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: _ Abstract _ _
This paperdescribesa systenthat canannotatea videosequencavith:
a descriptionof theappeaanceof ead actor; whentheactoris in view;
andarepresentatiorof theactor'sactivitywhilein view. Thesystendoes
notrequire a xed badground,andis automatic. The systemworksby
(1) tracking peoplein 2D andthen,usingan annotatedmotioncaptue
dataset(2) synthesizingn annotated3D motionsequencenatdingthe
2D tracks. The 3D motioncaptue datais manuallyannotatedoff-line
usinga classstructue that describeseverydaymotionsand allows mo-
tion annotationsto be composed— one may jump while running for
example Descriptionscomputedrom video of real motionsshowthat
themethods accumate

1. Intr oduction
It would be usefulto have a systemthat could take large volumesof video dataof people
engagedin everydayactiities andproduceannotation®f thatdatawith statementabout
theactuities of theactors.Applicationsdemandhatanannotatiorsystem:is wholly auto-
matic;canoperatdargelyindependenof assumptionaboutthebackgroundar thenumber
of actors;candescribea wide rangeof everydaymovementsgdoesnotfail catastrophically
whenit encountersan unfamiliar motion; andallows easyrevision of the motion descrip-
tionsthatit usesWe describea systenthatlargely hasthesepropertiesWe track multiple
gures in video dataautomatically We thensynthesize3D motion sequencesatching
our 2D tracksusinga collectionof annotatednotion capturedata,andthenapply the an-
notationsof the synthesizedequencéo thevideo.

Previous work is extensie, asclassifyinghumanmotionsfrom someinputis a matterof
ohbviousimportance Spacedoesnotallow afull review of theliterature;se€[1, 5, 4,9, 13].
Becauseeopledonotchangdan appearancéom frameto frame,a practicalstratey is to
clusteranappearanceodelfor eachpossiblepersomverthesequenceandthenusethese
modelsto drive detection.This yieldsatracker thatis capableof meetingall our criteria,
describedn greaterdetailin [14]; we usedthetracker of thatpaper LeventonandFreeman
shaw thattrackscanbe signi cantly improved by comparisorwith humanmotion[12].

Describing motion is subtle becauseve requirea setof cateyoriesinto which the motion
canbe classi ed; exceptin the caseof speci ¢ actiities, thereis no known naturalsetof
catgories.Speciakasesncludeballetandaerobiamoves,which have aclearlyestablished
catgyorical structure[5, 6]. In our opinion, it is dif cult to establisha canonicalset of
humanmotioncateyories,andmorepracticalto producea systenthatallows easyrevision
of the cateyories(section?2).

Figurel shovs anoverview of our approacho activity recognition.We use3 corecompo-
nents;annotationtracking,andmotionsynthesisinitially, a userlabelsa collectionof 3D
motion captureframeswith annotationgsection2). Givena new video sequencéo anno-
tate,we useakinematictracker to obtain2D tracksof each gure in sequencésection3).
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Figure 1: Our annotationsystemconsistsof 3 main componentsannotation,tracking,
and motion synthesigthe shadednodes). A user initially labelsa collectionof 3D mo-
tion captuie frameswith annotations.Givena new videosequencdo annotate we usea
kinematictracker to obtain 2D tracks of eadh gure in sequenceWe thensynthesize3D
motionsequencewhich look like the 2D tracks by lifting tradksto 3D and matcing them

to our annotatedmotion captuee library. We acceptthe annotationsassociatedvith the
synthesize8D motionsequencasannotationdor the underlyingvideosequence

We thensynthesize8D motion sequencewhich look like the 2D tracksby lifting tracks
to 3D andmatchingthemto our annotatednotion capturelibrary (section4). We nally
smooththe annotationsassociatedvith the synthesize®D motion sequencégsectionb),
acceptinghemasannotationgor the underlyingvideosequence.

