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Abstract
Thispaperdescribesa systemthat canannotatea videosequencewith:
a descriptionof theappearanceof each actor; whentheactor is in view;
anda representationof theactor'sactivitywhilein view. Thesystemdoes
not require a �xed background,and is automatic.Thesystemworksby
(1) tracking peoplein 2D and then,usingan annotatedmotioncapture
dataset,(2) synthesizinganannotated3D motionsequencematching the
2D tracks. The3D motioncapture data is manuallyannotatedoff-line
usinga classstructure that describeseverydaymotionsandallowsmo-
tion annotationsto be composed— one may jump while running, for
example. Descriptionscomputedfrom videoof real motionsshowthat
themethodis accurate.

1. Intr oduction
It would beusefulto have a systemthatcould take largevolumesof videodataof people
engagedin everydayactivities andproduceannotationsof thatdatawith statementsabout
theactivitiesof theactors.Applicationsdemandthatanannotationsystem:is wholly auto-
matic;canoperatelargely independentof assumptionsaboutthebackgroundor thenumber
of actors;candescribeawide rangeof everydaymovements;doesnot fail catastrophically
whenit encountersanunfamiliar motion;andallows easyrevision of themotiondescrip-
tionsthatit uses.Wedescribeasystemthatlargelyhastheseproperties.Wetrack multiple
�gures in video dataautomatically. We thensynthesize3D motion sequencesmatching
our 2D tracksusinga collectionof annotatedmotioncapturedata,andthenapply thean-
notationsof thesynthesizedsequenceto thevideo.

Previous work is extensive, asclassifyinghumanmotionsfrom someinput is a matterof
obviousimportance.Spacedoesnotallow afull review of theliterature;see[1, 5, 4, 9, 13].
Becausepeopledonotchangein appearancefrom frameto frame,apracticalstrategy is to
clusteranappearancemodelfor eachpossiblepersonover thesequence,andthenusethese
modelsto drive detection.This yieldsa tracker that is capableof meetingall our criteria,
describedin greaterdetailin [14]; weusedthetrackerof thatpaper. LeventonandFreeman
show thattrackscanbesigni�cantly improvedby comparisonwith humanmotion[12].

Describingmotion is subtle,becausewe requirea setof categoriesinto which themotion
canbeclassi�ed; exceptin thecaseof speci�c activities, thereis no known naturalsetof
categories.Specialcasesincludeballetandaerobicmoves,whichhaveaclearlyestablished
categorical structure[5, 6]. In our opinion, it is dif�cult to establisha canonicalset of
humanmotioncategories,andmorepracticalto produceasystemthatallowseasyrevision
of thecategories(section2).

Figure1 showsanoverview of ourapproachto activity recognition.Weuse3 corecompo-
nents;annotation,tracking,andmotionsynthesis.Initially, auserlabelsacollectionof 3D
motioncaptureframeswith annotations(section2). Givena new videosequenceto anno-
tate,we usea kinematictracker to obtain2D tracksof each�gure in sequence(section3).
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Figure 1: Our annotationsystemconsistsof 3 main components;annotation,tracking,
and motionsynthesis(the shadednodes). A user initially labelsa collectionof 3D mo-
tion capture frameswith annotations.Givena new videosequenceto annotate, weusea
kinematictracker to obtain2D tracksof each �gur e in sequence. We thensynthesize3D
motionsequenceswhich look like the2D tracksby lifting tracksto 3D andmatching them
to our annotatedmotioncapture library. We acceptthe annotationsassociatedwith the
synthesized3D motionsequenceasannotationsfor theunderlyingvideosequence.

We thensynthesize3D motion sequenceswhich look like the 2D tracksby lifting tracks
to 3D andmatchingthemto our annotatedmotioncapturelibrary (section4). We �nally
smooththe annotationsassociatedwith the synthesized3D motion sequence(section5),
acceptingthemasannotationsfor theunderlyingvideosequence.

2. Obtaining Annotated Data

We have annotateda body of motion datawith an annotationsystem,describedin detail
in [3]; we repeatsomeinformationherefor theconvenienceof thereader.

