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Abstract

Perceivingdynamicscenesof rigid bodies,throughaf�ne
projectionsof moving 3D point clouds,boils downto clus-
tering therigid motionsubspacessupportedby thepoints'
image trajectories. For a physicallymeaningfulinterpre-
tation, clusters mustbeconsistentwith thegeometryof the
underlyingsubspaces.Most of the existing measures for
subspaceclusteringare ambiguous,or geometricallyin-
consistent.A practical consequenceis that methodsbased
on such (dis)similaritiesare unstablewhenthe numberof
rigid bodiesincrease. ThispaperintroducestheNormalized
SubspaceInclusion(NSI) criterion to resolvetheseissues.
Relyingon this similarity, we proposea robust methodol-
ogy for rigid motionsegmentation,and test it, extensively,
on theHopkins155database. Thegeometricconsistencyof
theNSI assuresthemethod'saccuracywhenthenumberof
rigid bodiesincreases,while robustnessprovesto be suit-
ablefor dealingwith challengingimagingconditions.

1. Intr oduction

Extendingthe structurefrom motion framework from
onerigid object(TomasiandKanade[10]) to multiplemov-
ing objectsappearingin the �eld of view (Costeiraand
Kanade[1], Ozdenet al. [5], Yan andPollefeys [17]), re-
quirestheprimarytaskof identifying therigid bodiesin the
scene,wetherthey are independentrigid objects,or rigid
partsof articulatedobjects(Fig. 1).

In the �nite samplescenario,rigid bodiesarecloudsof
3D pointsmoving rigidly. Assumingaf�ne projectionsand
given their correspondencesalongthe sequence,segment-
ing the rigid motionsis framedasthe robust clusteringof
their imagedtrajectories.Theclusteringrelieson subspace
comparison,becausethe 2D trajectoriesof rigid motion
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(a)Articulatedobject (b) Multiple rigid objects

Figure1. Rigid-bodysegmentation:our resultof segmenting(a)
the articulatedand (b) cars10sequences,from the Hopkins155
database(TronandVidal [11]) (red� arepointsclassi�edoutliers).
Section4 presentsresultsover theentiredataset.

supportlinearsubspaces.
We �nd thatpropersubspaceclusteringrequiresinvari-

anceboth to the orthogonalandthe inclusionrelationship
betweensubspaces.Most of theexisting measuresfor sub-
spacecomparisondonotcomplywith thisobservation,thus
beinginappropriatefor a uni�ed treatmentof the problem
andunstablewhenthenumberof motionsincrease.In sec-
tion 3 we provide simpleexamplesproving thesefacts. In
particular, we show that a geometricconsistentcriterion
cannotbea distancefunction,becauseit violatesthe iden-
tity of the indiscernibles1 by beingconsistentwith the in-
clusionof subspaces(i.e. if L 1 � L 2 , whereL 1 andL 2 are
motionsubspaces,thecriterionmustre�ect thatall features
supportingL 1 also supportL 2 , as the trajectoriesof the
pointsontheL 1 linesalsolie ontheL 2 boxesin Fig. 1(a)).

The main contribution of this paperis the normalized
subspaceinclusion(NSI), a criterion for subspacecluster-
ing consistentwith the geometryof the underlying sub-
spaces.Ourapproachfor (rigid) motionsegmentationrelies
on splitting theobservationsinto geometricallymeaningful
clusters,andagglomeratingthem,undertheNSI criterion,
to providetheadequateinterpretation(segmentation),given
thetotalnumberof motions(seeFigure3).

1We call the identity of indiscerniblesto the following metric axiom
thatany distancefunctionD mustsatisfy:D (x; y) = 0 , x = y.



Extensive validationon theHopkins155database(Tron
andVidal [11]) shows that our approachcan leveragethe
segmentationresultsgivenby state-of-the-artmethods(e.g.,
ALC from Rao et al. [7] and LSA from Yan and Polle-
feys [17]), particularly in challengingsettingspresenting
morethantwo rigid bodiesandoutdoorscenes.