2. Obtaining Annotated Data

We have annotatedh body of motion datawith an annotationsystem,describedn detalil
in [3]; we repeatsomeinformationherefor the corvenienceof thereader

Thereis noreasorto believe thata canonicakannotationvocatulary is availablefor every-

daymotion, meaningthatthe systemof annotatiorshouldbe e xible. Annotationsshould
allow for compositionasonecanwave while walk ing, for example. We achiere this by

representinggachseparatéermin the vocalulary asa bit in a bit string. Our annotation
systemattaches bit stringto eachframeof motion. Eachbit in thestringrepresentanno-
tationwith a particularelementf thevocalulary, meaninghatelementof thevocatulary

canbe composedrbitrarily.

Actualannotatioris simpli ed by usinganapproactwheretheuserbootstraps classi er.
One SVM classi er is learnedfor eachelementof the vocalulary. The userannotatesa
seriesof exampleframesby handby selectinga sequencdrom the motion collection; a
classi er is thenlearnedfrom theseexamples,andthe userreviews the resultingannota-
tions. If they arenotacceptablethe userrevisestheannotationsat will, andthenre-learns
aclassi er. Eachclassi eris learnedndependentlyThe classi eritself usesaradialbasis
functionkernel,anduseghejoint positionsfor onesecondf motioncenterecattheframe
beingclassi ed asa featurevector Sincethe motionis sampledin time, eachjoint has
a discrete3D trajectoryin spacefor the secondof motion centeredat the frame. In our
implementationwe useda public domainSVM library (libsvm [7]). The out of magin
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 vocallary 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 jumping and
run ning. Our approachadmitsary combinationof annotationsthoughsomecombina-
tionsmay not be usedin practice:for example,we cant conceve of amotionthatshould
beannotatedvith bothstand andrun . A differentchoiceof vocalulary would beappro-
priatefor differentcollections. The annotationsrenot requiredto be canonical.We have
veri ed thataconsistensetof annotationso describea motionsetcanbepickedby asking
peopleoutsideour researchgroupto annotatehe samedatabasendcomparingannotation
results.



3. Kinematic Tracking

We usethe tracker of [14], which is describedn greaterdetail in that paper We repeat
someinformationherefor the corvenienceof the reader The tracker works by building

anappearancenodelof putative actors,detectinginstance®f thatmodel,andlinking the
instancescrosdime.

The appearancemodel approximatesa view of the body as a puppetbuilt of colored,
textured rectangles. The modelis built by applying detunedbody sggmentdetectorsto

someor all framesin a sequence.Thesedetectorsrespondto roughly parallel contrast
enepgiesatasetof x edscaleqonefor thetorsoandonefor othersegments).A detector
responset a given positionandorientationsuggestshat theremay be a rectanglethere.
For the framesthat are usedto build the model, we clustertogethersegmentsthat are
sufciently closein appearance— asencodedy a patchof pixelswithin the sgment—

and appeairin multiple frameswithout violating upperboundson velocity. Clustersthat
containsggmentsthatdo notmove atary pointof thesequencarethenrejected.Thenext

stepis to build assemblie®f segmentsthatlie togetherike a body puppet. Thetorsois

usedasaroot, becaus®urtorsodetectoiis quitereliable.Onethenlooksfor sgmentshat
lie closeto thetorsoin multiple framesto form armandleg segments.This proceduredoes
notrequireareliableinitial segmentdetectoybecausave areusingmary framesto build a

model— if asegmentis missedn afew framesjt canbefoundin others.We arecurrently
assuminghat eachindividual is differently dressedso that the numberof individualsis

thenumberof distinctappearancenodels.Detectingthelearnedappearancenodelin the
sequencef framesis straightforvard [8].

