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Abstract

This paperpresentswo approacesfor the representation
andrecaynition of humanactionin video,aimingfor view-

pointinvariance Thepaperfirst presentsiew resultsusing

a 2D approad presentecearlier. Inherent limitations of

the2D approach are discusse@nda new 3D approac that

builds onrecentwork on 3D model-basethvariants,is pre-

sented.Each actionis representedhs a uniquecurvein a

3D invariance-spacgesurroundedby an acceptanceolume
(‘action-volume’). Givena video sequence2D quantities
fromthe image are calculatedand matdhedagainstcandi-

dateactionvolumesn a probabilisticframevork. Thethe-

oryis presentedollowedby resultson arbitrary projections
of motion-captue datawhich demonstatea high degreeof

toleranceto viewpointchange.

1. Introduction

Humanactionanalysisandrecognition,hasbeena fertile
topic of studyfor severalyearsnow andthereexists a vast
body of literature on the subject. The problem, simply
stated,is to be ableto accuratelyclassify the actionbeing
performecby ahumangivenhis/hervideo. Seseralsureys
have attemptedo classify variousapproachegor solving
the problem, recentonesbeing[8], [7], and[4]. Though
the centralproblemis statedquite simply; it is in factcom-
posedf severalchallengingsub-problemsgachof whichis
thesubjectof intenseresearchBroadly, thesesub-problem
areasare Low level pre-processingBody and poserepre-
sentatiorandActionrepresentatiorandrecagnition. These
sub-problemareasare not completelyorthogonalto each
otherand previous approacheso the problemhave not all
followed sucha clearcut problemdecompositiorr ‘holis-
tic’ approachesnappinglow-level featuresdirectly to an
action(e.g. [11], [5], [6]) have alsobeenproposed.These
methodsmay well be the bestonesto useunderfixed con-
ditions but they arenot applicablegenerally especiallyfor
varyingviewpoints.

Relative to the amountof work that hasbeendoneon
humanaction recognition,the amounttackling viewpoint
invariancehasbeenrathersmall. Seitzand Dyer in [15]

have describedan approacho detectcyclic motionthatis
affine invariantassumingthat featurecorrespondencée-
tweensuccessie framesis known. RaoandShah[12] pri-
marily target affine invarianceassumingthat the 2D posi-
tions of the handareknown. Syeda-Mahmooet. al. [16]
represenfactionsas ‘cylinders’, formulating the problem
as a joint action-recognition/fundmenal-matrix recovery
problem,assumingthat action startand end positionsare
known. Rosalesand Sclarof describean interestingap-
proachfor mappinglow level featuresto a 2D body pose
usingmachinelearningtechniquesn [13]. Their approach
doesnotrequiredetectingor trackingbody partsandresults
in amoderateamountof viewpointinvariancedueto thein-
clusionof datasampledfrom a cameraat a fixed distance
all aroundthesubject.

The mannerin which body-posesndactionsarerepre-
senteddetermineshe exentof applicability of anapproach.
Ideally, the representationshouldbe invariantto speedof
the action, framerate of the video sequenceginor varia-
tionswhenperformedby the samesubjectminorvariations
whenperformedby differentsubjectsand,to variationsin
theviewpoint. At the sametime, the representatioshould
be ableto encodesufficient distinctionamongthe various
actionsthatwe would like to be ableto classify Our work
aimsat achierzing theseobjectvesand exploresthe useof
2D and3D invarianttheoryfor the purpose.

It shouldbe notedat the outset,that shotdetectionand
otherimageprocessingaskssuchasbody and body-joint
detectionareoutsidethe scopeof the presenwork. Our fo-
cusis to find out how bestto usethe resultsfrom low-level
image-processint aid in actionrepresentatioandrecog-
nition. We assumehatwe aregivenJohannsotype dataas
input. Thisis achievedby the useof arbitraryprojectionsof
publicly availablehumanmotioncapturedata.Notethatour
useof motion capturedatafor visual humanmotionanaly-
sisis very differentfrom previous approachege.g. [3]) in
thatonly 2D datais usedby our recognitionalgorithm. In
otherwords,we usemotion-captureo ‘simulate’ theoutput
of areliablelow-level image-processinmodule.

