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Abstract

Thispaperpresentstwo approachesfor the representation
andrecognitionof humanactionin video,aimingfor view-
point invariance. Thepaperfirstpresentsnew resultsusing
a 2D approach presentedearlier. Inherent limitations of
the2D approach arediscussedanda new 3D approach that
buildsonrecentworkon3D model-basedinvariants,is pre-
sented.Each action is representedas a uniquecurvein a
3D invariance-space, surroundedbyan acceptancevolume
(‘action-volume’). Givena videosequence, 2D quantities
fromthe image are calculatedandmatchedagainstcandi-
dateactionvolumesin a probabilistic framework. Thethe-
ory is presentedfollowedbyresultsonarbitrary projections
of motion-capturedatawhich demonstratea high degreeof
toleranceto viewpointchange.

1. Introduction
Humanactionanalysisandrecognition,hasbeena fertile
topic of studyfor severalyearsnow andthereexistsa vast
body of literature on the subject. The problem, simply
stated,is to be ableto accuratelyclassify the actionbeing
performedby ahuman,givenhis/hervideo.Severalsurveys
have attemptedto classify variousapproachesfor solving
the problem,recentonesbeing [8], [7], and [4]. Though
thecentralproblemis statedquitesimply, it is in factcom-
posedof severalchallengingsub-problems,eachof whichis
thesubjectof intenseresearch.Broadly, thesesub-problem
areasareLow level pre-processing,Bodyand poserepre-
sentationandActionrepresentationandrecognition. These
sub-problemareasare not completelyorthogonalto each
otherandpreviousapproachesto the problemhave not all
followedsucha clear-cut problemdecomposition- ‘holis-
tic’ approachesmappinglow-level featuresdirectly to an
action(e.g. [11], [5], [6]) have alsobeenproposed.These
methodsmaywell be thebestonesto useunderfixedcon-
ditionsbut they arenot applicablegenerally, especiallyfor
varyingviewpoints.

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

have describedan approachto detectcyclic motion that is
affine invariant assumingthat featurecorrespondencebe-
tweensuccessive framesis known. RaoandShah[12] pri-
marily target affine invarianceassumingthat the 2D posi-
tionsof thehandareknown. Syeda-Mahmoodet. al. [16]
representactionsas ‘cylinders’, formulating the problem
as a joint action-recognition/fundamental-matrix recovery
problem,assumingthat action start andend positionsare
known. Rosalesand Sclaroff describean interestingap-
proachfor mappinglow level featuresto a 2D body pose
usingmachinelearningtechniquesin [13]. Their approach
doesnot requiredetectingor trackingbodypartsandresults
in amoderateamountof viewpoint invariancedueto thein-
clusionof datasampledfrom a cameraat a fixed distance
all aroundthesubject.

Themannerin which body-posesandactionsarerepre-
senteddeterminestheexentof applicabilityof anapproach.
Ideally, the representationsshouldbe invariantto speedof
the action, framerateof the video sequence,minor varia-
tionswhenperformedby thesamesubject,minorvariations
whenperformedby differentsubjectsand,to variationsin
theviewpoint. At thesametime, therepresentationshould
be able to encodesufficient distinctionamongthe various
actionsthatwe would like to beableto classify. Our work
aimsat achieving theseobjectivesandexploresthe useof
2D and3D invarianttheoryfor thepurpose.

It shouldbe notedat the outset,that shotdetectionand
other imageprocessingtaskssuchasbody andbody-joint
detectionareoutsidethescopeof thepresentwork. Our fo-
cusis to find out how bestto usetheresultsfrom low-level
image-processingto aid in actionrepresentationandrecog-
nition. WeassumethatwearegivenJohannsontypedataas
input. This is achievedby theuseof arbitraryprojectionsof
publiclyavailablehumanmotioncapturedata.Notethatour
useof motioncapturedatafor visualhumanmotionanaly-
sis is very differentfrom previousapproaches(e.g. [3]) in
thatonly 2D datais usedby our recognitionalgorithm. In
otherwords,weusemotion-captureto ‘simulate’ theoutput
of a reliablelow-level image-processingmodule.