4. 3D Motion Synthesis

Oncethe 2D con guration of actorshasbeenidenti ed, we needto synthesizea sequence
of 3D con gurationsmatchingthe 2D reports.Maintaininga degreeof smoothness—i.e.
ensuringhatnotonly is a 3D representatioa goodmatchto the2D con guration,but also
links well to the previous andfuture 3D representations- is a needeecauseheimage
detectionis not perfect. We assumethat cameramotion can be recoveredfrom a video
sequencandsowe needonly to recover the poseof theroot of the body model— in our
casethetorso— with respecto thecamera.

RepresentingBody Con guration: Weassumehecamerds orthographiandis oriented
with they axis perpendiculato the groundplane,by far the mostimportantcase. From
the puppetwe cancompute2D positionsfor variouskey pointson the body (we usethe
left-right shouldey elbaw, wrist, knee,ankleandthe upperé& lower torso). We represent
the 2D key pointswith respecto a 2D torsocoordinatérame. We analogouslyconvertthe
motion capturedatato 3D key pointsrepresenteavith respecto the 3D torsocoordinate
frame.

We assumehatall peoplearewithin anisotropicscalingof oneanother This meanghat
the scalingof the body canbe folded in with the camerascale,andthe overall scaleis

be estimatedusing correspondindimb lengthsin lateral views (which canbe identi ed

becausehey maximizethelimb lengths).This stratgly would probablyleadto dif culties

if, for example themotioncapturedatacamefrom anindividualwith ashorttorsoandlong
arms;thetendenyg of ratiosof body segmentlengthsto vary from individual to individual
andwith ageis a known, but not well understoodsourceof troublein studiesof human
motion[10].

Our motioncapturedatabasés too largefor usto useevery framein the matchingprocess.
Furthermoremary motion fragmentsare similar — thereis an awful lot of running—
so we vector quantizethe 11,000framesdown to k = 300 framesby clusteringwith
k-meansandretainingonly the clustermedoids. Our distancemetricis a weightedsum
of differencesbetween3D key point positions,velocities, and accelerationg[2] found
this metric sufcient to ensuresmoothmotion synthesis). The motion capturedataare
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Figure2: In (a), thevariablesunderdiscussiorin camen mference M isa representation
of gurein 3D with respecto its root coordinateframe m is the partially observedrector
of 2D key points,t is theknowncamea positionandT is the positionof theroot of the3D

gure. In (b) acamen modelfor framei whete 2D keypointsare dependenbnthecamen

position,3D gure con guration, and the root of the 3D gure. A simpli ed undirected
modelin (c) is obtainedby marginalizing out the observedvariablesyielding a single
potentialonM ' andT'. In (d), the factorial hiddenMarkov modelobtainedby extending
the undirectedmodelacrosstime As we showin the text, it is unwiseto yield to the

temptationto cut links betweenr 's (or M 's) to obtaina simpli ed model. Howerer, our

FHMM is tractable andyieldsthetriangulatedmodelin (e).

representedtthe sameframerateasthevideo,to ensureconsistentelocity estimates.

Modeling Root Con guration: Figure?2 illustratesour variables.For a given frame,we
have unknavns M , a vectorof 3D key pointsandT, the 3D globalroot position. Known
arem, the (partially) obsenedvectorof 2D key points,andt, theknown camergposition.
In practice we donotneedo modelthetranslationgor the 3D root(whichis thetorso);our
tracker reportsthe (x; y) imagepositionfor the torso,andwe simply accepthesereports.
ThismeanghatT reducego asinglescalarrepresentinghe orientationof thetorsoalong
thegroundplane.Therelative out of imageplanemovementof thetorso(in thez direction)
canberecoreredfrom the nal inferredM andT valuesby integration— one sumsthe
outof planevelocitiesof the rotatedmotion captureframes.