The remainderof the paperis organizedas follows: In
sections2 and 3, we briefly review a 2D method[10] and
reportnew results. In sections4 and5, we discussa more



generaBD approachwhich overcomes fundamentalimi-
tation of the 2D approachandwhich builds on work in the
areaof model-basedhvariants[17]. We concludeanddis-
cussfuturework in section6.

2. A 2D Approach

It is known thatthereareno general,non-trivial invariants
for 3D-to-2D projection. However, the theory underlying
2D-to-2D projectionis very matureandtherearea number
of approachesne could use,if the problemcould be for-

mulatedin a 2D-to-2D framework. In otherwords,if a 3D

scenecanbe suitablydecomposeihto a numberof planar
patchespnecouldemploy any corvenient2D invariantrep-
resentatiorfor theindividual planesandcombinethe solu-
tions. In the caseof severalhumanactionssuchaswalking,

running,waving etc.,it is notdifficult to identify severalkey

posesin the action where several body joints align them-
selesin a plane. As an example,during walking, mary

joints suchasthe shouldershead,feet etc. fall approx-
imately on a planethrice every walk cycle. Further the
left limbs andtheright limbs traceareasapproximatelyon

planesduringarny walk cycle, provided the subjectdoesnt

drasticallyalterthe walking directionin that particularcy-

cle. Thisis alsotrue for running. During the sit-dowvn ac-
tion, betweenthe instantsthe subjectbegins sitting down

andthatwhens/heis seatedthe right andleft sidesof the
bodytraceplanarareas.Similar agumentscould be made
for anumberof otheractions.
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Figure 1: Planeformedby Right-ShoulderLeft-Shouldey
Left-FootduringWalking

Oneof thecomponent$n our actionmodelis a canoni-
cal posewhereaselectedetof bodyjointsis nearly-planar
Figure 1 shows the distancegnormalizedby body length)
of the headandright-foot to the planeformedby thejoints
{right shoulderleft shoulder left foot} for a walking sub-
ject. A simultaneougero-crossingf the curvesindicates
planarity Call thebodypose whenthesefive joints areap-
proximatelyplanarfor walking,asC} . Thisis the phasein
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Figure2: EuclideanNorm of InvariantDistancegor C;

theactionwherethe feetarenext to eachother Givenaset
of five pointson a plane,no threeof which are collinear,
thereexist two invariants:
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whereM;;, = |X; Xj Xi| andaj is the 2D pointin ho-

mogenougoordinatesFor asmary canonicalposesaswe

chooseo modelanactionwith, we canpick five joints and
pre-computewo suchinvariantsusingknown ground-truth
(usingmotion-capturelata,for example).Givenavideose-
guencejf thefive joints aredetectedor estimatedve can
calculatethe determinantcross-ratiosand comparethem
againstthoseof the canonicalposes. We usethe method
employedin [1] to calculatethe ‘distance’betweertwo in-

variants,weightedbasedon their probability distributions
on the plane. Figure 2 shaws the Euclidean-nornof the
invariantdistancesf the C; posefor the samewalking-

sequenceisedin figure 1. Using small perturbatioranaly-
sis,it canbeshavn thatsmalldeviationsin xj resultin small
deviationsin (I, I>). Hence we canusesuitablethreshold-
ing of theinvariant-distanc&uclidean-normfollowedby a
localminimaselectiorto decideif thebodyis potentiallyin

aparticularcanonicapose.

Oneof the problemswith this approachis that, the fact
that the invariantsmatch those of a particular canonical
pose, may not necessarilyimply that the body is in that
pose. The invariantswill alsomatchif someof the body
joint world positionslie anywherealongtheir lines of sight
from the camera. In fact, thereare infinite suchspurious
poses.Therearetwo stratgiesfor reducingthe probability
thatsuchspuriousposeswill bedetectedFirst, we canrep-
resentacanonicaposeby morethanonefive-tupleof joints
with theobsenationthatthe probabilitythattwo setsof five
joints are simultaneouslyin spuriouspositionis low. Sec-
ondly, we can exploit planarity of joints spanningseveral
frames- we alreadynotedthatcertainlimbs traceareason
aplaneduringseveralactions.As anexample,for walking,
alternateoccurrence®f the C; posedelineatea sequence



of framesduringwhich, the left-arm/left-leg andthe right-
arm/right-leg are on the samerespectie planes(approxi-
mately). Two joints for the startandendframesgive usfour
points. The two invariantsformedby a fifth moving point