Thereis no reasonto believe thata canonicalannotationvocabulary is availablefor every-
daymotion,meaningthatthesystemof annotationshouldbe�e xible. Annotationsshould
allow for compositionasonecanwave while walk ing, for example.We achieve this by
representingeachseparateterm in the vocabulary asa bit in a bit string. Our annotation
systemattachesabit stringto eachframeof motion.Eachbit in thestringrepresentsanno-
tationwith aparticularelementof thevocabulary, meaningthatelementsof thevocabulary
canbecomposedarbitrarily.

Actualannotationis simpli�ed by usinganapproachwheretheuserbootstrapsaclassi�er.
OneSVM classi�er is learnedfor eachelementof the vocabulary. The userannotatesa
seriesof exampleframesby handby selectinga sequencefrom the motion collection; a
classi�er is thenlearnedfrom theseexamples,andthe userreviews the resultingannota-
tions. If they arenot acceptable,theuserrevisestheannotationsat will, andthenre-learns
aclassi�er. Eachclassi�er is learnedindependently. Theclassi�er itself usesa radialbasis
functionkernel,andusesthejoint positionsfor onesecondof motioncenteredat theframe
beingclassi�ed asa featurevector. Sincethe motion is sampledin time, eachjoint has
a discrete3D trajectoryin spacefor the secondof motion centeredat the frame. In our
implementation,we useda public domainSVM library (libsvm [7]). Theout of margin
costfor theSVM is kepthighto forceagood�t within thecapabilitiesof thebasisfunction
approximation.

Our reference collection consists of a total of 7 minutes of motion cap-
ture data. The vocabulary that we chose to annotate this database con-
sisted of: run, walk, wave, jump, turn left, turn right, catch,
reach, carry, backwards, crouch, stand, andpick up. Someof these
annotationsco-occur: turn left while walk ing, or catch while jump ing and
run ning. Our approachadmitsany combinationof annotations,thoughsomecombina-
tionsmaynot beusedin practice:for example,we can't conceive of a motionthatshould
beannotatedwith bothstand andrun . A differentchoiceof vocabularywouldbeappro-
priatefor differentcollections.Theannotationsarenot requiredto becanonical.We have
veri�ed thataconsistentsetof annotationsto describeamotionsetcanbepickedby asking
peopleoutsideour researchgroupto annotatethesamedatabaseandcomparingannotation
results.



3. Kinematic Tracking
We usethe tracker of [14], which is describedin greaterdetail in that paper. We repeat
someinformationherefor the convenienceof the reader. The tracker works by building
anappearancemodelof putative actors,detectinginstancesof thatmodel,andlinking the
instancesacrosstime.

The appearancemodel approximatesa view of the body as a puppetbuilt of colored,
textured rectangles.The model is built by applyingdetunedbody segmentdetectorsto
someor all framesin a sequence.Thesedetectorsrespondto roughly parallel contrast
energiesat a setof �x edscales(onefor thetorsoandonefor othersegments).A detector
responseat a given positionandorientationsuggeststhat theremay be a rectanglethere.
For the framesthat are usedto build the model, we cluster togethersegmentsthat are
suf�ciently closein appearance— asencodedby a patchof pixelswithin thesegment—
andappearin multiple frameswithout violating upperboundson velocity. Clustersthat
containsegmentsthatdonotmoveatany pointof thesequencearethenrejected.Thenext
stepis to build assembliesof segmentsthat lie togetherlike a body puppet. The torsois
usedasaroot,becauseourtorsodetectoris quitereliable.Onethenlooksfor segmentsthat
lie closeto thetorsoin multiple framesto form armandleg segments.Thisproceduredoes
not requirea reliableinitial segmentdetector, becauseweareusingmany framesto build a
model— if asegmentis missedin afew frames,it canbefoundin others.Wearecurrently
assumingthat eachindividual is differently dressed,so that the numberof individuals is
thenumberof distinctappearancemodels.Detectingthelearnedappearancemodelin the
sequenceof framesis straightforward [8].