2. Motion Subspaces

Considera rigid bodymoving relative to thecameraand
let N j be the numberof 3D points x j i tracked over F
frames(theindex j representsthej th rigid bodyin amulti-
body scene).Assumingaf�ne projections,thedatamatrix
W j 2 R2F � N j , collectingtheimagesof thepoint trajecto-
ries,is writtenas

W j = [w j 1 : : : w j N j
]; j = 1; : : : ; M (1)
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where R f
j is the rotation, and t f

j the translation,of the
j th rigid body's coordinateframe relative to the camera
at time (image) f , and K 2� 4 collects the af�ne model's
intrinsic parameters.Given (3), W j can be decomposed
into a motion matrix M j 2 R2F � 4 and structurematrix
Sj 2 R4� N j , asshown by TomasiandKanade[10], i.e.
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Sincethe columnsubspaceof W j is generatedby the
motion matrix M j , it is a (rigid) motionsubspace. From
(5), themeasurementmatrix W j is at mostrank4, andso
is thedimensionof therigid motionsubspace.

2.1. ProblemFormulation

Whena scenecontainsmultiple objects(rigid or artic-
ulated),we built the datamatrix W 2 R2F � N by track-
ing the trajectoriesof M rigid bodieswith different mo-
tionsrelative to thecamera.HereN = N0 + : : : + NM is
thetotalnumberof point trajectories,andN0 is thenumber
of outlying trajectories,i.e. mismatchesor nonrigidmoving
points. Hence,theproblemof (rigid) motionsegmentation
is to identify the trajectoriesof eachrigid body, aswell as
theoutlying trajectories(Fig. 2).

Formally, givenadatamatrixW , constructits canonical
(segmented)form, i.e.

W = [W 0W 1 : : : W M ]; (6)

where W 0 assemblesan arbitrary number of outliers,
W j = M j Sj (j 6= 0), and the subspacesgeneratedby
eachrigid bodymayintersectarbitrarily.

From (5), identifying rigid bodiesis tantamountto seg-
menting the subspacessupportedby their 2D trajecto-
ries. However, the basisof the motion subspacesis given
by stackingthe af�ne projectionsof the specialeuclidean
group (4), and segmenting, while imposing the metric
(rotation and translation)constraints,leadsto the cyclic
dilemma: to checkthe constraintsit is necessaryto seg-
mentfeaturesandto segmentit is necessaryto computethe
constraints.

A usefulalternative is to imposethenumberM of mo-
tions extrinsically, as shown in the works of Sugayaand
Kanatani [8], Vidal et al. [12], Yan and Pollefeys [17],
thoughthis will not,per se, imposephysicalcoherence.To
attain it, the M clustersmust respectthe geometryof the
underlyingmotionsubspaces.

2.2. RelatedWork

Under af�ne projections,independentmotions,and no
outliers, the segmentationis obtainedby the block diago-
nal structureof the shapeinteractionmatrix (Costeiraand
Kanade[1]). Unfortunately, null cross-correlationdoes
not hold for partially dependentmotions, motivating ap-
proachessuchastheSugayaandKanatani[8] Multi-Stage
Learning(MSL), theVidal etal. [12] GeneralizedPrincipal
ComponentAnalysis(GPCA)or theYanandPollefeys[17]
LocalSubspaceAf�nity (LSA).

The resultson the Hopkins155database(Tron andVi-
dal [11]) showed that the LSA was the most accurateof
thesemethods.However, aswe show in section3, thesum
of the squaredsinesof the principal angles,i.e. the crite-
rion underlyingthe af�nity in the LSA method,may pro-
videno insightinto thegeometricrelationbetweentheseg-
ments.Also, all previousmethodsrely on theglobal rank
detectionof a datamatrix, which is proneto errorsin the
presenceof noiseandoutliers. Therefore,someadditional
procedure,e.g. RANSAC mustbe consideredto dealwith
outliers. Furthermore,recentresults(Rao et al. [7]) sug-
gestedthatrobustnessimprovesthesegmentation.

Recent approachessuch as the MDPO (Jian and
Chen[3]), theGMC (Silva andCosteira[6]) andtheALC
(Rao et al. [7]) are intrinsically robust. The MDPO is a
two-view approach,combiningmixturesof Dirichlet pro-
cesswith RANSAC, andhasthe advantageof beinginde-
pendentof thenumberof clusters.However, its application
is limited to independentmotionsin acalibratedsetup.The
GMC is a divisive method,usingrecursionover thespace
of thedimensionsto complywith degeneracies,andexplor-
ing theriemannianstructureof theGrassmannmanifoldto
�nd the maximumconsensussubspace.The ALC follows
an agglomerative strategy, minimizing the segmentation's



(a)The�rst, secondandlastframefrom theKanatani3sequence(Hopkins155database)with thepointsclassi�edasoutlierssuperimposed.