Figure3: ISTs

will tracetwo trajectorieswhich we call invariancespace
trajectorieqISTs)(seefigure3). Runningcanbehandledn
thesameway. For the sit-dowvn action,thedelineatomposes
includethe posewhenthefeetbecomestationary(stationar
ity beingview invariant)in preparatiorfor sitting down and
theposewhenthe entirebodybecomestationary Theleft-
leg/left-shouldeandright-leg/right-shouldetraceareason
aplane.In additionto viewpointinvariancetheuseof ISTs
buysusindependencéom the framerateandspeedf the
actionaswell, becausghe startingandendinginstantgand
hence duration)of the ISTs arenot fixed upfront. Rather
they areeventdriven(i.e. determinedy the occurrencenf
specificcanonicalposes)An actionmodelwould thuscon-
sist of one or more canonicalposespecifications(i.e.the
joint namesandthetwo expectednvariantvalues) andone
or more ISTs betweenthem. The completealgorithmcan
befoundin [10].

3. 2D Reaults
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Figure4: ISTsfor walking, runningandsitting-dovn

We obtainedmotion-capturelatafrom Credolnteractve
Inc. andCarngyie Mellon Universityin the BioVision Hier-
archyandAcclaimformats. Thecombineddataseincluded

12 subjectperforming25 walking sequence$ runningse-
guencesandl18sit-dovn sequencestachwalking andrun-
ning sequencéncludedoneto threecompletecyclesof the
respectie action. Thereis very little variability in the in-
variantvaluesfor C; acrosssubjects We alsofoundthatthe
C, invariantsarevery similar betweerwalking andrunning
and henceare by themseles, not sufficient to distinguish
walking from running. However, the ISTs are markedly
different. For walking and running, the samesetof joints
wereused- the hip andfoot werechosenasthe two joints
atdelineatorframeswhile thekneewaschoserasthe mov-
ing point. For the sit-down action, the headandfoot were
choseratthedelineatofframeswhile the hip waschoseras
themoving point. Figure4 shavsthelSTsfor thethreeac-
tions. Five randomviewpointswere chosenfor evaluation
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Figure5: Walk seq.20, frameno. 100, all viewpoints

of thealgorithm. Figure5 shovsthesamewalking frameas
seenfrom the five differentviewpoints. The action-model
(i.e. the C; invariantsandthe ISTs) were calculatedin a
fully automaticmannerfrom the available motion-capture
data. A planarityassessmergrogramwasfirst run on the
datasetto determinethoseframesat which the joints for
C, wereclosestto a plane. Therearetwo possiblecases
whenthe body is in C; - eitherthe left or right leg can
be stationarywhile the otherleg is in motion. A corven-
tion was adpotedthatthe C; posewherethe left leg is in
motion is the ‘start’ of the action (for both, walking and
running). This alsoenabledus to automaticallydetermine
the ‘ground-truth’. ISTswere automaticallycalculatedbe-
tweentwo consecutie startingC; poses. The algorithm
wasrun on all action-instance$792 in number). The dis-
tanceof eachaction-instancevascomputecagainstachof
thethreeaction-modelsandtheaction-modelvith theleast
distancewasdeclaredto be the classfiedaction. This was
evaluatedagainstthe known ground-truth. The following
tablesummarizeshe actionclassificatiorresults:

ViewpointNumber
Metric 1 2 3 4 5

Tot. Detects 795| 780 703 | 719| 646

TrueDetects| 764| 757 689| 708| 640

TrueDet.% | 96.46| 95.58| 86.99| 89.39| 80.80
Misclass. 31 23 14 11 6
Misclass.% 3.80| 294| 199| 1.53| 0.92




Thetruedetectiorratehereis definedastheratio of cor-
rect detectionsto the expectednumberof detectiong(792
in this case). A misclassificatioris definedasan instance
wherethe action was classifiedincorrectly (e.g. a walk-
cycle was classifiedas a run-gycle or a sit-dowvn action).
Themisclassificatiomateis definedastheratio of thenum-
ber of misclassificationso the numberof total detections.
As it can be seen,the performanceof the algorithm for
viewpoint 5 is the worst amongall the viewpoints. The
viewpoint is suchthat the cameralooks down on the sub-
ject,andthereareseveralinstancesvheresomeof thebody
joints arecoincidentor very closeto eachotherwhich am-
plifies the errors. In mary casesthe C; posewasmissed
andthis contributedto the poorresults.

