframesfrom syntheticballet video. Frames1,2 and 8 contain
unmorphedactorfrom original video,simply translatedacrossthe frame. Thenext 5
framesshow anexampleof a transition.Thesemorphedframessmoothlyvary across
thethesplicepoint, frame5.

Figure12: Exampleframesfrom synthetictennisvideo. As before,frames1,2 and8
containunmorphedactorfrom original video,simply translatedacrosstheframe.The
next 5 framesshow anexampleof a transition.Thesemorphedframessmoothlyvary
acrossthethesplicepoint, frame5.
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splicepointsremainselusive. A numberof poorquality transitionsexist in thevideo
results,particularly in the ballet sequencewhen the �gure is stationary. Transition
points(edgesin themotiongraph)areplacedat locationswherethehuman�gures are
similar in termsof shapeandmotion.However, thesearenot necessarilythelocations
atwhichthesplicingandmorphingalgorithmswill produceaconvincingoutputvideo.
In particular, if thehuman�gure is stationarythevieweris muchlessforgivingof small
artifactsand jumps in the video. Moreover, the morphingalgorithm is much more
successfulwhenthe human�gure is in certainbody con�gurations. Whenthe limbs
arecrossedor otherwiseoccludingeachother, the morphingis muchmoredif�cult.
Thecurrentmeasureusedto determinetransitionpointsshouldbe improvedin future
work. Actual information aboutthe body joint locationsand overall motion of the
human�gure shouldbeusedin moreelaboratemanner.
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