4. 3D Motion Synthesis
Oncethe2D con�gurationof actorshasbeenidenti�ed, we needto synthesizea sequence
of 3D con�gurationsmatchingthe2D reports.Maintaininga degreeof smoothness— i.e.
ensuringthatnotonly is a3D representationagoodmatchto the2D con�guration,but also
links well to thepreviousandfuture3D representations— is a neededbecausetheimage
detectionis not perfect. We assumethat cameramotion canbe recoveredfrom a video
sequenceandsowe needonly to recover theposeof theroot of thebodymodel— in our
case,thetorso— with respectto thecamera.

RepresentingBody Con�guration: Weassumethecamerais orthographicandis oriented
with the y axis perpendicularto the groundplane,by far the mostimportantcase.From
the puppetwe cancompute2D positionsfor variouskey pointson the body (we usethe
left-right shoulder, elbow, wrist, knee,ankleandtheupper& lower torso). We represent
the2D key pointswith respectto a2D torsocoordinateframe.Weanalogouslyconvert the
motioncapturedatato 3D key pointsrepresentedwith respectto the3D torsocoordinate
frame.

We assumethatall peoplearewithin an isotropicscalingof oneanother. This meansthat
the scalingof the body canbe folded in with the camerascale,and the overall scaleis
be estimatedusingcorrespondinglimb lengthsin lateral views (which canbe identi�ed
becausethey maximizethelimb lengths).This strategy would probablyleadto dif�culties
if, for example,themotioncapturedatacamefrom anindividualwith ashorttorsoandlong
arms;thetendency of ratiosof bodysegmentlengthsto vary from individual to individual
andwith ageis a known, but not well understood,sourceof troublein studiesof human
motion[10].

Ourmotioncapturedatabaseis too largefor usto useevery framein thematchingprocess.
Furthermore,many motion fragmentsaresimilar — thereis an awful lot of running—
so we vector quantizethe 11,000framesdown to k = 300 framesby clusteringwith
k-meansandretainingonly the clustermedoids.Our distancemetric is a weightedsum
of differencesbetween3D key point positions,velocities,and accelerations([2] found
this metric suf�cient to ensuresmoothmotion synthesis). The motion capturedataare
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Figure2: In (a), thevariablesunderdiscussionin camera inference. M is a representation
of �gur e in 3D with respectto its root coordinateframe, m is thepartially observedvector
of 2D key points,t is theknowncamera positionandT is thepositionof therootof the3D
�gur e. In (b) a camera modelfor framei where2D keypointsaredependenton thecamera
position,3D �gur e con�guration, and the root of the 3D �gur e. A simpli�ed undirected
model in (c) is obtainedby marginalizing out the observedvariablesyielding a single
potentialon M i andT i . In (d), thefactorial hiddenMarkov modelobtainedby extending
the undirectedmodelacross time. As we showin the text, it is unwiseto yield to the
temptationto cut links betweenT's (or M 's) to obtaina simpli�ed model. However, our
FHMM is tractable, andyieldsthetriangulatedmodelin (e).

representedat thesameframerateasthevideo,to ensureconsistentvelocityestimates.

Modeling Root Con�guration: Figure2 illustratesour variables.For a given frame,we
have unknownsM , a vectorof 3D key pointsandT, the3D global root position. Known
arem, the(partially) observedvectorof 2D key points,andt, theknown cameraposition.
In practice,wedonotneedto modelthetranslationsfor the3D root(whichis thetorso);our
tracker reportsthe(x; y) imagepositionfor thetorso,andwe simply acceptthesereports.
This meansthatT reducesto a singlescalarrepresentingtheorientationof thetorsoalong
thegroundplane.Therelativeoutof imageplanemovementof thetorso(in thez direction)
canbe recoveredfrom the �nal inferredM andT valuesby integration— onesumsthe
outof planevelocitiesof therotatedmotioncaptureframes.