4. A 3D Approach

Althoughmary actionscanbe decomposedéhto planesfor
asuitablesolutionby way of the 2D approachtheapproach
itself is not sufficiently generalfor the modelingof a gen-
eral action, necessitatinghe useof a 3D approach.In [2]
theauthorsshow thattherearenogeneralpon-trivial 3D in-
variantsthatcanbe usedto recognizeanarbitrary3D point-
set. However, this doesnot imply thatinvariantscannotbe
usedfor 3D objectrecognition. Indeed,aswas shovn by
severalresearchersyotablyby Rothwelletal [14] andlater
by Weissand Ray [17] it is possibleto recognize3D ob-
jectsfrom a singleview. WeissandRayin [17] developed
relationshipsbetweensix-tuple 3D points andtheir corre-
spondingimagecoordinateghat are satisfiedfor all views
of the 3D points.We first their mainresultbelow:

Given a set of six world points {X;}, atleastthe first
four of which are not on a plane,andtheir corresponding
imagepoints{z;}, (both setsof pointsin homogenouso-
ordinates}thefollowing relationholds:

I3 (I; = 1)dyip — I3 (Iy — 1)y — I (T2 — 1) i —
I (I3 — 1) i3t4 + I (Il — 1)i3 + I (I3 — 1)i4 =0 (1)
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Here M; = |X,X3X,Xs| i.e. thedeterminanformed
by thefirst five pointsafter removing the point of theindex.
The prime denoteshe samequantity with the sixth point
substitutedfor the fifth point, i.e. M| = |X5X5X,Xg|.
M; determinethe modelinvariants.m;; determinetheim-
ageplanedeterminants.Indexing similarly by the ‘points

left out’ we usemy» for |232445| andm), for |#32;45%|.
m;; andm;; arequantitiesdervedfromimagecoordinates.
Hence, equation1 describesa compatibility relation be-
tweenthe six-tuple 3D points and their 2D image points,
thatholdsfor all viewpoints.

The humanbody can be representedy as mary six-
tuples as possible,correspondingo several body joints.
Eachsuchsix-tuplewill giveriseto three3D invariantval-
ues. For the humanbody performing an action, the in-
variantvalueswill vary temporally as the action evolves,
and give rise to a 3D curwve in invariance-spacéor each
six-tuple. Whenthe sameactionis performedby differ-
ent subjects the invariancespacecurves so tracedwill be
slightly differentfrom eachother Furthermorethe same
action performedby the samesubjectmultiple times will
alsoresultin slightly differentcurves, as humansare not
perfectly consistenin performingactions. Hence,the ac-
tion will have to be representedhot only asa 3D curve
throughinvariancespace put alsowith a surroundingac-
ceptanceolume’ aroundthe curve basedn the probability
densityfunctions(pdfs)of theinvariants.Let'stermtherep-
resentatiorasan ‘action-volume’. Let usalsotermthe 3D
cunve asan ‘action-cune’. Using ground-truthfrom mo-
tion capture,action-wolumescan be empirically estimated
for severalactions,resultingin anactiondatabaseThe 3D
curve itself can be definedas the mediancurve obtained
from trainingdata.Parametricallythe 3D curve canberep-
resentedby three2D curveswith the abscissabeing non-
dimensionalizedime in [0, 1], and the ordinatebeing the
invariants.t = 0 will representhe startwhile ¢ = 1 will
representheendof theaction.t representthe phaseof the
action. The 2D curvescanbe representedby cubic splines
for N — 1 intervals. For the kth suchinterval:

Ij (t) = ajko + ajklt + ajk2t2 + ajk3t3

wheret, <t < tgy+1 t1 =0,ty = 1. Foreachknotof the
spline,theempirically determineddf p((I1, Iz, I3)| A;, tx)
for aknown action 4; andphase;, is known to us.

