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Abstract— In this work, we perform an extensive statistical
evaluation for learning and recognition of object manipulation
actions. We concentrate on single arm/hand actions but study
the problem of modeling and dimensionality reduction for cases
where actions are very similar to each other in terms of arm
motions. For this purpose,we evaluate a linear and a nonlin-
ear dimensionality reduction techniques:Principal Component
Analysis and Spatio-Temporal Isomap. Classi�cation of query
sequencesis based on differ ent variants of Nearest Neighbor
classi�cation. We thoroughly describe and evaluate differ ent
parameters that affect the modeling strategiesand perform the
evaluation with a training set of 20 people.

I . INTRODUCTION

In robotics,recognitionof humanactivity hasbeenused
extensively for robot task learning through imitation and
demonstration,[1], [2], [3], [4], [5], [6], [7], [8]. It has
beenshown in [9] that an actionperceived by a humancan
be representedas a sequenceof clearly segmentedaction
units. This motivates the idea that the action recognition
processmay be consideredas an interpretationof the con-
tinuous human behaviors which, in its turn, consistsof a
sequenceof action primitives [6] suchas reaching, picking
up, putting down. In relation, learning what and how to
imitate has beenrecognizedas an important problem, [8].
It has been argued that the data used for imitation has
statistical dependenciesbetweenthe activities one wishes
to model and that eachactivity has a rich set of features
that can aid both the modeling and recognition process.
In [4], a framework for acquiring hand-actionmodels by
integrating multiple observationsbasedon gesturespotting
is proposed.The work presentedin [5] proposesa gesture
imitation systemwhere the focus is put on the coordinate
systemtransformation(View-Point Transformation) so that
the teacherinducedgestureis transformedinto the robot's
egocentricsystem.This way the robot observesthe gesture
as it was generatedby the observer himself. The work in
[6] approachesthe task learning problem by proposinga
systemfor deriving behavior vocabulariesor simple action
modelsthatcanbeusedfor morecomplex taskextractionand
learning.A learningsystemfor one and two-handmotions
wheretherobot'sbodyconstraintsareconsideredasa partof
theoptimal trajectorygenerationprocesshasbeenpresented
in [8]. Our work differs from the work above in that we
perform a thoroughanalysisof how the dimensionalityof
the data as well as the numberand placementof sensors
affect the recognitionrate.In addition,the above cited work
studiesactionswhich are very different in naturewhile we
concentrateon actions that are very similar to eachother
and thus dif�cult to disambiguate.The studiedactionsare
basicbuilding blocksof any imitation basedlearningsystem

and the contribution of our work is in the evaluationof the
suitabilityof theknown methods.An interestingtrendto note
here is that most of the studiesare basedon a single user
generatedmotion. A natural questionto posehere is how
the underlyingmodelingmethodsscaleandapply for cases
whenthe robot is supposedto learn from multiple teachers.
The experimentalevaluationconductedin our work is based
on 20 people.

We perform an extensive statisticalevaluationand stress
that achieving the high recognition rates is not the focus
of our study but the evaluation of the existing techniques
and their suitability for modelingand recognitionof object
manipulation actions. Such an evaluation, considering a
trainingsetof 20 people,haspreviously not beenperformed.
Singlearm/handactionsareconsideredwith a speci�c focus
on theproblemof modelinganddimensionalityreductionfor
caseswhereactionsare very similar to eachother in terms
of arm motions.For this purpose,we evaluatea linear and
a nonlinear dimensionalityreduction techniques:Principal
ComponentAnalysis and Spatio-TemporalIsomap.Classi-
�cation of query sequencesis basedon a combinationof
clusteringanddifferentvariantsof NearestNeighborclassi-
�ers. For bothmethods,we thoroughlydescribeandevaluate
different parametersthat affect the modelingstrategies and
perform the evaluationwith a training set of 20 people.To
our knowledge,thereareno examplesin the �eld of robotics
wheresucha largesetof peoplewasconsidered.Theresults
can be used to enablea more sophisticatedprobabilistic
modeling and recognitionof actions for methodssuch as
thosepresentedin [6], [8].

In SectionII we describetheexperimentalsettinganddata
collection.In SectionIII we give a shortoverview of dimen-
sionality reduction techniquesand presentdetails of their
implementationin Section IV. Experimentalevaluation is
summarizedin SectionV andpaperconcludedin SectionVI.