Figure 2 shaws the directedgraphicalmodellinking thesevariablesfor a single frame.
This modelcanbe corvertedto anundirectednodel— alsoshavn in the gure — where
the obsenred 2D key points specify a potentialbetweenM; andT;. Write the potential
for theith frameas gy (Mi; Ti). We wish to minimize imageerror, soit is natural
to usebackprojectiorerror for the potential. This meanghat jiq,, (Mi; Ti) is themean
squareckerror betweernthe visible 2D key pointsm; andthe correspondin@D keypoints
M; renderedatorientationT;. To handleleft-right ambiguitieswe take the minimumerror
over all left-right assignmentsTo incorporatehigherorderdynamicinformationsuchas
velocitiesandaccelerationswe addkeypointsfrom the two precedingandtwo following
frameswhencomputingthe meansquarecerror.

We quantizethe torso orientationT; into a total of ¢ = 20 values. This meansthat the
potential ;e (Mi; Ti) is representetty ac  k table(recallthatk is the total number
of motioncapturemedoidused section4).

We mustalsode ne apotentiallinking bodycon gurationsin time, representinghe conti-
nuity costof placingonemotionafteranother We write this potentialas |k (Mi; Mi+1 ).
Thisisak k table,andwe setthe(i, j)'th entry of this tableto bethe distancebetween
thej 'th medoidandthe framefollowing thei'th medoid,usingthe metric usedfor vector
guantizingthe motion capturedatase{section4).

Inferring Root Con guration: The modelof gure 2-(d) is known asa factorial hid-
denMarkov model(FHMM) whereobsenationshave beenmaiginalizedout andis quite
tractable. Exactinferencerequirestriangulatingthe graph( gure 2-(e))to make explicit
additionalprobabilisticdependenciefd 1]. The maximumclique sizeis now 3, makingin-
ferenceO(k?cN) (whereN is the numberof total frames).Furthermorethetriangulation
allows usto explicitly de ne thepotential tgrsdMi; Ti; Ti+1 ) to capturethedependenc
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Figure3: Unfamiliar con gurationscaneitherbeannotatedwith 'null' or with the closest
matd. We showsmoothedannotationresultsfor a sequencef jumpingjacks (sometimes
knownas star jumps) from two sud annotationsystems.In the top row, we showthe
sametwo framesrun throughead system.The MAP reconstructiorof the human gure
obtainedfrom the tracking data has beenrepiojectedbad to the image, usingthe MAP
estimateof camenr con guration. In the bottom,we showsignalsreptesentingannota-
tion bits overtime Themanualannotatorrecodswhetheror notthe gureis present
front face ing, in aclosed stanceand/orin anextended stance Theautomatic
annotationconsist®f atotal of 16 bits; present ,front  face ing, plusthe13bitsfrom
theannotationvocahulary of Sec.2.In r stdottedline, correspondingo theimage above
it, the manualannotatorassertsthe gure is present , frontally face ing, and about
to reat theextend edstance Theautomaticannotatorassertshe gure is present
frontally face ing, andwalk ing andwaveing, andis not stand ing, not jump ing, etc.
The annotationsfor both systemsare reasonablegiven thereare no correspondingate-
goriesavailable(this is like describinga movementhatis totally unfamiliar). On theleft,
we freelyallow 'null' annotationgwheie no annotationbit is set). On theright, we dis-
courage 'null' annotationsasdescribedn Sec.6.Con gurationsneartheclosed stance
are nowlabeledasstand ing, a reasonablepproximation.

of torsoangularvelocity on the given motion. For example,we expectthe torsoangular
velocity of a turning motion frameto be differentfrom a walking forward frame. We set
a given entry of this tableto be the squarederror betweenthe sampledangularvelocity
(Ti+s1» T, shiftedto lie between ::: ) andthe actualtorsoangularvelocity of the
medoidM;.

We scalethe \ioni (Mi;Ti), |ink(Mi;Mis1), and torsdMi; Ti; Ti+1 ) potentialsby
empirically determinedraluesto yield satishctoryresults. 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 study of the propertiesof our tracker, but we have found it simplerto setthemby
experiment.