Given a video sequenceconsistingof a labeledset of
bodyjoints andtheirimagelocationsperframe,we cancal-
culatethe imagebasednvariantsi; in eachframe. When
substitutedin (1), these2D invariantswill determinea
guadricsurfacein 3D invariancespacewhosevariablesare
the (unknown) 3D invariants:

aTAa+aTh =0 3)
where
o= [Il Iz Ig]T
b = [iy —ia, 4304 — i3, —iria +i1]T
0 (ziz+1i3)/2  (—i1 +i4)/2
A= (—ig + 23)/2 0 (Z]_'lz — 2324)/2
(—i1 +144)/2  (iria —i3iq)/2 0



Thequadricsurfacewill potentiallyintersectseseralaction

volumesand in particular the action-volume correspond-
ing to the action being performed. Equation3 essentially

constrainghe setof possibleactionsthat the body is per
forming, to thosethat the quadricsurfaceintersects.Each
intersectionpoint is a candidatephaseof a candidateac-
tion. A problemto be solved hereis that of finding the
action-wlumesin the databasehat the quadricsurfacein-

tersects Allowing for variabilities,we alsoneeda measure

of closenes®f the quadricsurfaceto eachphaseof each
candidateaction-wlume. Ignoring probabilitiesfor now, if
the threetime-parametrizedubic splinesfor eachaction-
curve are substitutednto 3, the problembecomesghat of
finding zeroesf a sixth degreepolynomialin ¢ perinterval
andcheckingf therootsfall within theinterval. Thiswould
have to berepeatedor all intervalsof the cubicspline.
The problem can be simplified if we sacrificeperfect-
accurag andsettlefor linearsplines. In addition,compu-
tationalcostcanbe reducedby operatingon a coarserdis-
cretizationof thetime interval [0, 1]. This would resultin a
guadraticequationin ¢. If the quadricdoesnt intersectthe
givenactionvolume thequadraticzorrespondingo theac-
tion will have imaginaryroots. In this casewe would need
to determinethe point on the quadricsurfacethatis clos-
estto the line sggmentrepresentinghe interval. We seek
thecylinder of smallestadiuswith axisastheline sggment
that is tangentto the quadric. To solve this problem,we
first transformthe quadricandthe actioncurve to a canon-
ical frame of referencewherethe line sggmentrunsfrom
(0,0,0) to (1,0, 0) usingtranslation rotationandscaling.
Notethattheseare Euclideantransformation®f the 3D in-
variancespace.Thematrix form of the quadricallows usto
easilycalculatdts equationn thecanonicakoordinatesys-
temby substitutingr = sR(a — t) into equation3 giving:

atAa+aTb+ée=0 (4)

The problembecomesone of minimizing I_22 + f32 sub-
jectto0 < I < 1 and(4). Lagrangemultipliers and
slackvariablesfor theinequalityconstraintanbe usedto
arrive at a solutionto the problem. This processnvolves
the solutionof a quarticequationwhichin turnrequiresthe
solutionof a cubic equation,an elegantsolutionto which
canbefoundin [9]. Thesolutionis transformedbackinto
theoriginal frameof referenceandthe optimalpointon the
quadric(If, Iy, I3) is found. The optimal phaset* is that
which producesI;. We look up the known joint proba-
bility p((If, I, I})| A, t*) whereA is the action. At each
video frame, for all the phaseintervals, we thus calculate
the probability that a particularposeof a particularaction
is occurringat that frame. As an example,figure 6 shavs
the probability for the startingpose(t* = 0) of therunning
actionasseenfrom viewpoint 1 (from the viewpointsused
in section3), smoothedisinga gaussiarfilter of width 7.
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Figure 6: Probability of the startingposefor the running
action

Thereweretwo difficultieswe encountereavith this ap-
proach. First, experimentswith motion capturedatare-
vealedthat the action volumesfor walking and running
werevery similar, andnot by themselesadequatdor dis-
tinguishing betweenthem, perhapspointing to a loss of
specificityin representingheactionin 3D invariancespace.
Secondwe initially pursueda dynamicprogrammingap-
proachwhere the probability of the action occurring be-
tweentwo given frameswas maximized. For continuous
action sequencesthis was problematicin the sensethat
the start of one instanceand the end of a later instance
wassometimeseturninga probability greaterthanthatfor
the true startandend. Although this could be fixed using
heuristicswe settledfor a differentapproachdescribede-
low, thatalsoaddressethefirst problem.