I I . DATA COLLECTION AND PREPROCESSING

We follow the classicalapproachto activity recognition
throughtrainingandtestingsteps.Thesystemlearnsa model
for eachactivity which is thenusedfor the classi�cation of
new actionsin thetestingstep.Thefour activities considered
in this work are:

1) Pushforward an objectplacedon a table(P);
2) Rotatean objectplacedon table(R);
3) Pick up the objectplacedon the table(PU) and
4) Put down an objecton a table(PD).

NotationsP, R, PU, PD areusedto denotedifferentactions
in the experimentalevaluationin SectionV.



Fig. 1. Left) An exampleof pushingforward an object on the table and
Right) An exampleof pushingforward an objecton the box

Fig. 1 shows two example imagesstoredduring a push
activity training - the activity is performedwith the object
beingplacedat two differentheights.To motivatethechoice
of theseactivities, let us considera robot being a part of
a coffee drinking scenario.A pick up activity could be
representingthe fact of picking up the cup to take a swig
of coffee; put down an object could representleaving the
cup of coffee after taking a swig, rotatean objectwould be
similar to fold a napkin placedon the table,and �nally , let
us supposethat the personwho sat down in front of you
taking a coffee asks for the sugarbowl close to you and
you push the bowl sliding over the table to bring it closer
to him/her. The activities consideredin this work aremajor
building blocksof any similar task.

To generatethemeasurementsfor thetrainingdata,a Nest
of Birds sensorswere used which track the position and
orientationof four sensors,referredto transmitteremitting
pulsed DC magnetic �eld. The placementof the sensors
is shown Fig. 1: thumb, hand, lower arm and upper arm.
Apart from the variation in their height and velocity with
which an action was performed, the following variations
were introducedto the training data:

� The objectswereput on two differentheights
� The personwas standingat threedifferentangleswith

respectto the table:0, 30 and60 degrees
Eachaction was performedthree times for all combina-

tions of the above heightsandorientationsresultingin total
18 trainingsequencesperpersonandactionthus360training
sequencesfor eachaction.
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Fig. 2. Sensormeasurementsretrieved for threetrials of a ”rotate” activity.

I I I . DIMENSIONALITY REDUCTION

Finding low-dimensional representation of high-
dimensional observations is one of the key problems

in the area of activity modeling and recognition. In
the current study, we have evaluated two dimensionality
reductionmethods.The�rst is theclassicalPCA, [10] where
each data point is reconstructedby a linear combination
of the principal components.For caseswhere the data
representsessentialnonlinear structures,PCA and similar
techniquesfail to detect the intrinsic dimensionality and
model for the data.Therefore,we also evaluatea nonlinear
dimensionalityreductionapproachproposedin [6] which is
basedon the isometricfeaturemappingor Isomap,[11].

A. Principal ComponentAnalysis(PCA)and IsometricFea-
ture Mapping(Isomap)

PCA method retains those characteristicsof the data
set that contribute most to its variance,by keepinglower-
orderprincipal components.The ideais that suchlow-order
componentsoften contain the ”most important” aspectsof
the dataif the assumptionof linearity holds.

The main idea of Isomap, [11] is to �nd the intrinsic
geometryof the data by computingthe geodesicmanifold
distancesbetweenall pairsof datapoints.Oncethegeodesic
distancesareestimated,multidimensionalscalingis applied
which removes nonlinearitiesin the data and producesa
coordinatespaceintrinsic to the underlyingmanifold. Since
the training data in our systemare representedin a global
coordinatesystem(robot centered),the systemshould be
able to perform disambiguationof spatially proximal data
that are structurally different (pick up and put down) as
well as model the correspondenceof spatially distal data
points that sharecommon structure(actions performedat
differentheights).An extensionof the classicalIsomap,the
ST-Isomap,proposedin [6] is a method that satis�es the
above requirements.Implementationdetailsarepresentedin
SectionIV-C.

B. ClusteringMethods

We haveevaluatedtwo clusteringtechniquesin connection
to PCA basedaction classi�cation: k-meansclusteringand
Gustafson-Kessel clustering. k-meansclustering [10] is a
partitioningmethodin which clustersaremutuallyexclusive
(hardpartitioningmethod).Clusteringalgorithmsgroupsam-
ple points,m j into c clusters.The set of clusterprototypes

or centersis de�ned asC =
h
c(1); : : : ;c(c)

i
where

c(i) =
å d

j= 1ui j m j

å d
j= 1ui j

i = 1;2; : : : ;c (1)

whereui j 2 U denotesthemembershipof m j in theith cluster
andU is known as the partition matrix. For the classicalk-
meansclustering,the hardpartitioningspaceis de�ned as:

Mh = f U 2 Vcd : ui j 2 f 0;1g;8(i; j);
c

å
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d
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The objective function we have to minimize is:

Jh(M;U,C) =
c

å
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d

å
j= 1

ui jd2
A

�
m j ;c(i)
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(3)



where A is a norm-inducingmatrix and d2
A representsthe

distancemeasure

d2
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�
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A
�
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�

(4)
The above condition of hard membershipcan be relaxed
so that each sample point has some graded or “fuzzy”
membershipin a cluster. The incorporationof probabilities
(or gradedmemberships)may improve the convergenceof
the clustering method comparedto the classical k-means
method.In addition,we do not have to assumeanymorethat
thesamplesbelongto sphericalclusters.We shortlydescribe
themethodusedin ourwork alsoknown asGustafson-Kessel
(GK) clustering.First, we de�ne a fuzzy partition spaceas:

M f = f U 2 Vcd : ui j 2 [0;1] ;8(i; j);
c

å
i= 1

ui j = 1;0<
d

å
i= 1

ui j < d;8ig

(5)
Here,fuzzy objective function is a least-squaresfunctional:

Jf (M;U,C) =
c

å
i= 1

d

å
j= 1

(ui j )wd2
A

�
m j ;c(i)

�
(6)

wherew is a weighting factor w = [1;¥ ). Gustafson-Kessel
methodis a variation of fuzzy clusteringalgorithmswhich
allows the samplesto belongto several clusterssimultane-
ously, with differentdegreesof membership.It employs an
adaptive distancenormin orderto detectclustersof different
geometricalshapesin the dataset.Speci�cally, eachcluster
hasits own norm-inducingmatrix A(i) :

d2
A(i) =

�
c(i)

l � m j

� T
A(i)

�
c(i)

l � m j

�
(7)

where

A(i) = (jF(i) j)1=(r+ 1)(F(i))� 1 (8)

F(i) =
å d

j= 1(ui j )w
�

m j � c(i)
� �

m j � c(i)
� T

å d
j= 1(ui j )w

(9)

IV. IMPLEMENTATION

We give a short overview and implementationdetailsfor
the methodsusedin this study.

A. PCA without temporal dependencies

Thesemeasurementsare gatheredby 1,2,3 and/or4 sen-
sors where eachsensorprovides a full poseestimate.The
assumptionis that eachaction consistsof a set of discrete
posesrepresentedin a high-dimensionalspace.Eachrotation
angle is representedby its sine and cosinevalue resulting
in 9 measurementsin total per sensor. Our reasoninghere
wasthatdifferentactionswill varydifferentlyalongdifferent
directions.If we areable to �nd this directions,eachaction
may be representedonly with thoseonesalong which the
data varies the most, precisely what PCA gives us. The
implementationfollows theclassicalPCA approach:we �rst
estimate the mean of the data, subtract it from all the
samples,estimatethe covariance matrix and estimate its
SVD, [10]. Finally, we keeponly the eigenvectorsthat for
which eigenvaluesl n > 0:005l max. In our evaluation,the
dimensionalityreductionwasfollowing: singlesensor(from
9 to 3), two sensors(18 to 5), threesensors(27 to 6) andfour
sensors(36 to 7). Thesevaluesareeasyto understanddueto

the constraintsposedby the kinematicstructureof the arm.
Once the basic set of eigenvectors is chosen,the training
datais projectedto this reducedspace.This is donefor each
actionseparately. To easethe classi�cation,we clustereach
action representationspace.For this purpose,we have used
k-meansandGK clusteringpresentedin SectionIII-B. In the
classi�cation stage,eachtesting sequenceis �rst projected
to the reducedactionrepresentationspace.For eachsample
point in an action, the distanceto the closestclustercenter
is estimatedandthe classi�cation is basedon the Euclidean
distance.

B. PCA with Temporal Dependencies

We have also evaluateda PCA approachwherewe took
into account the temporal dependenciesin the data. To
be able to estimate the covariance matrix using whole
sequences,we normalizedthemto equallength- 85 sample
points per sequence.According to the proceduredescribed
in the previous section, the dimensionality reduction was
following: singlesensor(from 765to 17), two sensors(1530
to 22), three sensors(2225 to 24) and four sensors(3060
to 26). Training sequencesare then projectedto separate
decreasedspaceswhereeachrepresentsone of the actions.
Classi�cation of a new sequenceis performedbasedon the
Euclideandistance.