(b) MSL andALC (c) our result

Figure2. Outlierdetection:(a)Featurepointsin thechinareoutliers:their imagepositionsslidealongthesequenceinanon-rigidway. (b)
Thesegmentationgivenby theMSL (SugayaandKanatani[8]) andALC (Raoetal. [7]) fails to detectthem.Ourapproach(c) recognizes
theoutlying trajectories,thoughadmittingonefalsenegative (theforeheadpoint).
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Figure 3. Two step approach: imposing the number of sub-
spacesprovidessemanticalmeaningfor thegeometricsegmenta-
tion, sincethelatter is a relaxedsolutionof themotionsegmenta-
tion problem.

coding length over a rangeof distortions. It is often ac-
curate,but very time consumingandmay loserobustness
duringthevoting process(Fig. 2).

Fig.3 summarizesourapproach.TheGMC providesthe
initial groupingand the correspondingdimensionsof the
underlyingsubspaces.Theseclustersarepair-wise hierar-
chicallyagglomeratedundertheNSI criterion,thus�nding

the interpretationaccordingto the numberof motionsim-
posed.

3. Normalized SubspaceInclusion (NSI)

Physicallymeaningfulsubspaceclusteringmustbegeo-
metricallycorrect.We will useexamplesto show thatmost
of the subspaceclusteringcriteria are ambiguousand re-
sult into inconsistentclusters,i.e. clustersdisrespectingthe
geometricrelationbetweentheunderlyingsubspaces.The
reasonis that they are invariantonly to the orthogonalor
to the inclusionrelationshipbetweensubspaces,but not to
both.

Following this observation, we proposethe normalized
subspaceinclusion(NSI) criterion.Let L 1 andL 2 belinear
subspacesof Rn , suchthatdim(L 1 ) = d1 anddim(L 2 ) =
d2. De�ne theNSI as

NSI(L 1 ; L 2 ) =
tr f U T

1 U 2U T
2 U 1g

min (d1; d2)
; (7)

wheretr f�g is the tracefunction and,U 1 andU 2 areor-
thonormalbasesfor L 1 andL 2 , respectively.

TheNSI measuresthesimilarity betweentwo subspaces
by quantifying“how mucha subspacebelongsto another”.
Formally, it generalizesthe cos2 betweenvectorsby con-
sideringall principaldirectionsbetweentwo subspaces.



3.1. SubspaceClustering

A key issuein any clusteringalgorithmis to determine
thegroups'(dis)similarity. Thefollowing criteriaareoften
employedwhenclusteringsubspaces2:

� LPA: TheLeastPrincipalAngle is a dissimilaritycri-
terion, usedby Yan andPollefeys [17] to build kine-
maticchains;it is de�ned as

LPA(L 1 ; L 2 ) = cos� 1
� q

� max
�
U T

1 U 2
�
�

(8)

� SD: TheSubspaceDistance

SD(L 1 ; L 2 ) =
q

max(d1; d2) � tr f U T
1 U 2 U T

2 U 1 g
(9)

veri�es all distanceaxioms, and is applied in face
recognition(Sunet al. [9] andWangetal. [13]).

� SCPA: ConsideringtheSumof thecos2 of thePrinci-
palAngles

SCPA(L 1 ; L 2 ) = tr f U T
1 U 2 U T

2 U 1 g: (10)

will alsoshow the importanceof thenormalizationin
theNSI criterion(7).

� SSPA: TheSumof thesin2 of thePrincipalAnglesis
thedissimilarity employedby Yan andPollefeys [17]
in their af�nity e� SSP A (L 1 ;L 2 ) ; it canbewrittenas

SSPA(L 1 ; L 2 ) = min(d1; d2) � SCPA(L 1 ; L 2 ):
(11)

The following examplesmotivate the usefulnessof the
NSI criterion3. Practical situationsinclude degenerated
structuresclusteredinto moregeneralrigid bodies,suchas
linesin boxes(Fig. 1 (a)),or interpretingscenescontaining
bothindependentandpartially dependentmotions.

Example1 (LPA) LetL 1 = spanf [0 1p
2

1p
2
]T g and
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1 0
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9
=

;
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3

5

9
=

;
;

asin Fig. 4. SinceL 1 � YZ andYZ \ X Z 6= ; , wehave

LPA(L 1 ; YZ ) = 0; LPA(X Z ; YZ ) = 0; (12)

2We do not considerthe largestprincipalangle,de�ned asthe matrix
2-normof the differencebetweentheorthogonalprojectors,becauseit is
relatedto the notion of distancebetweenequidimensionalsubspaces[2],
thusbeingof restrictedapplication.

