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Abstract—In this work, we perform an extensie 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
sequencess based on different variants of Nearest Neighbor
classi cation. We thoroughly describe and evaluate differ ent
parametersthat affect the modeling strategiesand perform the
evaluation with a training set of 20 people.

I. INTRODUCTION

In robotics, recognitionof humanactiity hasbeenused
extensiely for robot task learning through imitation and
demonstration[1], [2], [3], [4], [5], [6], [7], [8]. It has
beenshownn in [9] thatan action perceved by a humancan
be representedas a sequenceof clearly sgmentedaction
units This motivates the idea that the action recognition
processmay be consideredas an interpretationof the con-
tinuous human behaiors which, in its turn, consistsof a
sequencef action primitives [6] suchas reading, 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 dependenciebetweenthe activities one wishes
to model and that eachactvity hasa rich set of features
that can aid both the modeling and recognition process.
In [4], a framework for acquiring hand-actionmodels by
integrating multiple obsenations basedon gesturespotting
is proposed.The work presentedn [5] proposesa gesture
imitation systemwhere the focusis put on the coordinate
systemtransformation(MView-Point Transformation so that
the teacherinducedgestureis transformedinto the robot's
egocentricsystem.This way the robot observeghe gesture
as it was generatecby the obsenrer himself. The work in
[6] approacheghe task learning problem by proposinga
systemfor deriving behaior vocahulariesor simple action
modelsthatcanbeusedfor morecomplex taskextractionand
learning.A learning systemfor one and two-handmotions
wheretherobot's body constraintsareconsideredisa partof
the optimal trajectorygeneratiorprocesshasbeenpresented
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 differentin naturewhile we
concentrateon actionsthat are very similar to each other
and thus dif cult to disambiguateThe studiedactionsare
basicbuilding blocksof ary imitation basedearningsystem

andthe contribution of our work is in the evaluationof the

suitability of theknown methodsAn interestingrendto note
hereis that most of the studiesare basedon a single user
generatedmotion. A natural questionto posehereis how

the underlyingmodelingmethodsscaleand apply for cases
whenthe robotis supposedo learnfrom multiple teachers.
The experimentalevaluationconductedn our work is based
on 20 people.

We perform an extensie statisticalevaluationand stress
that achieving the high recognitionratesis 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
training setof 20 people haspreviously not beenperformed.
Singlearm/handactionsare consideredvith a speci ¢ focus
on the problemof modelinganddimensionalityreductionfor
caseswhereactionsare very similar to eachotherin terms
of arm motions. For this purpose we evaluatea linear and
a nonlinear dimensionality reduction techniques:Principal
ComponentAnalysis and Spatio-Emporallsomap. Classi-
cation of query sequencess basedon a combinationof
clusteringand differentvariantsof NearestNeighborclassi-
ers. For bothmethodswe thoroughlydescribeandevaluate
different parameterghat affect the modeling stratgyies and
perform the evaluationwith a training set of 20 people.To
our knowledge,thereareno examplesin the eld of robotics
wheresucha large setof peoplewasconsideredThe results
can be usedto enablea more sophisticatedprobabilistic
modeling and recognition of actionsfor methodssuch as
thosepresentedn [6], [8].

In Sectionll we describethe experimentakettinganddata
collection.In Sectionlll we give a shortovervien of dimen-
sionality reductiontechniquesand presentdetails of their
implementationin Section IV. Experimentalevaluation is
summarizedn SectionV andpaperconcludedn SectionVI.

I1. DATA COLLECTION AND PREPROCESSING

We follow the classicalapproachto actvity recognition
throughtrainingandtestingsteps.The systemlearnsa model
for eachactiity which is thenusedfor the classi cation of
new actionsin thetestingstep.The four 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) Putdown anobjecton a table (PD).

NotationsP, R, PU, PD are usedto denotedifferentactions
in the experimentalevaluationin SectionV.



Fig. 1. Left) An exampleof pushingforward an objecton the table and
Right) An example of pushingforward an objecton the box

Fig. 1 shavs two exampleimagesstoredduring a push
activity training - the actity is performedwith the object
beingplacedat two differentheights.To motivatethe choice
of theseactities, let us considera robot being a part of
a coffee drinking scenario.A pick up actvity could be
representinghe fact of picking up the cup to take a swig
of coffee; put down an object could representieaving the
cup of coffee after taking a swig, rotate an 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 asksfor the sugarbowl closeto you and
you pushthe bowl sliding over the table to bring it closer
to him/her The actiities consideredn this work are major
building blocks of any similar task.