C. ST-Isomap

For the implementationof Isomap,we adoptedthe ap-
proachproposedin [6]. As in thecaseof temporalPCA, the
sequencesare �rst normalizedto equallengthof 85 sample
points.We shortlyexplain thebasicideabehindthemethod.

� Calculatea distancematrix Dl betweenN local neigh-
bors using Euclideandistances.In the current imple-
mentation,N = 10. For eachdatasample,identify com-
mon temporalneighbors(CTN) and adjacenttemporal
neighbors(ATN). We refer to [6] and [12] for a more
detailedde�nition of these.

� Reducethe distancesin the original matrix taking into
accountspatio-temporalcorrespondences

D0
Si ;Sj

=

8
>>>><

>>>>:

Dl
Si ;Sj

=(cCTNcATN) if Sj 2 CTN(Si ) and j = i + 1,

Dl
Si ;Sj

=cCTN if Sj 2 CTN(Si ),

Dl
Si ;Sj

=cATN if j = i + 1,

penalty(Si;Sj ) otherwise.
(10)

wherecATN andcCTN arescalarparametersandCTN()
denotescommontemporalneighbors.We setcATN = 1
and vary value for cCTN = [2 5 10 100]: Fig. 3
shows the effect of cCTN parameterto the resulting
embeddingof the activities.

� Use D0 to computeshortestpath distancematrix Dg
usingDijkstra's algorithm,[13]

� Use MultidimensionalScaling [14] to embedDg to a
lower dimensionalspace.We have evaluatedthesystem
for [3 4 5 6] dimensions.

V. EXPERIMENTAL EVALUATION

We presentthe resultsfor i) PCA without temporalde-
pendencies,ii) PCA with temporaldependenciesandiii) ST-
Isomap.



Fig. 3. Training dataafter estimatingST-Isomapand MDS embeddingin 3 dimensions.The �gures show the in�uence of the cCTN parameterto the
embedding:highercCTN bringssequencescloserto eachother.

A. PCA without temporal dependencies

We have trained the systemwith 1, 5, 10 or 20 people.
In case of 1,5, 10 persons,we split the data in three
possiblecombinationsof two trials for trainingandonetrial
for evaluation. For 20 people,we split the trials in three
possiblecombinationsof two for training the systemand
onefor testingit, so we testthe systemthreetimeswith the
demonstrationsof all people.In all caseswe clusteredthe
datausingbothk-meansandGK-clusteringalgorithmsusing
three, � ve and eight clusters.Here, we show the resulting
averageof all the experimentsand refer to [12] for a more
detailedevaluation.In the forthcomingtables,the actionsin
theupperrow arethe testedsequencesandtheactionsin the
left column are the result of the classi�cation. The results
areexpressedin percentage.

As explainedin SectionII, for eachaction,we have varied
the position of the object (two heights) and the relative
orientation of the person with respect to the table. The
�rst experimental evaluation consideredonly two actions
(pushand rotate)wheretraining and testingwasperformed
on sequencescapturedunder the same conditions (same
orientation and height of the object). The averageresults
consideringdifferent numberof people in the training set
as well as different numbersof sensorsare summarized
in Table I. We note here that we presentthe resultsfor 5
clustersin moredetail sinceit gave thehighestclassi�cation
rate on average.It can be seenthat for only two actions,a
classi�cationrateof closeto 90%is achieved.Thepresented
resultsuseare basedon k-meansclustering.GK-clustering
gave approximatelythe sameclassi�cation rate.

Thesecondexperimentto conductwasto considerall four
actions,againconsideringthe sameconditionsfor training
and testing. Due to the limited space,we show only the
averageclassi�cation ratesfor all four actions.In Table II
we show how thesizeof thetrainingsetaffectstherategiven
that the numberof clustersis kept constant.In Table III we
show how the number of clustersaffect the classi�cation
rate given that the training set consist of all 20 people.
Comparedto the previous experiment,we can seethat by
adding two additional actions,the recognitionrate is 30%
loweron average.Again,similar resultsareobtainedfor both
clusteringmethods.