The remainderof the paperis organizedasfollows: In
sections2 and3, we briefly review a 2D method[10] and
reportnew results. In sections4 and5, we discussa more
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general3D approachwhichovercomesa fundamentallimi-
tationof the2D approachandwhich builds on work in the
areaof model-basedinvariants[17]. We concludeanddis-
cussfuturework in section6.

2. A 2D Approach
It is known that thereareno general,non-trivial invariants
for 3D-to-2D projection. However, the theoryunderlying
2D-to-2Dprojectionis very matureandtherearea number
of approachesonecould use,if the problemcould be for-
mulatedin a 2D-to-2Dframework. In otherwords,if a 3D
scenecanbesuitablydecomposedinto a numberof planar
patches,onecouldemploy any convenient2D invariantrep-
resentationfor the individual planesandcombinethesolu-
tions. In thecaseof severalhumanactionssuchaswalking,
running,waving etc.,it is notdifficult to identify severalkey
posesin the actionwhereseveral body joints align them-
selves in a plane. As an example,during walking, many
joints suchas the shoulders,head,feet etc. fall approx-
imately on a planethrice every walk cycle. Further, the
left limbs andtheright limbs traceareasapproximatelyon
planesduringany walk cycle, providedthesubjectdoesn’t
drasticallyalter thewalking directionin thatparticularcy-
cle. This is alsotrue for running. During the sit-down ac-
tion, betweenthe instantsthe subjectbegins sitting down
andthatwhens/heis seated,the right andleft sidesof the
bodytraceplanarareas.Similar argumentscouldbemade
for a numberof otheractions.
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Figure1: Planeformedby Right-Shoulder, Left-Shoulder,
Left-FootduringWalking

Oneof thecomponentsin our actionmodelis a canoni-
calpose,whereaselectedsetof bodyjointsisnearly-planar.
Figure1 shows the distances(normalizedby body length)
of theheadandright-foot to theplaneformedby thejoints�
right shoulder, left shoulder, left foot � for a walking sub-

ject. A simultaneouszero-crossingof the curvesindicates
planarity. Call thebodypose,whenthesefive joints areap-
proximatelyplanarfor walking,as ��� . This is thephasein
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Figure2: EuclideanNormof InvariantDistancesfor ���
theactionwherethefeetarenext to eachother. Givena set
of five pointson a plane,no threeof which arecollinear,
thereexist two invariants:� ��� �	��
 � �
����
� ����
 � ��
 � ��
 � �	��
 � �
��� �� ��� � � ��
 �
where

������� �������� ���� ��! � and �" � is the 2D point in ho-
mogenouscoordinates.For asmany canonicalposesaswe
chooseto modelanactionwith, we canpick five joints and
pre-computetwo suchinvariantsusingknown ground-truth
(usingmotion-capturedata,for example).Givenavideose-
quence,if thefive joints aredetected(or estimated)we can
calculatethe determinantcross-ratiosand comparethem
againstthoseof the canonicalposes. We usethe method
employedin [1] to calculatethe‘distance’betweentwo in-
variants,weightedbasedon their probability distributions
on the plane. Figure 2 shows the Euclidean-normof the
invariant distancesof the �#� posefor the samewalking-
sequenceusedin figure1. Usingsmallperturbationanaly-
sis,it canbeshownthatsmalldeviationsin ���� resultin small
deviationsin $ � �&% � 
(' . Hence,wecanusesuitablethreshold-
ing of theinvariant-distanceEuclidean-norm,followedby a
localminimaselectionto decideif thebodyis potentiallyin
aparticularcanonicalpose.