We nd the maximuma posteriori(MAP) estimateof M; andT; by a variantof dynamic
programmingde ned for cliquetrees[11]. Sincewe implicitly usednegative log likeli-
hoodsto de ne thepotentialgthesquarecderrorterms) we usedthe min-sumvariantof the
max-productlgorithm.

PossibleVariants: Onemightchooseo not enforceconsisteng in theroot orientationT;
betweerframes.By breakingthe links betweenthe T; variablesin gure 2-(a), we could
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Figure4: We showannotationresultsfor a walking sequencdrom three versionsof our
systerrusingthe notationof Fig.3. Null matdesare allowed. Ontheleft, weinfer the 3D
con gurationM' (and associatecinnotation)independentlyor ead frame asdiscussed
in Sec.4In thecenter, wemodeltempoal dependenciesheninferring M ' andits corre-
spondingannotation.Ontheright,, wesmooththeannotationsasdiscussedh Sec.5Each
image is labeledwith an arrow pointing in the directionthe inferred gur e is facing not
moving. By modelingcamer dependenciesyeare ableto x incorrecttorsoorientations
presenin theleft systendi.e., the r stimage frameandtheautomatideft ~ face ingand
right face ing annotationbits). By smoothingthe annotationswe eliminatespurious
stand 's presentin the center. Althoughthe smoothingsystemcorrectly annotatesthe
lastimage framewith backward , the occludedarm incorrectly triggers a wave, by the
medtanismdescribedn Sec.5.

reduceour modelto a tree and make inferenceeven simpler— we now have an HMM.
However, this is simplicity at the costof wastingan importantconstraint— the camera
doesnot ip aroundthe body from frameto frame. This constraintis useful, because
our currentimage representatiomprovides very little information aboutthe direction of
movementin somecases.In particular in alateralview of a gure in the stancephaseof
walking it is very dif cult to tell which way the actoris facingwithout referenceo other
frames— whereit may not be ambiguous.We have found thatif one doesbreakthese
links, thereconstructiomegularly ips directionaroundsuchframes.

5. Reporting Annotations

We now have MAP estimatef the 3D con guration f M; g and orientationf T} g of the
bodyfor eachframe. The simplestmethodfor reportingannotationss to produceananno-
tationthatis somefunctionof f M;g. Recallthatf M g is oneof the medoidsproducecby
our clusteringprocesgsectiord). It representa clusterof frames all of which aresimilar.
We couldnow reporteitherthe annotatiorof the medoid,the annotatiorthatappearsnost
frequentlyin the cluster the annotatiorof the clusterelementhatmatchesheimagebest,
or thefrequeng of annotationscrosghecluster

The fourth alternatve producesresultsthat may be useful for somekinds of decision-
making,but arevery dif cult tointerpretdirectly— eachframegenerates posteriorprob-
ability over theannotationvocalulary— andwe do notdiscusst furtherhere.Eachof the
rst threetendsto producechopyy annotationstreamq gure 4, center). This is because
we have vectorquantizedthe motion captureframes,meaningthat |ink(Mi;Mi+1) is a
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Figure5: Smoothednnotationsof 3 guresfroma videosequencef thethreepassinga
ball bad andforth usingthecorventionsof gure 3. Null matdhesare allowed. Thedashed
vertical linesindicateannotationscorrespondingo the framesshown. Theautomatican-
notationsare largely accumate: the guresare correctly identi ed, and the directionin
which the guresare facing are largely correct. There is someconfusionbetweerrun
andwalk , andthrowsappearto beidenti ed aswaves andreach es.Geneally, when
the gure hastheball (after catch ing and befoe throw ing, as denotedn the manual
annotations) he is annotatedas carry ing, thoughthere is somefalse detection. Thee
are no spuriouscrouch es,turn s,etc.

fairly roughapproximatiorof asmoothnessonstrain{becaussomeframesin onecluster
might link well to someframesin anotherandbadly to othersin that samecluster). An
alternatve is to smooththe annotatiorstream.