Finally, we have evaluatedthe methodconsideringall the
variancein thedata,namelythat eachactionwasperformed
on two differentheightsandin threeorientations.Theresults

5 clusters
push rot push rot push rot push rot

1pers 1s 2s 3s 4s
push 91.8 1.6 90.5 1.3 91.5 2 92.1 2
rot 8.2 98.4 9.5 98.7 8.5 98 7.8 98

5pers 1s 2s 3s 4s
push 80 34.4 83.3 27.8 83.3 19 87.8 30
rot 20 65.6 16.7 72.2 16.7 81 12.2 70

12pers 1s 2s 3s 4s
push 79.6 18.5 74.5 14.8 82.4 18 82.4 14.8
rot 20.4 81.5 25.5 85.2 17.6 82 17.6 85.2

20pers 1s 2s 3s 4s
push 83 14.7 91.4 16.7 92.5 11.9 93.1 10.8
rot 17 85.3 8.6 83.3 7.5 88.1 6.9 89.2

3 clusters
20pers 1s 2s 3s 4s
push 89.7 28.9 88.6 21.7 93.1 26.4 91.7 21.1
rot 10.3 71.1 11.4 78.3 6.9 73.6 8.3 78.9

8 clusters
20pers 1s 2s 3s 4s
push 88.1 15.6 86.9 12.5 90.6 10.6 91.1 8.9
rot 11.9 84.5 13.1 87.5 9.4 89.4 8.9 91.1

TABLE I: Classi�cation ratestwo actions(push,rotate)whenthe training

andtestingwasdoneundersameconditions(objectheight,persons

orientation)usingk-meansclusteringusingdifferentnumberof sensors

(1-4s is 1 to 4 sensors).

1 pers 1 sensor 2 sensors 3 sensors 4 sensors
average 91.4 91.1 90.2 90
5 pers 1 sensor 2 sensors 3 sensors 4 sensors
average 61.9 65 68.6 61.1
12 pers 1 sensor 2s 3 sensors 4 sensors
average 60.8 60.8 63.1 61.7

TABLE II : Classi�cation ratesfor four actionstrainedandtestedin same

conditions(heightandorientation),with varying sizeof the training

set.Thenumberof clustersin k-meansis 5.

3 clusters 1 sensor 2 sensors 3 sensors 4 sensors
average 59.4 61.4 62.2 64.1

5 clusters 1 sensor 2 sensors 3 sensors 4 sensors
average 64.7 68.4 70.6 69.8

8 clusters 1 sensor 2 sensors 3 sensors 4 sensors
average 66.5 68 68.9 70

TABLE III : Classi�cation ratesfor four actionsand20 peopletrainedand

testedin the sameconditions(heightandorientation),with varying

numberof clusters.

are summarizedin Table IV. It is obvious that, with the



1 pers 1 sensor 2 sensors 3 sensors 4 sensors
average 37.5 30.6 37.5 37.5
5 pers 1 sensor 2 sensors 3 sensors 4 sensors
average 34.7 33.9 38.1 38.9
12 pers 1 sensor 2 sensors 3 sensors 4 sensors
average 34.3 33.7 37.5 35.6
20 pers 1 sensor 2 sensors 3 sensors 4 sensors
average 35.4 37.2 37.3 37.4

TABLE IV : Classi�cation ratesfor four actionstrainedandtestedin

different conditions,with varying sizeof the training set.The numberof

clustersusedin k-meansis �x ed to � ve.

the recognition rates of about 40%, the simple approach
consideredhere is not able to scale accordingly with the
variationin thedata.Thenext sectionpresentsthe resultsof
the methodwheretemporaldependenciesbetweenthe data
pointsare taken into account.

B. Temporal PCA

We presentthe results with all four actions,where the
training and testingwas performedgiven all 20 peopleand
actions performedin all combinationsof orientationsand
heights.As above, as eachaction sequencewas performed
threetimes in all conditions,we evaluatedthe systemtaken
all combinationsof two testingandonetraining actionsets.
TableV summarizesthe resultsfor one(1s, hand),two (2s,

1 sensor 2 sensors
P R PD PU P R PD PU

P 50.1 42.5 12.5 29.2 50 43.3 12.5 32.5
R 8.3 33.3 3.3 10 9.2 35 3.3 15

PD 15 3.3 69.2 22.5 15 5.8 69.2 20
PU 25.8 20.8 15 38.3 25.8 15.8 15 32.5

3 sensors 4 sensors
P R PD PU P R PD PU

P 51.7 42.5 12.5 30 51.7 42.5 12.5 29.2
R 7.5 35 3.3 1.5 8.3 30 3.3 11.7

PD 14.2 5 69.2 21.7 14.2 4.2 66.7 25
PU 26.7 17.5 15 35.8 25.8 23.3 17.5 34.2

TABLE V: Classi�cation ratesfor PCA with temporaldependenciesfor

four actionsand20 peoplein the training set.