3In all caseswe aregiven m = 3 subspacesandhave to clusterthem
into M = 2 linearmanifolds.

X Z

YZ
L 1

Figure4. Thesubspaceunionof Example1.

disregarding that all points lying in L 1 also supportYX ,
but not all points in YX belongto X Z . We mayusethis
exampleto showthat thesumof thecanonicalcorrelations
(Kim etal. [4]) is not inclusionconsistent,becauseit is only
invariant to theorthogonalitybetweensubspaces.

Example2 (SCPA and SD) Considerthe following sub-
spacesof R4 : L 1 = spanf [0 1p

2
1p
2
0]T g, and

X YZ =span
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From(10),

SCPA(L 1 ; X YZ ) = 1; SCPA(Z W; X YZ ) = 1; (13)

showingthat,withouttheNSI'snormalization(7), wehave
theambiguityfromthepreviousexample. Also,applyingthe
SubspaceDistance(9),

SD(L 1 ; X YZ ) =
p

2; SD(L 1 ; Z W) =
q

3
2 ; (14)

implies
SD(L 1 ; X YZ ) > SD(L 1 ; Z W); (15)

which is inconsistentwith thefact thatall pointsin L 1 have
zerodistanceto X YZ andnonzerodistanceto Z W.

Example3 (SSPA) ConsiderR5 andsupposewe haveto
clusterL V = spanf [00001]T g and

X YZ =span
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into M = 2 groups. Note that L V is orthogonal to both
X YZ andZ W, whereasthelatter intersect.However,

SSPA(L V ; X YZ ) = 1; SSPA(L V ; Z W) = 1 (16)

SSPA(Z W; X YZ ) = 1; (17)

which is inconsistentwith the orthogonality betweenL V

and the other subspaces.In this venue, the productof the
squaredcanonicalcorrelations(Wolf andShashua[15]) is
alsoorthogonallyinconsistent,sinceasingleorthogonaldi-
rectionis suf�cient for nullity.

Normalized SubspaceInclusion. Maximizing theNSI (7)
providesthecorrectclusteringfor all examples:

� Example1:

NSI(L 1 ; YZ ) = 1; NSI(L 1 ; X Z ) = 1
2 : (18)

NSI(X Z ; YZ ) =
1
2

: (19)

So, we group L 1 with YZ . We will show that the
NSI is unitaryiif thesubspacesverify L 1 � L 2 .

� Example 2:Applying the NSI, we get the numerical
resultaccordingto thestrengthof thegeometricrela-
tion betweenthesubspacesand,therefore,thecorrect
grouping,i.e.

NSI(L 1 ; X YZ ) = 1; NSI(L 1 ; Z W) = 1
2 (20)

NSI(Z W; X YZ ) =
1
2

: (21)

andtheclustersarefL 1 ; X YZ g andZ W.

� Example3: TheNSI's resultsare

NSI(L V ; X YZ ) = 0; NSI(L V ; Z W) = 0 (22)

NSI(Z W; X YZ ) =
1
2

; (23)

providing thecorrectclustersby takingthemaximum.
We will show that the NSI hasthe propertyof being
null iif thesubspacesareorthogonal.

3.2. Propertiesof the NSI

Let L 1 andL 2 be subspacesof Rn , with arbitrarydi-
mensionsd1 andd2, andunitarybasesU 1 andU 2 , respec-
tively. Notethat

tr f U T
1 U 2 U T

2 U 1g = tr f U 2U T
2 U 1U T

1 g (24)

= tr f U T
2 U 1U T

1 U 2g (25)

=
min (d1 ;d2 )X

k=1

� 2
k (U T

1 U 2 ) (26)

=
min (d1 ;d2 )X

k=1

cos2(� k (L 1 ; L 2 )) (27)

� min(d1; d2) (28)

where� k is thekth singularvalueof thematrix argument,
and� k is thekth principalanglebetweenL 1 andL 2 .

Recalling(7), the normalizedsubspaceinclusion(NSI)
criterionhasthefollowing properties:

� BasisIndependent: TheorthogonalprojectorsU j U T
j

in (24) areuniqueandindependentof thechosenbasis.