Figure 2 shows the directedgraphicalmodel linking thesevariablesfor a single frame.
This modelcanbeconvertedto anundirectedmodel— alsoshown in the�gure — where
the observed 2D key pointsspecifya potentialbetweenM i andTi . Write the potential
for the i th frameas  viewi (M i ; Ti ). We wish to minimize imageerror, so it is natural
to usebackprojectionerror for thepotential.This meansthat  viewi (M i ; Ti ) is themean
squarederror betweenthe visible 2D key pointsm i andthe corresponding3D keypoints
M i renderedatorientationTi . To handleleft-right ambiguities,wetaketheminimumerror
over all left-right assignments.To incorporatehigher-orderdynamicinformationsuchas
velocitiesandaccelerations,we addkeypointsfrom the two precedingandtwo following
frameswhencomputingthemeansquarederror.

We quantizethe torsoorientationTi into a total of c = 20 values. This meansthat the
potential viewi (M i ; Ti ) is representedby a c � k table(recall thatk is the total number
of motioncapturemedoidsused,section4).

Wemustalsode�ne apotentiallinking bodycon�gurationsin time,representingtheconti-
nuity costof placingonemotionafteranother. Wewrite thispotentialas link(M i ; M i +1 ).
This is a k � k table,andwe setthe(i , j )' th entryof this tableto bethedistancebetween
thej ' th medoidandtheframefollowing thei ' th medoid,usingthemetricusedfor vector
quantizingthemotioncapturedataset(section4).

Inferring Root Con�guration: The modelof �gure 2-(d) is known asa factorial hid-
denMarkov model(FHMM) whereobservationshave beenmarginalizedout andis quite
tractable.Exact inferencerequirestriangulatingthe graph(�gure 2-(e)) to make explicit
additionalprobabilisticdependencies[11].Themaximumcliquesizeis now 3, makingin-
ferenceO(k2cN) (whereN is thenumberof total frames).Furthermore,thetriangulation
allowsusto explicitly de�ne thepotential torso(M i ; Ti ; Ti +1 ) to capturethedependency
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Figure3: Unfamiliar con�gurationscaneitherbeannotatedwith 'null' or with theclosest
match. We showsmoothedannotationresultsfor a sequenceof jumpingjacks(sometimes
knownas star jumps)from two such annotationsystems.In the top row, we showthe
sametwo framesrun througheach system.TheMAP reconstructionof the human�gur e
obtainedfrom the tracking data hasbeenreprojectedback to the image, usingthe MAP
estimateof camera con�guration. In the bottom,we showsignalsrepresentingannota-
tion bits over time. Themanualannotatorrecordswhetheror not the�gur e is present ,
front face ing, in a closed stance, and/or in an extended stance. Theautomatic
annotationconsistsof a total of 16bits; present , front face ing, plusthe13bitsfrom
theannotationvocabulary of Sec.2.In �r st dottedline, correspondingto theimage above
it, the manualannotatorassertsthe �gur e is present , frontally face ing, and about
to reach theextend edstance. Theautomaticannotatorassertsthe �gur e is present ,
frontally face ing, andwalk ing andwaveing, andis not stand ing, not jump ing, etc.
Theannotationsfor both systemsare reasonablegiven thereareno correspondingcate-
goriesavailable(this is like describinga movementthat is totally unfamiliar). On theleft,
we freelyallow 'null' annotations(where no annotationbit is set). On the right , wedis-
courage 'null' annotationsasdescribedin Sec.6.Con�gurationsneartheclosed stance
arenowlabeledasstand ing, a reasonableapproximation.

of torsoangularvelocity on the given motion. For example,we expectthe torsoangular
velocity of a turningmotion frameto bedifferentfrom a walking forward frame. We set
a given entry of this table to be the squarederror betweenthe sampledangularvelocity
(Ti +1 � Ti , shiftedto lie between� � : : : � ) andthe actualtorsoangularvelocity of the
medoidM i .

We scalethe  viewi (M i ; Ti ),  link(M i ; M i +1 ), and torso(M i ; Ti ; Ti +1 ) potentialsby
empiricallydeterminedvaluesto yield satisfactoryresults.Thesescalefactorsareweight
the degreeto which the �nal 3D track shouldbe continuousversusthe degreeto which
it shouldmatchthe 2D data. In principle, theseweightscould be setoptimally by a de-
tailed studyof the propertiesof our tracker, but we have found it simplerto setthemby
experiment.