In additionto maintainingactionvolumeswe maintaina
Euclideanrepresentationf the action. Fromagivenvideo
sequenceywe extract 2D quantitiesand calculatethe prob-
ability of the startand end phaseger frame as described
above. We pick frameswherethe probabilitiesare above
a thresholdand are local maxima. (1) establishes cor-
respondencédetweenthe world points and image points
for six points (i.e. 12 equations)which is enoughto be
able to determinethe world-to-imagetransformmatrix of
11 unknowns. However, we have twelve point correspon-
dences(i.e. 24 equations)from the starting and ending
poseswhich we useto estimatethe matrix using Singular
Value Decomposition.Giventhis, the Euclideanrepresen-
tation of the actionis transformedo the imagecoordinate
systemandthe differencedetweerjoint positionsarecal-
culated.If thedifferencesarewithin athresholdtheaction
is declaredasbeingpotentiallyoccurringbetweerthe start
andendframes. If morethanone actionsmatch,the one
with the smallerdistanceis chosen. Picking the right im-
agethresholdis important. Fixing it to a constantfor all
viewpointswould make the algorithmthrow out perfectly
good matchesfor one viewpoint while possiblyaccepting



falsematchedor others. Oneideawould be to choosean
absolutethresholdthatis ground-truthbasedandcalculate
viewpoint thresholdsbhasedon the absolutethresholdand
the estimatedworld-to-imagetransform. We allow a 3D

joint positionto be within an error cube. The 3D thresh-
old is the side of the cube,which canbe fixed upfront. If

necessarypnecanusedifferent3D thresholddor different
joints of the body, basedupontheir relative importancefor

theaction.Let usconsideroneparticularjoint J whoseex-

pected3D positionis (X, Yy, Zy). Let ussaythatwe have
equalthresholdfe suchthatwe allow the 3D positionof .J,

(X,Y, Z) to bewithin thefollowing cube:

X —Xo|<e [Y-Y|<e |[Z-Zp|<e (5)

Let ussaythatthe obsened 2D positionis (z,y) while the
expected2D positionis (xo,yo). Thegoalis to determine
athresholdfor thedifference(Az, Ay) = ((z — zo), (y —
yo)). We furtherknow the estimatedvorld-to-imagetrans-
formT. LetX = Xo+6,,Y =Yy + 6y, Z = Zy + 6.

We have thefollowing:
Ag— <T11(X0 +0z) + Th2(Yo + dy) + T13(Zo + 0.) + T4
Ts1(Xo + 65) + T32(Yo + y) + T33(Zo +6.) + 1
T11Xo + T12Yo +T13Z0 + T4
B ( T31 X0 +T32Yy +T33Zg + 1 )
Ay= (T21 (Xo 4+ 0z) + To2(Yo + 6y) + To3(Zo + 8.) + Tos

T31(Xo + 05) + T32(Yo + dy) + T33(Zo +0.) + 1
T51Xo + To2Yo + To3Zg + T24>

Neglectinghigherorderterms,after simplification, we ob-

tain:

)

(6)

)

(7)

T31Xo + T32Yp + T33Zg + 1

Az AN, AD
=22 _ = 8
T N, D (®)
Ay AN AD
2y _ SN 8D ©)
Y Ny D
where
N, = TnXo+T12Yo +T13Z0 +T1s
Ny = T51Xo +T22Yo + T23Zg + To4
D = T31Xo+T32Yy + 13320 +1
AN, = Ti10; + T120y + 1130,
ANy = 1510, + T220y + Th30,
AD = T310; + T320y + T330.

Giventhat|d,| < €,|0y| < €,]d;| < €, theabove equa-
tionsdetermingheacceptablealuesfor (Az, Ay) in terms
of known or estimatedquantities. Thus, we automatically
achiese viewpoint basedthresholdingvia the involvement
of T" and needonly fix the 3D thresholde upfront. We
foundthatthis combinedprojective-space/Euclidean-space
representationvorked well at distinguishingwalking from
running.

The following is an outline of the algorithm. We are
givenan action A which consistsof the actionvolume M
andthe Euclideanactionmodel E. We arealsogiven 2D
imagedatain frames,{ F'}. Theoutputis alist of startand
endpositionswheretheactionis foundto occur:

1. Foreachframef € F

(a) Calculate iy,12,43,74 Which determine the
quadricsurface(equation(3)).