thumb and hand),three (3s, thumb, hand,forearm)and all
four (4s) sensorsconsidered.Important to note is that the
recognitionrate is somewhat highercomparedto the results
in theprevioussectionbut thesystemstill hasthedif�culty of
discriminatingbetweensomeof the actions.We believe that
this is an importantresult.ImplementingPCA with temporal
dependenciesrequiresaligned and equal length sequences
which may be dif�cult to obtain in an online processwhere
we would like to perform recognitionduring and not after
an action has beenexecuted.A simple “voting” approach
presentedin theprevioussectionmaybeassuitable.Another
issuethatwe have investigatedwasif thenumberof sensors
affectsthe classi�cation rate.The resultsaresummarizedin
Fig. 4. We notethat the differenceis only marginal andthat
almost equal resultsare obtainedwith a single or all four
sensors.This meansthat for actionswhich are very similar
usingonly a singlesensoron the handor trackingonly the
poseof the handmay be suf�cient.

Fig. 4. The effect of numberof sensorsusedto the classi�cation rate.

C. ISOMAP

A non-lineardimensionreduction,ST-Isomapwasapplied
to extracta low dimensionalrepresentationfor theactivities.
Shepardinterpolation[15] was usedmap a query sequence
to the estimatedembeddingand Euclidean distancewas
usedfor classi�cation. From the training set of 20 people,
we formed subsetsof one, two and three persons.For
eachperson,all four activities were consideredusing three
trials for all combinationsof three orientationsand two
heights.The classi�cation was performedwith the queries
not includedin thetrainingset.As before,we have evaluated
thesystemwith differentnumbersandsensorsplacements.In
the forthcomingtables,this is denotedas:sensorsplacedon
the i) hand(s1), ii) handandthumb(s14), iii) hand,thumb
andforearm(s142).Thoroughexperimentalevaluationwith
different valuesfor cCTN parameterand dimensionalityof
the embeddingspacewasconducted.
Fig.5 shows the resultsobtainedby ST-Isomapwith train-
ing basedon a single person.The results show how the
dimensionof the embeddingand sensornumberaffect the
classi�cation result.Here,parametercCTN = 2. Fig.6 shows
a similar experiment,but herethesizeof thetrainingsetwas
three.It is interestingto noticethat bestresultsareobtained
basedon the sensorplacedon the hand.For the future, this
would motivatethat only the positionof theuser's handand
not the completearm joint motion is neededto recognize
objectmanipulationsequenceswhenST-Isomapis used.The
effect of changingthe valuesof parametercCTN is shown in
Table VI. It can be seenthat, comparedto the PCA, ST-
Isomapgivesbetterclassi�cation results.

push rot pd pu
ct = 2 push 88.9 22.2 29.2 36.1
ct = 2 rot 11.1 70.9 8.3 16.7
ct = 2 pd 0 0 51.4 16.7
ct = 2 pu 0 6.9 11.1 30.5
ct = 5 push 88.9 6.9 19.4 25
ct = 5 rot 0 79.2 4.2 9.7
ct = 5 pd 1.3 0 62.5 27.8
ct = 5 pu 9.7 13.9 13.9 37.5
ct = 10 push 90.3 18.1 25 29.2
ct = 10 rot 1.4 72.2 8.3 13.9
ct = 10 pd 2.8 2.8 50 30.5
ct = 10 pu 5.5 6.9 16.7 26.4
ct = 100 push 84.7 8.3 6.9 23.6
ct = 100 rot 5.6 80.6 5.6 4.2
ct = 100 pd 2.8 6.9 65.3 36.1
ct = 100 pu 6.9 4.2 22.2 36.1

TABLE VI : Classi�cation resultsusinga singlesensorplacedon the

hand.Training wasperformedwith 3 persons.The recognitionratesshow

the dependency on the parametercCTN.



s1 s14 s142
p r pd pu p r pd pu p r pd pu

ct=2 p 55,6 0,0 11,1 11,1 61,1 11,1 5,6 22,2 50,0 50,0 33,3 50,0

3dimensions r 5,6 77,8 0,0 0,0 5,6 61,1 61,1 38,9 44,4 50,0 50,0 16,7

3dimensions pd 16,7 11,1 38,9 44,4 16,7 27,8 5,6 38,9 5,6 0,0 16,7 33,3

3dimensions pu 22,2 11,1 50,0 44,4 16,7 0,0 27,8 0,0 0,0 0,0 0,0 0,0
ct=5 p 77,8 0,0 0,0 0,0 33,3 0,0 0,0 0,0 50,0 55,6 5,6 44,4