Oneof the problemswith this approachis that, the fact
that the invariantsmatch thoseof a particular canonical
pose,may not necessarilyimply that the body is in that
pose. The invariantswill alsomatchif someof the body
joint world positionslie anywherealongtheir linesof sight
from the camera. In fact, thereare infinite suchspurious
poses.Therearetwo strategiesfor reducingtheprobability
thatsuchspuriousposeswill bedetected.First,wecanrep-
resentacanonicalposeby morethanonefive-tupleof joints
with theobservationthattheprobabilitythattwo setsof five
joints aresimultaneouslyin spuriouspositionis low. Sec-
ondly, we can exploit planarityof joints spanningseveral
frames- we alreadynotedthatcertainlimbs traceareason
aplaneduringseveralactions.As anexample,for walking,
alternateoccurrencesof the ��� posedelineatea sequence
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of framesduringwhich, the left-arm/left-leg andtheright-
arm/right-leg are on the samerespective planes(approxi-
mately).Two jointsfor thestartandendframesgiveusfour
points. The two invariantsformedby a fifth moving point

Figure3: ISTs

will tracetwo trajectorieswhich we call invariancespace
trajectories(ISTs)(seefigure3). Runningcanbehandledin
thesameway. For thesit-down action,thedelineatorposes
includetheposewhenthefeetbecomestationary(stationar-
ity beingview invariant)in preparationfor sittingdown and
theposewhentheentirebodybecomesstationary. Theleft-
leg/left-shoulderandright-leg/right-shouldertraceareason
aplane.In additionto viewpoint invariance,theuseof ISTs
buysusindependencefrom theframerateandspeedof the
actionaswell, becausethestartingandendinginstants(and
hence,duration)of the ISTs arenot fixedupfront. Rather,
they areeventdriven(i.e. determinedby theoccurrenceof
specificcanonicalposes).An actionmodelwould thuscon-
sist of one or more canonicalposespecifications(i.e.the
joint namesandthetwo expectedinvariantvalues),andone
or moreISTs betweenthem. The completealgorithmcan
befoundin [10].

3. 2D Results

0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8
0

0.2

0.4

0.6

0.8

1

1.2

I
1

I 2

Median Invariance Space Trajectories

Walking
Running
Sit−Down

TIME 

Figure4: ISTsfor walking, runningandsitting-down

Weobtainedmotion-capturedatafrom CredoInteractive
Inc. andCarnegieMellon Universityin theBioVisionHier-
archyandAcclaimformats.Thecombineddatasetincluded

12subjectsperforming25walkingsequences,6 runningse-
quencesand18sit-down sequences.Eachwalkingandrun-
ning sequenceincludedoneto threecompletecyclesof the
respective action. Thereis very little variability in the in-
variantvaluesfor � � acrosssubjects.Wealsofoundthatthe� � invariantsareverysimilarbetweenwalkingandrunning
andhenceareby themselves,not sufficient to distinguish
walking from running. However, the ISTs are markedly
different. For walking andrunning,the samesetof joints
wereused- thehip andfoot werechosenasthe two joints
atdelineatorframeswhile thekneewaschosenasthemov-
ing point. For the sit-down action,the headandfoot were
chosenat thedelineatorframeswhile thehip waschosenas
themoving point. Figure4 shows theISTsfor thethreeac-
tions. Five randomviewpointswerechosenfor evaluation

Figure5: Walk seq.20, frameno. 100,all viewpoints

of thealgorithm.Figure5 showsthesamewalkingframeas
seenfrom the five differentviewpoints. The action-model
(i.e. the � � invariantsand the ISTs) werecalculatedin a
fully automaticmannerfrom the availablemotion-capture
data. A planarityassessmentprogramwasfirst run on the
datasetto determinethoseframesat which the joints for��� wereclosestto a plane. Thereare two possiblecases
when the body is in �#� - either the left or right leg can
be stationarywhile the other leg is in motion. A conven-
tion wasadpotedthat the ��� posewherethe left leg is in
motion is the ‘start’ of the action (for both, walking and
running). This alsoenabledus to automaticallydetermine
the ‘ground-truth’. ISTswereautomaticallycalculatedbe-
tweentwo consecutive starting � � poses. The algorithm
wasrun on all action-instances(792 in number). The dis-
tanceof eachaction-instancewascomputedagainsteachof
thethreeaction-models,andtheaction-modelwith theleast
distancewasdeclaredto be the classfiedaction. This was
evaluatedagainstthe known ground-truth. The following
tablesummarizestheactionclassificationresults:

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.% 3.89 2.94 1.99 1.53 0.92
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Thetruedetectionratehereis definedastheratioof cor-
rect detectionsto the expectednumberof detections(792
in this case).A misclassificationis definedasan instance
wherethe action was classifiedincorrectly (e.g. a walk-
cycle was classifiedas a run-cycle or a sit-down action).
Themisclassificationrateis definedastheratioof thenum-
ber of misclassificationsto the numberof total detections.
As it can be seen,the performanceof the algorithm for
viewpoint ) is the worst amongall the viewpoints. The
viewpoint is suchthat the cameralooks down on the sub-
ject,andthereareseveralinstanceswheresomeof thebody
joints arecoincidentor very closeto eachotherwhich am-
plifies the errors. In many cases,the ��� posewasmissed
andthis contributedto thepoorresults.

4. A 3D Approach
Althoughmany actionscanbedecomposedinto planesfor
asuitablesolutionby wayof the2D approach,theapproach
itself is not sufficiently generalfor the modelingof a gen-
eral action,necessitatingthe useof a 3D approach.In [2]
theauthorsshow thattherearenogeneral,non-trivial 3D in-
variantsthatcanbeusedto recognizeanarbitrary3D point-
set. However, this doesnot imply that invariantscannotbe
usedfor 3D object recognition. Indeed,aswasshown by
severalresearchers,notablyby Rothwelletal [14] andlater
by WeissandRay [17] it is possibleto recognize3D ob-
jectsfrom a singleview. WeissandRay in [17] developed
relationshipsbetweensix-tuple3D pointsand their corre-
spondingimagecoordinatesthat aresatisfiedfor all views
of the3D points.We first theirmainresultbelow:

Given a set of six world points
� �* � � , atleastthe first

four of which arenot on a plane,andtheir corresponding
imagepoints

� �" � � , (bothsetsof pointsin homogenousco-
ordinates)thefollowing relationholds:� � $ � 
,+.-/'�0 � 01
#+ � � $ � � +.-/'�0 � + � � $ � 
�+.-/'�01
#+��
 $ ��� +2-('30 � 0 �54���
 $ � � +.-/'�0 �64�� �7$ ��� +.-/'�0 � �98 (1)

where0 ���;: <� 
 : � �: � 
 : < � � 0 
 �=: <� 
 : ���: < � � : 
�� 0 � �;: <� 
 : � �: � 
 : < � �0 � � : < � 
 : ���: < � � : 
��� �,� � � � <
� <� � 
 �>
 � � � � <�� <� � � �>� � � � � <�� <� � � (2)

Here
� � �?� �* 
 �* � �* � �* � � i.e. the determinantformed

by thefirst fivepointsafterremoving thepointof theindex.
The prime denotesthe samequantitywith the sixth point
substitutedfor the fifth point, i.e.

� <� �@� �* 
 �* � �* � �*BA � .� �
determinethemodelinvariants. : ��� determinethe im-

ageplanedeterminants.Indexing similarly by the ‘points

left out’ we use : � 
 for � �" � �" � �" � � and : < � 
 for � �" � �" � �" A � .: �C� and : <�C� arequantitiesderivedfrom imagecoordinates.
Hence,equation1 describesa compatibility relation be-
tweenthe six-tuple 3D points and their 2D imagepoints,
thatholdsfor all viewpoints.