� Symmetric: From (25) we seethat NSI(L 1 ; L 2 ) =
NSI(L 2 ; L 1 ). So, the NSI can be usedto construct
af�nity matrices(asin Weiss[14]). However, if d1 6=
d2, theNSI shouldbe interpretedas“how much” the
lower dimensionalsubspacebelongsto thegreaterdi-
mensionalone.

� normalized: From (26–28) we have 0 � NSI �
1. This property sets two invariant values for the
orthogonaland inclusion con�guration, respectively.
Also, it allows using the NSI in fuzzy clusteringal-
gorithms[16].

� orthogonality consistency: Notethat

L 1 ? L 2 , cos(� k (L 1 ; L 2 )) = 0; (29)

8 k = 1; : : : ; min(d1; d2), and,from (27) and(7),

NSI(L 1 ; L 2 ) = 0 , L 1 ? L 2 : (30)

� inclusion consistency: Without lossof generality, let
d1 � d2. Then

L 1 � L 2 , cos(� k (L 1 ; L 2 )) = 1; (31)

8 k = 1; : : : ; d1. Recalling(27) and(7)

NSI(L 1 ; L 2 ) = 1 , L 1 � L 2 : (32)

The inclusionconsistency propertyimplies that a crite-
rion for subspaceclustering,interpretedasa dissimilarity,
mustnot be a distancefunction,becauseit will violate the
identityof theindiscernibles(oneof themetricaxioms)that
any distancemustverify. Unlike othercriterion,theNSI is
invariantto both the orthogonalandinclusionrelationship
betweensubspaces,thusleveragingthesubspaceclustering
results,asshown in thenext section.

4. Experiments

Our approach(Fig. 3) relieson a �rst robustsegmenta-
tionof theunionof thesubspaces.To implementtheGMC ,
we projectthedatamatrix ontoits 4M -dimensionalprinci-
pal space(M is thenumberof rigid motions)4, eachresult-
ing pointontothesphere,andlet theoptimizationthreshold
de�ne the inliers' bandfor eachgroup. Hence,the whole
approachreliessolely on the given numberof (rigid) mo-
tionsM .

44M is the maximumpossiblerank of the observationswithout out-
liers, i.e. it is thetruerankof thedatamatrix only if its rangeis theunion
of M independentfull motionsubspaces.
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Figure5. Syntheticscene:(a) two independentlymoving spheres:
the hemispheresof the right one rotate, in oppositedirections,
aroundtheworld'sz � axis , while thewholespheretranslates;(b)
averagemisclassi�cationrateper criterion (1000trials per noise
level, considering512� 512images).

4.1. Synthetic scene

Observingthe scenein Fig. 5(a) generatesa sequence5

that generalizesExamples1–3. It combinesalmost all
possibledegeneracies:the featuresfrom right spheresup-
portpartiallydependent,degeneratedmotionsubspaces,be-
causethe motion from eachhemisphereis perceived has
planar(i.e. thereis no “depth” information). Also, there
is transparentmotionfrom thesouthhemisphere.

The resultsin Fig. 5(b) were obtainedusing the same
subspaceclusteringalgorithm,only differing thecriterion:
as long as the initialization is geometricallycorrect, the
NSI guaranteesbettersceneinterpretationsthan the other
criteria.

4.2. Real data

The Hopkins155databaseconsistsof 155 sequences,
with 2 and3 rigid bodies,dividedinto threeclasses(Fig.6),
andthe pointswereautomaticallytracked, with the track-
ing errorsmanuallycorrected[11]. In orderto beconsistent
with this ground-truth,we needto considerevery point as
aninlier, thusoutlierswereassignedto thegroupsupporting
its nearestsubspace.

Tables1–3 presentthe resultsof our method,together
with theLSA (asprovidedwith theHopkins155database)
andthe(sparseprojection)ALC themostaccuratemethods
testedon theentiredataset(Raoet al. [7]).