3dimensions r 0,0 88,9 5,6 5,6 5,6 94,4 22,2 16,7 33,3 44,4 66,7 38,9

3dimensions pd 22,2 0,0 66,7 11,1 61,1 5,6 33,3 33,3 0,0 0,0 0,0 0,0

3dimensions pu 0,0 11,1 27,8 83,3 0,0 0,0 44,4 50,0 16,7 0,0 27,8 16,7
ct=10 p 83,3 0,0 11,1 27,8 38,9 33,3 11,1 5,6 77,8 33,3 55,6 83,3

3dimensions r 16,7 61,1 5,6 0,0 0,0 50,0 5,6 16,7 5,6 44,4 22,2 16,7

3dimensions pd 0,0 0,0 0,0 0,0 61,1 0,0 38,9 33,3 5,6 22,2 5,6 0,0

3dimensions pu 0,0 38,9 83,3 72,2 0,0 16,7 44,4 44,4 11,1 0,0 16,7 0,0
ct=100 p 100,0 0,0 0,0 0,0 27,8 11,1 0,0 22,2 61,1 11,1 50,0 50,0

3dimensions r 0,0 88,9 0,0 11,1 0,0 50,0 5,6 0,0 33,3 50,0 0,0 0,0

3dimensions pd 0,0 5,6 61,1 16,7 33,3 0,0 5,6 0,0 0,0 0,0 11,1 0,0

3dimensions pu 0,0 5,6 38,9 72,2 38,9 38,9 88,9 77,8 5,6 38,9 38,9 50,0

s1 s14 s142
p r pd pu p r pd pu p r pd pu

ct=2 p 94,4 5,6 11,1 5,6 94,4 0,0 0,0 11,1 94,4 44,4 33,3 44,4

6dimensions r 0,0 94,4 0,0 5,6 5,6 100,0 72,2 72,2 0,0 55,6 16,7 27,8

6dimensions pd 0,0 0,0 38,9 0,0 0,0 0,0 0,0 0,0 5,6 0,0 50,0 22,2

6dimensions pu 5,6 0,0 50,0 88,9 0,0 0,0 27,8 16,7 0,0 0,0 0,0 5,6
ct=5 p 94,4 0,0 11,1 0,0 77,8 0,0 0,0 0,0 11,1 0,0 5,6 0,0

6dimensions r 0,0 88,9 11,1 33,3 11,1 100,0 0,0 22,2 5,6 55,6 16,7 0,0

6dimensions pd 0,0 0,0 27,8 0,0 11,1 0,0 50,0 38,9 0,0 0,0 50,0 50,0

6dimensions pu 5,6 11,1 50,0 66,7 0,0 0,0 50,0 38,9 83,3 44,4 27,8 50,0
ct=10 p 83,3 0,0 0,0 0,0 100,0 0,0 11,1 5,6 55,6 22,2 0,0 0,0

6dimensions r 0,0 88,9 0,0 50,0 0,0 83,3 5,6 22,2 11,1 77,8 33,3 77,8

6dimensions pd 0,0 0,0 11,1 0,0 0,0 0,0 38,9 0,0 0,0 0,0 44,4 16,7

6dimensions pu 16,7 11,1 88,9 50,0 0,0 16,7 44,4 72,2 33,3 0,0 22,2 5,6
ct=100 p 100,0 0,0 0,0 0,0 72,2 0,0 0,0 0,0 83,3 0,0 0,0 0,0

6dimensions r 0,0 100,0 0,0 16,7 0,0 55,6 0,0 0,0 11,1 77,8 11,1 0,0

6dimensions pd 0,0 0,0 38,9 22,2 0,0 0,0 33,3 5,6 5,6 0,0 33,3 0,0

6dimensions pu 0,0 0,0 61,1 61,1 27,8 44,4 66,7 94,4 0,0 22,2 55,6 100,0

Fig. 5. ST-Isomapresultswith training basedon onepersonandtestingit with anotherone.The resultsshow how the dimensionof the embeddingand
sensornumberaffect the classi�cation result.

s1 s14
p r pd pu p r pd pu

ct=2 p 72,2 33,3 33,3 16,7 16,7 33,3 27,8 11,1

3dimensions r 27,8 55,6 11,1 44,4 83,3 55,6 44,4 72,2

3dimensions pd 0,0 0,0 50,0 11,1 0,0 5,6 11,1 0,0

3dimensions pu 0,0 11,1 5,6 27,8 0,0 5,6 16,7 16,7
ct=5 p 77,8 5,6 22,2 33,3 61,1 50,0 27,8 50,0