We �nd themaximuma posteriori (MAP) estimateof M i andTi by a variantof dynamic
programmingde�ned for clique trees[11]. Sincewe implicitly usednegative log likeli-
hoodsto de�ne thepotentials(thesquarederrorterms),weusedthemin-sumvariantof the
max-productalgorithm.

PossibleVariants: Onemight chooseto not enforceconsistency in theroot orientationTi
betweenframes.By breakingthe links betweentheTi variablesin �gure 2-(a),we could
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Figure4: We showannotationresultsfor a walking sequencefrom threeversionsof our
systemusingthenotationof Fig.3. Null matchesare allowed.On theleft, weinfer the3D
con�guration M i (andassociatedannotation)independentlyfor each frame, asdiscussed
in Sec.4.In thecenter, wemodeltemporal dependencieswheninferring M i andits corre-
spondingannotation.Ontheright , wesmooththeannotations,asdiscussedin Sec.5.Each
image is labeledwith an arrow pointing in the directionthe inferred �gur e is facing, not
moving. By modelingcamera dependencies,weare ableto �x incorrecttorsoorientations
presentin theleft system(i.e., the�r st imageframeandtheautomaticleft face ing and
right face ing annotationbits). By smoothingtheannotations,weeliminatespurious
stand 's presentin the center. Althoughthe smoothingsystemcorrectly annotatesthe
last image framewith backward , theoccludedarm incorrectly triggers a wave, by the
mechanismdescribedin Sec.5.

reduceour model to a treeandmake inferenceeven simpler— we now have an HMM.
However, this is simplicity at the costof wastingan importantconstraint— the camera
doesnot �ip aroundthe body from frame to frame. This constraintis useful, because
our current imagerepresentationprovides very little information about the direction of
movementin somecases.In particular, in a lateralview of a �gure in thestancephaseof
walking it is very dif�cult to tell which way theactoris facingwithout referenceto other
frames— whereit may not be ambiguous.We have found that if onedoesbreakthese
links, thereconstructionregularly �ips directionaroundsuchframes.

5. Reporting Annotations

We now have MAP estimatesof the 3D con�guration f M̂ i g andorientationf T̂i g of the
bodyfor eachframe.Thesimplestmethodfor reportingannotationsis to produceananno-
tationthatis somefunctionof f M̂ i g. Recallthatf M̂ i g is oneof themedoidsproducedby
ourclusteringprocess(section4). It representsaclusterof frames,all of whicharesimilar.
We couldnow reporteithertheannotationof themedoid,theannotationthatappearsmost
frequentlyin thecluster, theannotationof theclusterelementthatmatchestheimagebest,
or thefrequency of annotationsacrossthecluster.

The fourth alternative producesresultsthat may be useful for somekinds of decision-
making,but areverydif�cult to interpretdirectly— eachframegeneratesaposteriorprob-
ability over theannotationvocabulary— andwedonotdiscussit furtherhere.Eachof the
�rst threetendsto producechoppy annotationstreams(�gure 4, center).This is because
we have vectorquantizedthemotioncaptureframes,meaningthat  link(M i ; M i +1 ) is a
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Figure5: Smoothedannotationsof 3 �gur esfroma videosequenceof thethreepassinga
ball back andforth usingtheconventionsof �gur e3. Null matchesareallowed.Thedashed
vertical linesindicateannotationscorrespondingto theframesshown.Theautomatican-
notationsare largely accurate: the �gur es are correctly identi�ed, and the direction in
which the �gur esare facing are largely correct. There is someconfusionbetweenrun
andwalk , andthrowsappearto beidenti�ed aswaves andreach es. Generally, when
the �gur e hasthe ball (after catch ing and before throw ing, as denotedin the manual
annotations),he is annotatedas carry ing, thoughthere is somefalsedetection.There
arenospuriouscrouch es,turn s,etc.
fairly roughapproximationof asmoothnessconstraint(becausesomeframesin onecluster
might link well to someframesin anotherandbadly to othersin that samecluster). An
alternative is to smooththeannotationstream.