To generatghe measurement®r the training data,a Nest
of Birds sensorswere used which track the position and
orientationof four sensorsyeferredto transmitteremitting
pulsed DC magnetic eld. The placementof the sensors
is shavn Fig. 1: thumb, hand, lower arm and upperarm.
Apart from the variation in their height and velocity with
which an action was performed,the following variations
wereintroducedto the training data:

The objectswere put on two differentheights
The personwas standingat three differentangleswith
respectto the table: 0, 30 and 60 degrees

Each action was performedthree times for all combina-
tions of the above heightsand orientationsresultingin total
18training sequenceper personandactionthus360training
sequence$or eachaction.
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Fig. 2. Sensomeasurementsetrieved for threetrials of a "rotate” actvity.

I1l. DIMENSIONALITY REDUCTION

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

in the area of actvity modeling and recognition. In
the current study we have evaluatedtwo dimensionality
reductionmethodsThe rst is theclassicalPCA, [10] where
each data point is reconstructedby a linear combination
of the principal components.For caseswhere the data
representessentialnonlinear structures,PCA and similar
techniquesfail to detectthe intrinsic dimensionality and
modelfor the data. Therefore,we also evaluatea nonlinear
dimensionalityreductionapproachproposedn [6] which is
basedon the isometricfeaturemappingor Isomap,[11].

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

PCA method retains those characteristicsof the data
set that contribute most to its variance,by keepinglower-
order principal componentsThe ideais that suchlow-order
componentsoften contain the "most important” aspectsof
the dataif the assumptiorof linearity holds.

The main idea of Isomap,[11] is to nd the intrinsic
geometryof the databy computingthe geodesicmanifold
distancedetweerall pairsof datapoints.Oncethe geodesic
distancesare estimatedmultidimensionalscalingis applied
which removes nonlinearitiesin the data and producesa
coordinatespaceintrinsic to the underlyingmanifold. Since
the training datain our systemare representedn 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 correspondencef spatially distal data
points that share common structure (actions performedat
differentheights).An extensionof the classicallsomap,the
ST-Isomap, proposedin [6] is a methodthat satis es the
above requirementsimplementatiordetailsare presentedn
SectionlV-C.

B. ClusteringMethods

We have evaluatedwo clusteringtechniguesn connection
to PCA basedaction classi cation: k-meansclusteringand
Gustafson-kessel clustering. k-meansclustering [10] is a
partitioningmethodin which clustersare mutually exclusive
(hardpartitioningmethod).Clusteringalgorithmsgroupsam-
ple points, mj into c clusters.The setofclusterprototypes

or centersis denedasC= c®;:::; c©  where

g d
o3t uom
=222 1 =g (1)

g d -
aj=1Uij

whereu;j 2 U denoteshe membershif mj in theith cluster
and U is known asthe partition matrix. For the classicalk-
meansclustering,the hard partitioning spaceis de ned as:

[+ d
Mp=fU2 Veq: Ui 2 0;19;8(i; j); @ uij = 1,0< § uij < d;8ig
i=1 i=1

(2)
The objective function we have to minimize is:
gd i
Ih(M;U,C) = § § wjdZ mj;c? (3)
i=1j=1



where A is a norm-inducingmatrix and d representghe
distancemeasure
. . ST !
d2= mj;c =kmj k= m; & A m; O
(4)

The above condition of hard membershipcan be relaxed
so that each sample point has some graded or “fuzzy”
membershign a cluster The incorporationof probabilities
(or gradedmembershipsynay improve the corvergenceof
the clustering method comparedto the classical k-means
method.In addition,we do not have to assumernymorethat
the sampledelongto sphericalclusters We shortly describe
themethodusedin ourwork alsoknown asGustafson-kssel
(GK) clustering.First, we de ne a fuzzy partition spaceas:

the constraintgposedby the kinematicstructureof the arm.
Once the basic set of eigervectorsis chosen,the training
datais projectedto this reducedspace This is donefor each
action separatelyTo easethe classi cation, we clustereach
action representatiorspace For this purpose we have used
k-meansandGK clusteringpresentedn Sectionlll-B. In the
classi cation stage,eachtesting sequencas rst projected
to the reducedactionrepresentatiorspace For eachsample
point in an action, the distanceto the closestclustercenter
is estimatedandthe classi cationis basedon the Euclidean
distance.

B. PCA with Tempoal Dependencies

We have also evaluateda PCA approachwhere we took
into accountthe temporal dependenciesn the data. To

M¢ = fU2 Veq:uij 2 [0;1];8(; j); a uij= 1,0< a uij < d;8ig be able to estimate the covariance matrix using whole

i=1 i=1

®)

Here, fuzzy objective functionis a least-squarefunctional:

c d .
J(M;U,C) = & & (uij)VdZ mj;c
i=1j=1

(6)

wherew is a weightingfactorw = [1;¥). Gustafson-lessel
methodis a variation of fuzzy clusteringalgorithmswhich
allows the samplesto belongto several clusterssimultane-
ously, with differentdegreesof membershiplt emplgys an
adaptve distancenormin orderto detectclustersof different
geometricalshapesn the dataset. Speci cally, eachcluster
hasits own norm-inducingmatrix A®:

T )
A® cl(') m;

dA(,) ¢’ m (1)
where
AD = (FO)IHTDED) (8)
. LT
o Af=aup)” my <m0
Fi) = — — (9)
&5=1(uij)

IV. IMPLEMENTATION

We give a shortoverview and implementationdetailsfor
the methodsusedin this study

A. PCA without tempoal dependencies

Thesemeasurementare gatheredby 1,2,3and/or4 sen-
sors where eachsensorprovides a full poseestimate.The
assumptionis that eachaction consistsof a set of discrete
posegepresenteth a high-dimensionaspace Eachrotation
angleis representedy its sine and cosinevalue resulting
in 9 measurementm total per sensor Our reasoninghere
wasthatdifferentactionswill vary differently alongdifferent
directions.If we areableto nd this directions,eachaction
may be representednly with those onesalong which the
data varies the most, precisely what PCA gives us. The
implementatiorfollows the classicalPCA approachwe rst
estimatethe mean of the data, subtractit from all the
samples,estimatethe covariance matrix and estimateits
SVD, [10]. Finally, we keeponly the eigervectorsthat for
which eigervaluesl , > 0:009 nax In our evaluation,the
dimensionalityreductionwasfollowing: single sensor(from
9to 3), two sensorg18to 5), threesensorg27 to 6) andfour
sensorg36to 7). Thesevaluesare easyto understandiueto

sequencesye normalizedthemto equallength- 85 sample
points per sequenceAccording to the proceduredescribed
in the previous section, the dimensionality reduction was

following: singlesensor(from 765to 17), two sensorg1530

to 22), three sensors(2225 to 24) and four sensors(3060

to 26). Training sequencesre then projectedto separate
decreasedpaceavhere eachrepresentone of the actions.

Classi cation of a new sequencés performedbasedon the

Euclideandistance.

C. SFIsomap

For the implementationof Isomap,we adoptedthe ap-
proachproposedn [6]. As in the caseof temporalPCA, the
sequenceare rst normalizedto equallength of 85 sample
points.We shortly explain the basicideabehindthe method.

Calculatea distancematrix D' betweenN local neigh-
bors using Euclideandistances.n the currentimple-
mentation N = 10. For eachdatasample jdentify com-
mon temporalneighbors(CTN) and adjacenttemporal
neighbors(ATN). We refer to [6] and[12] for a more
detailedde nition of these.

Reducethe distancedn the original matrix taking into
accountgpatio—temporatorrespondences

:(CCTNCATN) if §§2CTN(S) andj=i+1,
0 3 s =CCcTN if §5j2 CTN(S),
DS S I
' EDl.;j—CATN if j=i+1,
" penaty(S;Sj) otherwise

(10)
wherecarn andccry arescalarparameterand CTN()
denotescommontemporalneighbors We setcary = 1
andvary valuefor ccry= [2 5 10 10Q: Fig. 3
shavs the effect of cctn parameterto the resulting
embeddingof the actwities.

Use Do to computeshortestpath distancematrix Dg
using Dijkstra's algorithm, [13]

Use Multidimensional Scaling [14] to embedDy to a
lower dimensionakpace We have evaluatedthe system
for [3 4 5 6] dimensions.

V. EXPERIMENTAL EVALUATION

We presentthe resultsfor i) PCA without temporalde-
pendenciesj) PCA with temporaldependencieandiii) ST
Isomap.



Push=B, Rotate=R, Put Dowr=G, Pick up=, Tested seq=Black; st-isomap embedding in P with cctn &

Push=8, Rotate=R, Put Down=G, Pick up=Y, Tested seq=Black; st-isomap embedding in P wih cetn 10

Push=B, Rotate=R, Put Down=G, Pick up=, Testad seq=Black; st-isomap embadding in P with cetn 100

Fig. 3. Training dataafter estimatingST-Isomapand MDS embeddingin 3 dimensionsThe gures shav the in uence of the cctn parametetto the

embeddinghigherccry brings sequencesloserto eachother

A. PCA without tempoal dependencies

We have trainedthe systemwith 1, 5, 10 or 20 people.
In caseof 1,5, 10 persons,we split the data in three
possiblecombinationsof two trials for training andonetrial
for evaluation. For 20 people,we split the trials in three
possiblecombinationsof two for training the systemand
onefor testingit, so we testthe systemthreetimeswith the
demonstration®f all people.In all caseswe clusteredthe
datausingboth k-meansand GK-clusteringalgorithmsusing
three, ve and eight clusters.Here, we showv the resulting
averageof all the experimentsandreferto [12] for a more
detailedevaluation.In the forthcomingtables,the actionsin
the upperrow arethe testedsequenceandthe actionsin the
left column are the result of the classi cation. The results
are expressedn percentage.