SmoothingAnnotations: Recallthatwe have 13 termsin our annotatiornvocalulary, each
of which canbe on or off for ary givenframe. Of the 213 possiblebit strings,we obsere
atotal of 32 in our setof motions. Clearly, we cannotsmoothannotationbits directly,
becauseve might very likely createbit stringsthat never occur Insteadwe regard each
obseredannotatiorstringasa codevord.

We canmodelthetemporaldynamicsof codevordsandtheir quantizedbbsenationsusing
a standardHMM. The hiddenstateis the codeword, taking on oneof | (= 32) values,
while the obsered stateis the cluster taking on one of k (= 300) values. This modelis
de nedbyal | matrixrepresentingodavord dynamicsandal k matrix representing
the quantizedobsenration. Note that this modelis fully obseredin the 11,000framesof
the motion databasewe know the true codeword for eachmotion frame andthe cluster
to which the frame belongs. Hencewe canlearn both matricesthroughstraightforvard
multinomialestimation.We now applythis modelto the MAP estimateof f M; g, inferring
a sequencef annotationcodevords (which we canlater expandbackinto annotationbit
vectors).

Occlusion:Whenalimb is not detectedy thetracker, the con guration of thatlimb is not

scoredn evaluatingthe potential.In turn, this meanghatthe bestcon guration consistent
with all elsedetecteds used,in this casewith the gure waving (gure 4). In anideal

closedworld, we canassumehelimb is missingbecauséts notthere;in practice,it may

be dueto a detectoffailure. This makesemploying “negative evidence”dif cult.

6. Experimental Results

It is dif cult to evaluateresultssimply by recordingdetectioninformation (say an ROC
for events).Furthermorethereis no meaningfulstandardagainstwhich onecancompare.
Instead we lay out a comparisorbetweerhumanandautomaticannotationsasin Fig.3,
which shawvs annotatiorresultsfor a 91 framejumping jack (or starjump) sequenceThe



top4 lowercaseannotationgsrehand-labeledvertheentire91framesequenceGenerally
automaticannotationis successfulthe gure is detectectorrectly orientedcorrectly(this
is recoveredfrom the torso orientationestimatesT; ), andthe descriptionof the gure's
actiitiesis largely correct.

Fig.4 compareghreeversionsof our systemon a 288 framesequencef a gure walking
backandforth. Comparingthe annotationson the left (wherecon gurationshave been
inferredwithout temporaldependeng with the center(with temporarydependeng), we
seetemporaldependeng in inferred con gurationsis important, becauseotherwisethe
gure canchangedirectionquickly, particularlyduring lateralviews of the stancephase
of awalk (sectiond). Comparingthe centerannotationsvith thoseon theright (smoothed
with our HMM) shows that annotationsmoothingmakesit possibleto remove spurious
jump, reach , andstand labels— thelabeldynamicsarewrong.

We shov smoothedannotationdor three gures from one sequencegassinga ball back
andforth in Fig.5; the sequenceontainsa lot of fastmovement. Eachactoris correctly
detectedandthe systenproducedargely correctdescription®f theactor's orientationand
actions.Theinferenceprocedurenterpretsarunasacombinatiorof run andwalk . Quite
often,thewalk annotatiorwill re asthe gure slows down to turn from face right
to face left orvice versa.Whenthe gures usetheir armsto catchor throw, we see
increasedctiity for thesimilarannotation®f catch , wave, andreach .

When a novel motion is encounteredye want the systemto eitherrespondby (1) rec-
ognizingit cannotannotatethis sequenceor (2) annotatdt with the bestmatchpossible.
We canimplement(2) by adjustingthe parametergor our smoothingHMM so that the
‘null" codevord (all annotatiorbits beingoff) is unlikely. In Fig.3, system(1) respondgo
a jumpingjack sequencéstarjump, in somecircles)with a combinationof walk ing and
jumping while waveing. In system(2), we seeanadditionalstanding annotatiorfor
whenthe gure is neartheclose d stance.
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