Table 1 presentsthe resultsby class. Our approach
achievesthehighestaccuracy in thetraf�c class,whichcon-
tainssequencestaken by handheldcamera,often with de-
generatemotions[11], pointing out its robustnessto real-
world imagingconditions. Also, the misclassi�cationrate
decreasesasthenumberof motionsincreases,beingourap-

5121framesfrom a�x edorthographiccamera(withoutocclusion)with
the optical axis alignedwith the z � axis of the world coordinatesys-
tem.Theinter-framerotationwas3 degreesandthetranslationof theright
spherewas3/121unitsalongthenegative directionof thex � axis .

method checkboard articulated traf�c
avg [%] j std [%] avg [%] j std [%] avg [%] j std [%]

LSA 3.35j8.06 4.58j6.59 9.09j14.86
ALC 2.37j6.18 12.30j16.50 3.06j6.21
our result 3.54j7.39 7.79j8.22 1.69j6.33

(a)155(all) sequences

method checkboard articulated traf�c
avg [%] j std [%] avg [%] j std [%] avg [%] j std [%]

LSA 5.70j10.89 7.25j9.30 25.30j19.05
ALC 5.00j9.14 21.08j28.87 8.86j13.16
our result 2.92j5.73 6.38j9.03 1.67j1.51

(a)35 sequenceswith M = 3 rigid motions

method checkboard articulated traf�c
avg [%] j std [%] avg [%] j std [%] avg [%] j std [%]

LSA 2.57j6.79 4.10j6.47 5.43j11.17
ALC 1.49j4.58 10.70j15.00 1.75j1.83
our result 3.75j7.89 8.05j8.51 1.69j7.00

(a)120sequenceswith M = 2 rigid motions
Table1. Average(avg) andstandarddeviation (std)of misclassi�-
cationratesby classof sequences.

Method checkboard articulated traf�c all

LSA 5.13 1.93 3.96 4.58

ALC
1213.55
(� 20m)

558.36
(� 9m)

962.52
(� 16m)

1097.06
(� 18m)

our result 14.75 4.16 11.02 12.85

Table3. Computationalburden(averagecputime [s]).

proachthe mostaccuratefor all classeswith M = 3 mo-
tions,thusshowing theNSI's immunity to thehighercom-
plexity of theagglomerativetask.

Thisis con�rmedby table2, whereit canbeseenthatour
approachachievesan averagemisclassi�cationrate1:42%
betterthantheLSA, but 0:07%higherthantheALC, while
beingslightly morestable.Also, thedifferencebetweenall
methodsis muchhigher for sequenceswith 3 groupsthan
for sequenceswith 2 groups(the vast majority of the se-
quencesin thedatabase).

In table 36, note that our segmentationis, on average,
only 8 seconds(3 times)slower thantheLSA and85 times
fasterthantheALC, balancingaccuracy with computational
burden.

5. Conclusion

We introduced the Normalized SubspaceInclusion
(NSI), a criterion for subspaceclusteringconsistentwith
thegeometryof thesubspacesunderlyingtheobservations,
unlike otherwidely usedcriteria, asour examplesdemon-
strated.We combineit with theGMC [6] to obtaina mo-
tion segmentationapproachthat cancopewith motion de-
generaciesandoutliers,andis stableunderincreasingnum-
berof motions.

A natural extension is to unify motion segmentation
and kinematic chain construction,two subspacecluster-

6Thesetimesareessentiallyindicative (orderof magnitude),because
they dependon particular implementations. All code was written in
M atl abr .



(a) checkboard:1rt2tcsequence (b) articulated:armsequence (c) traf�c: cars5sequence

Figure6. Examplesfrom theclasseson theHopkins155database,with our resultsuperimposed(thered� arepointsclassi�edasoutliers).

Method avg [%] std[%]

LSA 4.86 10.29
ALC 3.37 7.97
our result 3.44 7.34

(a)155(all) sequences

Method avg [%] std[%]

LSA 9.71 14.71
ALC 6.69 11.48
our result 2.87 5.28

(b) 35 sequenceswith M = 3 rigid motions

Method avg [%] std[%]

LSA 3.45 8.14
ALC 2.40 6.35
our result 3.61 7.84

(c) 120sequenceswith M = 2 rigid motions

Table2. Average(avg) andstandarddeviation (std) of misclassi�cationratesfor all classesof sequences.For sequenceswith M = 3
rigid motionssequences,lower errorratesareexpectedif thenumberof misclassi�edpointsremainsfairly thesame,becausethetotal of
featuresis oftenhigherin theM = 3 groupsequencesthanin sequenceswith M = 2 groups,sincemostof thesequenceswith 2 groups
wereconstructedby splitting each3 motionsequenceinto its respective clusters.

ing applications, under the NSI criterion, using non-
parametricclusteringalgorithms. Further researchmust
be conductedtowardsexplicitly imposingthe metric con-
straints.
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