The humanbody can be representedby as many six-
tuples as possible,correspondingto several body joints.
Eachsuchsix-tuplewill give riseto three3D invariantval-
ues. For the humanbody performing an action, the in-
variant valueswill vary temporallyas the action evolves,
and give rise to a 3D curve in invariance-spacefor each
six-tuple. When the sameaction is performedby differ-
ent subjects,the invariancespacecurvesso tracedwill be
slightly different from eachother. Furthermore,the same
actionperformedby the samesubjectmultiple times will
also result in slightly different curves,as humansare not
perfectlyconsistentin performingactions. Hence,the ac-
tion will have to be representednot only as a 3D curve
throughinvariancespace,but alsowith a surrounding‘ac-
ceptancevolume’aroundthecurvebasedontheprobability
densityfunctions(pdfs)of theinvariants.Let’stermtherep-
resentationasan ‘action-volume’. Let usalsotermthe3D
curve asan ‘action-curve’. Using ground-truthfrom mo-
tion capture,action-volumescanbe empirically estimated
for severalactions,resultingin anactiondatabase.The3D
curve itself can be definedas the mediancurve obtained
from trainingdata.Parametrically, the3D curvecanberep-
resentedby three2D curveswith the abscissabeingnon-
dimensionalizedtime in D 8 % -�E , and the ordinatebeing the
invariants. FG�=8 will representthe startwhile FH� -

will
representtheendof theaction. F representsthephaseof the
action. The2D curvescanberepresentedby cubicsplines
for I +2-

intervals.For the J th suchinterval:��� $KF ' �ML ����N#4 L ��� � F 4 L ��� 
 F 
 4 L ��� � F �
whereF �PO F O F �RQ �SF����T8 % FVUW� - . For eachknotof the
spline,theempiricallydeterminedpdf XY$Z$ � � % ��
 % ��� ' � [ � % F � '
for a known action [ � andphaseF � is known to us.

Given a video sequenceconsistingof a labeledset of
bodyjointsandtheir imagelocationsperframe,wecancal-
culatethe imagebasedinvariants

0 �
in eachframe. When

substitutedin (1), these2D invariants will determinea
quadricsurfacein 3D invariancespacewhosevariablesare
the(unknown) 3D invariants:\Y]6^_\ 4 \`]6a �98 (3)

where\ �bD � � ��
,��� Edca �eD 01
�+f0g� % 01�>0g��+f01� % +�0 � 01
 4 0 � E c^ � hi 8 $ +�01
 4 01�>'�jlk $ +�0 � 4 0m�('�j&k$ +�01
 4 0m�('�jlk 8 $ 0 � 01
�+f0m�>0m�n'�jlk$ +�0 � 4 0g�/'�jlk $ 0 � 01
#+o01�>0g�/'�jlk 8
pq
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Thequadricsurfacewill potentiallyintersectseveralaction
volumesand in particular, the action-volume correspond-
ing to the actionbeingperformed. Equation3 essentially
constrainsthe setof possibleactionsthat the body is per-
forming, to thosethat the quadricsurfaceintersects.Each
intersectionpoint is a candidatephaseof a candidateac-
tion. A problemto be solved here is that of finding the
action-volumesin the databasethat thequadricsurfacein-
tersects.Allowing for variabilities,we alsoneeda measure
of closenessof the quadricsurfaceto eachphaseof each
candidateaction-volume.Ignoringprobabilitiesfor now, if
the threetime-parametrizedcubic splinesfor eachaction-
curve are substitutedinto 3, the problembecomesthat of
findingzeroesof asixthdegreepolynomialin F perinterval
andcheckingif therootsfall within theinterval. Thiswould
haveto berepeatedfor all intervalsof thecubicspline.