(b) For the starting phaseinterval of M, calculate
guadraticandfind rootsif ary. If noroots,cal-
culatepoint on quadric,closestto the phasein-
terval by usingLagrangemultipliers (section4).
In both casesthe optimal pointin 3D invariance
spacel}, I, I andtheoptimalphase™ is found
from which, the probabilityp((I7, I3, I3)| A, t*)
is looked-upandpushednto alist L indexedby
framenumber

2. Apply temporaldomainsmoothingo L andextractlo-
cal maxima. Pushextractedlocal minimainto list L*.
ClearL.

3. Forindices(s,e) € L* wheres < e

(a) Estimateworld-to-imagetransformT of E to
theimageplane,with (s, e) correspondingdo the
startandendof E andtransformall of E to the
imageplane.

(b) Calculatedeviation in predictedand obsened
joint 2D locationsanddo thresholdingoasedon
equationg8) and(9). If acceptablepush(s, e, d)
into list L, whered is the netdeviation.

4. Remore overlappingintervals from L retainingthose
with smallerdeviationandreturnL.

5. Resultsusing 3D Approach

Performancevaluationwasdonefor thewalking andrun-
ning actions. The samedata,ground-truthand viewpoints
wereusedasfor the 2D approachThe actionvolumesand
the Euclideanspacerepresentationsf theactionswerecal-
culatedautomaticallyandinput to the 3D algorithmasthe
actionmodel. The mediancurve wasusedfor boththerep-
resentations.The samesix joints usedfor both, walking
andrunningandwerethefollowing : {Right-Knee Right-
Foot, Right-Elbow, Left-Knee,Left-Hand, Left-Foot}. The
following tableshavs theresults.



ViewpointNumber
Metric 1 2 3 4 5
Tot. Detects 528 | 522 | 510| 542 | 556
TrueDetects|| 512| 506| 481| 537| 476
TrueDet. % || 88.88| 87.85| 83.51| 93.23| 82.64
Misclass. 16 16 29 5 80
Misclass.% 3.03] 3.07| 5.69| 0.92] 14.39

Thetrue detectionrate and misclassificatiorrate defini-
tionsremainthe sameasthatfor the2D approachThetotal
numberof ground-truthedhctionsis 576in this case.As in
the 2D case performanceor viewpoint 5 is the worst, al-
thoughthe differencein detectionratefrom thoseof other
viewpointsis not asgreatasfor the 2D case. Relatve to
otherviewpointsandto the 2D casefalsepositivesaresig-
nificantlyhigher Thiscanperhapdeattributedprimarily to
the peculiaritiesof viewpointitself (cameraooking down,
joints coincidentor in very closeproximity etc.). Perfor
mancefor someof the otherviewpointsis worsethanthat
for the 2D approachsuggestinghat for selectactionsfor
which planardecompositions possiblethe 2D approachs
preferable. However, of course,the 3D approachs more
applicablefor a generalaction. Consideringthe variety of
viewpointschosenthe 3D resultslook encouraging.

6. Conclusions

We presentedwo approachefor modelingandrecognizing
humanactionsthatarehighly tolerantto viewpointchange,
using 2D and 3D invariancetheory The approachesre
alsoindependenbf action-speed/frame-rateubjects,and
minor variabilitiesin the action. Experimentalresultson
2D projectionsof motion capturedatashov good success
rates. As such, the analysisand resultsare preliminary
and warrantfurther investigationand performanceanaly-
sis. Clearly, the actionvocahulary needsto be broadened
(modeling of the sit-down action for the 3D caseis still
in progressandmary otheractionsneedto be modeledas
well). Thediscriminatingpower of action-volumesin rep-
resentingactions,andthepossibleuseof moreformal event
basedmodels(e.g. Petri Netsor coupledHidden Markov
models)is beinginvestigatedAnalysisis alsoundervay to
formulatetheproblemasajoint tracking/action-recognition
problemusing 3D invariantsand we believe that a state-
spacebasedapproachthat encodeghe overall poseof the
body and not specific‘image-featuresihich are sensitve
to imagenoise,is worth investigating.
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