SmoothingAnnotations: Recallthatwehave13termsin ourannotationvocabulary, each
of which canbeon or off for any givenframe.Of the213 possiblebit strings,we observe
a total of 32 in our setof motions. Clearly, we cannotsmoothannotationbits directly,
becausewe might very likely createbit stringsthat never occur. Instead,we regard each
observedannotationstringasacodeword.

Wecanmodelthetemporaldynamicsof codewordsandtheirquantizedobservationsusing
a standardHMM. The hiddenstateis the codeword, taking on one of l (= 32) values,
while the observed stateis the cluster, taking on oneof k (= 300) values. This model is
de�ned by a l � l matrix representingcodeword dynamicsanda l � k matrix representing
thequantizedobservation. Note that this modelis fully observed in the11,000framesof
the motion database;we know the true codeword for eachmotion frameandthe cluster
to which the framebelongs. Hencewe can learnboth matricesthroughstraightforward
multinomialestimation.Wenow applythismodelto theMAP estimateof f M̂ i g, inferring
a sequenceof annotationcodewords(which we canlaterexpandbackinto annotationbit
vectors).

Occlusion:Whena limb is notdetectedby thetracker, thecon�gurationof thatlimb is not
scoredin evaluatingthepotential.In turn, thismeansthatthebestcon�gurationconsistent
with all elsedetectedis used,in this casewith the �gure waving (�gure 4). In an ideal
closedworld, we canassumethe limb is missingbecauseits not there;in practice,it may
bedueto adetectorfailure.Thismakesemploying “negative evidence”dif�cult.

6. Experimental Results
It is dif�cult to evaluateresultssimply by recordingdetectioninformation(sayan ROC
for events).Furthermore,thereis no meaningfulstandardagainstwhich onecancompare.
Instead,we lay out a comparisonbetweenhumanandautomaticannotations,asin Fig.3,
which shows annotationresultsfor a 91 framejumpingjack (or starjump) sequence.The



top4 lowercaseannotationsarehand-labeledovertheentire91framesequence.Generally,
automaticannotationis successful:the�gure is detectedcorrectly, orientedcorrectly(this
is recoveredfrom the torsoorientationestimatesTi ), and the descriptionof the �gure' s
activities is largelycorrect.

Fig.4comparesthreeversionsof our systemon a 288framesequenceof a �gure walking
backand forth. Comparingthe annotationson the left (wherecon�gurationshave been
inferredwithout temporaldependency) with thecenter(with temporarydependency), we
seetemporaldependency in inferred con�gurations is important,becauseotherwisethe
�gure canchangedirectionquickly, particularlyduring lateralviews of the stancephase
of a walk (section4). Comparingthecenterannotationswith thoseon theright (smoothed
with our HMM) shows that annotationsmoothingmakes it possibleto remove spurious
jump , reach , andstand labels— thelabeldynamicsarewrong.

We show smoothedannotationsfor three�gures from onesequencepassinga ball back
andforth in Fig.5; the sequencecontainsa lot of fastmovement. Eachactoris correctly
detected,andthesystemproduceslargelycorrectdescriptionsof theactor'sorientationand
actions.Theinferenceprocedureinterpretsarunasacombinationof run andwalk . Quite
often,thewalk annotationwill �re asthe�gure slows down to turn from face right
to face left or vice versa.Whenthe �gures usetheir armsto catchor throw, we see
increasedactivity for thesimilarannotationsof catch , wave, andreach .

Whena novel motion is encountered,we want the systemto either respondby (1) rec-
ognizingit cannotannotatethis sequence,or (2) annotateit with thebestmatchpossible.
We can implement(2) by adjustingthe parametersfor our smoothingHMM so that the
'null' codeword (all annotationbits beingoff) is unlikely. In Fig.3,system(1) respondsto
a jumpingjack sequence(starjump, in somecircles)with a combinationof walk ing and
jumping while waveing. In system(2), we seeanadditionalstanding annotationfor
whenthe�gure is neartheclose d stance.
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