The problemcan be simplified if we sacrificeperfect-
accuracy andsettlefor linear-splines. In addition,compu-
tationalcostcanbereducedby operatingon a coarserdis-
cretizationof thetime interval D 8 % ->E . This would resultin a
quadraticequationin F . If thequadricdoesn’t intersectthe
givenactionvolume,thequadraticscorrespondingto theac-
tion will have imaginaryroots.In this case,we would need
to determinethe point on the quadricsurfacethat is clos-
est to the line segmentrepresentingthe interval. We seek
thecylinderof smallestradiuswith axisastheline segment
that is tangentto the quadric. To solve this problem,we
first transformthequadricandtheactioncurve to a canon-
ical frame of referencewherethe line segmentruns from$r8 % 8 % 8 ' to $ - % 8 % 8 ' usingtranslation,rotationandscaling.
NotethattheseareEuclideantransformationsof the3D in-
variancespace.Thematrix form of thequadricallowsusto
easilycalculateits equationin thecanonicalcoordinatesys-
temby substituting\ �ts(uv$�w\ +ox/' into equation3 giving:w\ ] w^ w\ 4 w\ ] wa 4Myz �M8 (4)

The problembecomesone of minimizing
y� 
 
 4 y� � 


sub-
ject to 8 O y� � O -

and (4). Lagrangemultipliers and
slackvariablesfor theinequalityconstraintscanbeusedto
arrive at a solution to the problem. This processinvolves
thesolutionof aquarticequationwhich in turn requiresthe
solutionof a cubic equation,an elegantsolution to which
canbe found in [9]. Thesolutionis transformedbackinto
theoriginal frameof referenceandtheoptimalpointon the
quadric $ ��{� % ��{
 % �3{� ' is found. The optimal phaseF { is that
which produces

� {� . We look up the known joint proba-
bility X`$�$ �3{� % ��{
 % �3{� ' � [ % F { ' where [ is the action. At each
video frame, for all the phaseintervals, we thuscalculate
the probability that a particularposeof a particularaction
is occurringat that frame. As an example,figure 6 shows
theprobabilityfor thestartingpose( F { �t8 ) of therunning
actionasseenfrom viewpoint 1 (from theviewpointsused
in section3), smoothedusingagaussianfilter of width 7.
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Figure 6: Probability of the startingposefor the running
action

Thereweretwo difficultiesweencounteredwith thisap-
proach. First, experimentswith motion capturedata re-
vealedthat the action volumesfor walking and running
werevery similar, andnot by themselvesadequatefor dis-
tinguishing betweenthem, perhapspointing to a loss of
specificityin representingtheactionin 3D invariancespace.
Second,we initially pursueda dynamicprogrammingap-
proachwhere the probability of the action occurringbe-
tweentwo given frameswas maximized. For continuous
action sequences,this was problematicin the sensethat
the start of one instanceand the end of a later instance
wassometimesreturninga probabilitygreaterthanthat for
the true startandend. Although this could be fixed using
heuristics,we settledfor a differentapproachdescribedbe-
low, thatalsoaddressesthefirst problem.

In additionto maintainingactionvolumes,wemaintaina
Euclideanrepresentationof theaction.Froma givenvideo
sequence,we extract2D quantitiesandcalculatethe prob-
ability of the start andendphasesper frameasdescribed
above. We pick frameswherethe probabilitiesareabove
a thresholdand are local maxima. (1) establishesa cor-
respondencebetweenthe world points and image points
for six points (i.e. 12 equations),which is enoughto be
able to determinethe world-to-imagetransformmatrix of-l-