3dimensions r 0,0 77,8 5,6 16,7 0,0 11,1 5,6 5,6

3dimensions pd 5,6 0,0 50,0 33,3 38,9 16,7 50,0 11,1

3dimensions pu 16,7 16,7 22,2 16,7 0,0 22,2 16,7 33,3
ct=10 p 94,4 50,0 50,0 44,4 77,8 22,2 22,2 16,7

3dimensions r 0,0 38,9 11,1 11,1 0,0 50,0 0,0 0,0

3dimensions pd 0,0 0,0 33,3 27,8 11,1 22,2 55,6 44,4

3dimensions pu 5,6 11,1 5,6 16,7 11,1 5,6 22,2 38,9
ct=100 p 77,8 16,7 16,7 38,9 77,8 11,1 61,1 50,0

3dimensions r 16,7 66,7 11,1 11,1 5,6 55,6 33,3 16,7

3dimensions pd 5,6 11,1 50,0 27,8 16,7 22,2 5,6 22,2

3dimensions pu 0,0 5,6 22,2 22,2 0,0 11,1 0,0 11,1

s1 s14
p r pd pu p r pd pu

ct=2 p 100,0 22,2 16,7 50,0 66,7 22,2 16,7 11,1

6dimensions r 0,0 77,8 0,0 0,0 16,7 61,1 5,6 27,8

6dimensions pd 0,0 0,0 66,7 27,8 5,6 16,7 55,6 22,2

6dimensions pu 0,0 0,0 16,7 22,2 11,1 0,0 22,2 38,9
ct=5 p 100,0 5,6 11,1 22,2 27,8 0,0 0,0 11,1

6dimensions r 0,0 88,9 5,6 5,6 0,0 61,1 38,9 27,8

6dimensions pd 0,0 0,0 72,2 27,8 50,0 5,6 44,4 11,1

6dimensions pu 0,0 5,6 11,1 44,4 22,2 33,3 16,7 50,0
ct=10 p 88,9 11,1 16,7 22,2 55,6 0,0 0,0 5,6

6dimensions r 0,0 77,8 5,6 11,1 0,0 44,4 0,0 0,0

6dimensions pd 11,1 5,6 50,0 27,8 38,9 27,8 44,4 0,0

6dimensions pu 0,0 5,6 27,8 38,9 5,6 27,8 55,6 94,4
ct=100 p 88,9 5,6 0,0 11,1 83,3 5,6 0,0 16,7

6dimensions r 0,0 83,3 0,0 0,0 0,0 61,1 55,6 5,6

6dimensions pd 0,0 5,6 61,1 33,3 16,7 16,7 5,6 22,2

6dimensions pu 11,1 5,6 38,9 55,6 0,0 16,7 38,9 55,6

Fig. 6. ST-Isomapresultswith training basedon 3 personsand testingit with anotherone.The resultsshow how the dimensionof the embeddingand
sensornumberaffect the classi�cation result.

VI. CONCLUSION

We have presenteda study on recognitionof object ma-
nipulationactions:pick up, put down, rotateandpush.The
�rst contribution of the work is that training and testingare
performedwith 20 peoplewherethemanipulatedobjectwas
placedon two differentheightswith peopleperformingthe
actionsmultiple timesat threedifferentorientations.Most of
the currentsystemsthat utilize robot imitation learninguse
a singlepersonto train or teachtasksto the robot.Sincethe
intention for the future is that robots will be able to learn
from observingdifferentandmultiplepeople,we believe that
it is important to study how different methodsscalewith
respectto this.

In this work, we have concentratedon evaluationof di-
mensionalityreductionusinglinearandnonlineartechniques.
Although the techniqueshave been known for sometime,
we have shown how the numberof sensors,their placement
and different modeling parametersaffect the classi�cation
rate.PCA andnearestneighborclassi�cationhave beenused
frequentlyfor actionclassi�cation but our studyshows that
this techniquesare not suitablefor caseswherethe actions
areverysimilar to eachother. We believe thatfor recognition
of suchactions,dimensionalityreductionhasto beperformed
with carein order to preserve the true variancein the data.
Even if the non-linear dimensionality reduction is more
appropriate,the numberof commonand adjacenttemporal
neighborshave to bechosencarefully. Theresultsalsoshow
that using the explicit knowledgeof kinematicchains(arm
model)maynot benecessaryin orderto achieve satisfactory
recognitionrates.Finally, for most actionsit is enoughto
provide only the measurementsof the handmotions while
distinguishingbetweenpick-up and put-down would gain
from including the knowledgeof the objectaswell.
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