unknowns. However, we have twelve point correspon-
dences(i.e. 24 equations)from the starting and ending
poses,which we useto estimatethe matrix usingSingular
ValueDecomposition.Given this, the Euclideanrepresen-
tationof the actionis transformedto the imagecoordinate
systemandthedifferencesbetweenjoint positionsarecal-
culated.If thedifferencesarewithin a threshold,theaction
is declaredasbeingpotentiallyoccurringbetweenthestart
andendframes. If more thanoneactionsmatch,the one
with the smallerdistanceis chosen.Picking the right im-
agethresholdis important. Fixing it to a constantfor all
viewpointswould make the algorithmthrow out perfectly
goodmatchesfor oneviewpoint while possiblyaccepting
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falsematchesfor others. Oneideawould be to choosean
absolutethresholdthat is ground-truthbasedandcalculate
viewpoint thresholdsbasedon the absolutethresholdand
the estimatedworld-to-imagetransform. We allow a 3D
joint position to be within an error cube. The 3D thresh-
old is the sideof the cube,which canbe fixed upfront. If
necessary, onecanusedifferent3D thresholdsfor different
joints of thebody, basedupontheir relative importancefor
theaction.Let usconsideroneparticularjoint | whoseex-
pected3D positionis $ * N %�} N %R~ N ' . Let ussaythatwehave
equalthresholds

k&�
suchthatweallow the3D positionof | ,$ * %�}6%R~ ' to bewithin thefollowing cube:� * + *�N � O � � } + } N � O � � ~ + ~ N � O � (5)

Let ussaythat theobserved2D positionis $ " %�� ' while the
expected2D positionis $ " N %Z� N ' . Thegoal is to determine
a thresholdfor thedifference,$�� " % � � ' ��$�$ " + " N ' % $ � +� N 'Z' . We furtherknow theestimatedworld-to-imagetrans-
form � . Let

* � *�N,4��>�
, } � } N�4��>� , ~ � ~ N�42�>� .

We havethefollowing:� " �f� �����&$ * N 4�� � ' 4 ��� 
 $ } N 4�� � ' 4 ��� � $ ~ N 4�� � ' 4 ��� �� � ��$ * N 4�� � ' 4 � ��
 $ } N 4�� � ' 4 � ��� $ ~ N 4�� � ' 4 -9�+ � ����� * N 4 ��� 
 } N 4 ��� � ~ N 4 ��� �� � � * N 4 � ��
 } N 4 � ��� ~ N 4 -9� (6)� � � � � 
 � $ *�N54��>� ' 4 � 
�
 $ } N�4��>� ' 4 � 
�� $ ~ N#4��n� ' 4 � 
Z�� � ��$ * N 4�� � ' 4 � ��
 $ } N 4�� � ' 4 � ��� $ ~ N 4�� � ' 4 -9�+ � � 
 � *�N�4 � 
�
 } N�4 � 
�� ~ N�4 � 
Z�� � � * N 4 � ��
 } N 4 � ��� ~ N 4 -9� (7)

Neglectinghigherorderterms,aftersimplification,we ob-
tain: � "" � ��I �I � + ���� (8)� �� � ��I �I � + ���� (9)

where I � � � ��� *�N�4 � � 
 } N#4 � � � ~ N�4 � � �I � � � 
 � *�N�4 � 
�
 } N#4 � 
�� ~ N�4 � 
Z�� � � � � * N 4 � ��
 } N 4 � ��� ~ N 4 -��I � � ����� � � 4 ��� 
>� � 4 ��� �>� ���I � � � 
 � � � 4 � 
�
>� � 4 � 
��>� ���� � � � � � � 4 � ��
>� � 4 � ���>� �
Giventhat � � � ��� � % � � � ��� � % � � � �`� � , theabove equa-

tionsdeterminetheacceptablevaluesfor $g� " % � � ' in terms
of known or estimatedquantities.Thus,we automatically
achieve viewpoint basedthresholdingvia the involvement
of � and needonly fix the 3D threshold

�
upfront. We

foundthat this combinedprojective-space/Euclidean-space
representationworkedwell at distinguishingwalking from
running.

The following is an outline of the algorithm. We are
given an action [ which consistsof the actionvolume

�
andthe Euclideanactionmodel � . We arealsogiven 2D
imagedatain frames,

�/� � . Theoutputis a list of startand
endpositionswheretheactionis foundto occur:

1. For eachframe ��� �
(a) Calculate

0 � % 0 
 % 0 � % 0 � which determine the
quadricsurface(equation(3)).

(b) For the startingphaseinterval of
�

, calculate
quadraticandfind roots if any. If no roots,cal-
culatepoint on quadric,closestto the phasein-
terval by usingLagrangemultipliers (section4).
In bothcases,theoptimalpoint in 3D invariance
space

��{� % �3{
 % �3{� andtheoptimalphaseF { is found
from which, theprobability X`$�$ �3{� % ��{
 % �3{� ' � [ % F { '
is looked-upandpushedinto a list � indexedby
framenumber.

2. Apply temporaldomainsmoothingto � andextractlo-
cal maxima.Pushextractedlocal minimainto list � { .
Clear � .

3. For indices $gs %�� ' ��� { where sH� �
(a) Estimateworld-to-imagetransform � of � to

theimageplane,with $�s %�� ' correspondingto the
startandendof � andtransformall of � to the
imageplane.

(b) Calculatedeviation in predictedand observed
joint 2D locationsanddo thresholdingbasedon
equations(8) and(9). If acceptable,push $�s %���%�� '
into list � , where� is thenetdeviation.

4. Remove overlappingintervals from � retainingthose
with smallerdeviationandreturn � .

5. Results using 3D Approach

Performanceevaluationwasdonefor thewalking andrun-
ning actions. The samedata,ground-truthandviewpoints
wereusedasfor the2D approach.Theactionvolumesand
theEuclideanspacerepresentationsof theactionswerecal-
culatedautomaticallyandinput to the3D algorithmasthe
actionmodel.Themediancurvewasusedfor boththerep-
resentations.The samesix joints usedfor both, walking
andrunningandwerethefollowing :

�
Right-Knee,Right-

Foot,Right-Elbow, Left-Knee,Left-Hand,Left-Foot� . The
following tableshows theresults.
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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

Thetruedetectionrateandmisclassificationratedefini-
tionsremainthesameasthatfor the2D approach.Thetotal
numberof ground-truthedactionsis 576in this case.As in
the 2D case,performancefor viewpoint 5 is the worst, al-
thoughthe differencein detectionratefrom thoseof other
viewpoints is not asgreatas for the 2D case. Relative to
otherviewpointsandto the2D case,falsepositivesaresig-
nificantlyhigher. Thiscanperhapsbeattributedprimarily to
thepeculiaritiesof viewpoint itself (cameralooking down,
joints coincidentor in very closeproximity etc.). Perfor-
mancefor someof the otherviewpointsis worsethanthat
for the 2D approach,suggestingthat for selectactionsfor
whichplanardecompositionis possible,the2D approachis
preferable.However, of course,the 3D approachis more
applicablefor a generalaction. Consideringthe varietyof
viewpointschosen,the3D resultslook encouraging.

6. Conclusions
Wepresentedtwo approachesfor modelingandrecognizing
humanactionsthatarehighly tolerantto viewpointchange,
using 2D and 3D invariancetheory. The approachesare
alsoindependentof action-speed/frame-rate,subjects,and
minor variabilities in the action. Experimentalresultson
2D projectionsof motion capturedatashow goodsuccess
rates. As such, the analysisand resultsare preliminary
and warrant further investigationand performanceanaly-
sis. Clearly, the actionvocabulary needsto be broadened
(modelingof the sit-down action for the 3D caseis still
in progressandmany otheractionsneedto be modeledas
well). Thediscriminatingpower of action-volumesin rep-
resentingactions,andthepossibleuseof moreformalevent
basedmodels(e.g. Petri Netsor coupledHiddenMarkov
models)is beinginvestigated.Analysisis alsounderway to
formulatetheproblemasajoint tracking/action-recognition
problemusing 3D invariantsand we believe that a state-
spacebasedapproachthat encodesthe overall poseof the
body andnot specific‘image-features’which aresensitive
to imagenoise,is worth investigating.
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