As explainedin Sectionll, for eachaction,we have varied
the position of the object (two heights) and the relative
orientation of the personwith respectto the table. The
rst experimental evaluation consideredonly two actions
(pushand rotate) wheretraining and testingwas performed
on sequencesaptured under the same conditions (same
orientation and height of the object). The averageresults
consideringdifferent numberof peoplein the training set
as well as different numbersof sensorsare summarized
in Table . We note here that we presentthe resultsfor 5
clustersin moredetail sinceit gave the highestclassi cation
rate on average.lt canbe seenthat for only two actions,a
classi cationrateof closeto 90%is achiezed. The presented
resultsuse are basedon k-meansclustering. GK-clustering
gave approximatelythe sameclassi cation rate.

The secondexperimentto conductwasto considerall four
actions,again consideringthe sameconditionsfor training
and testing. Due to the limited space,we shov only the
averageclassi cation ratesfor all four actions.In Table Il
we showv how the sizeof thetraining setaffectstherategiven
that the numberof clustersis kept constantin Tablelll we
shav how the numberof clustersaffect the classi cation
rate given that the training set consist of all 20 people.
Comparedto the previous experiment,we can seethat by
addingtwo additional actions,the recognitionrate is 30%
lower on average Again, similar resultsareobtainedfor both
clusteringmethods.

Finally, we have evaluatedthe methodconsideringall the
variancein the data,namelythat eachactionwas performed
ontwo differentheightsandin threeorientationsTheresults

5 clusters
push rot | push rot | push rot | push rot
1pers 1s 2s 3s 4s
push | 91.8 16 | 905 13 | 915 2 92.1 2
rot 82 984| 95 987 85 98 7.8 98
Spers 1s 2s 3s 4s
push 80 344|833 278|833 19 87.8 30
rot 20 65.6 | 16.7 722 | 167 81 122 70
12pers| 1s 2s 3s 4s
push | 79.6 185 | 745 148 | 824 18 82.4 14.8
rot 204 815]| 255 852 176 82 176 85.2
20pers| 1s 2s 3s 4s
push 83 147 ] 91.4 16.7| 925 119 93.1 10.8
rot 17 853| 86 833| 75 881| 6.9 892
3 clusters
20pers| 1s 2s 3s 4s
push | 89.7 289|886 21.7| 931 264|917 211
rot 103 711|114 783| 69 736 83 789
8 clusters
20pers| 1s 2s 3s 4s
push | 88.1 156 | 869 125| 90.6 10.6 | 91.1 8.9
rot 119 845|131 875| 94 894 | 89 911

TABLE |. Classi cationratestwo actions(push,rotate)whenthe training
andtestingwas done undersameconditions(objectheight, persons
orientation)using k-meansclusteringusing different numberof sensors
(1-4sis 1 to 4 sensors).

1 pers | 1sensor| 2sensors| 3 sensors| 4 sensors
average 91.4 91.1 90.2 90
5pers | 1sensor| 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(heightand orientation),with varying size of the training
set.Thenumberof clustersin k-meansis 5.

4 sensors
64.1
4 sensors

3 sensors
62.2

3 sensors
70.6 69.8

3 sensors| 4 sensors
68.9 70

2 sensors
61.4
2 sensors

1 sensor
59.4

1 sensor
64.7 68.4

1 sensor| 2 sensors
66.5 68

TABLE Il Classi cation ratesfor four actionsand 20 peopletrainedand
testedin the sameconditions(heightand orientation),with varying
numberof clusters.

3 clusters
average
5 clusters
average
8 clusters
average

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



4 sensors
37.5

4 sensors
38.9

4 sensors
35.6

4 sensors
37.4

3 sensors
375

3 sensors
38.1

3 sensors
375

3 sensors
37.3

2 sensors
30.6

2 sensors
33.9

2 sensors
33.7

2 sensors
37.2

1 sensor
37.5

1 sensor
347

1 sensor
34.3

1 sensor
35.4

1 pers
average
5 pers
average
12 pers
average
20 pers
average

TABLE IV: Classi cationratesfor four actionstrainedandtestedin
differentconditions,with varying size of the training set. The numberof
clustersusedin k-meansis x edto ve.

the recognition rates of about 40%, the simple approach
consideredhere is not able to scale accordingly with the

variationin the data.The next sectionpresentghe resultsof

the methodwheretemporaldependenciebetweenthe data
points are taken into account.

B. Tempoal PCA

We presentthe resultswith all four actions, where the
training and testingwas performedgiven all 20 peopleand
actions performedin all combinationsof orientationsand
heights.As above, as eachaction sequenceavas performed
threetimesin all conditions,we evaluatedthe systemtaken
all combinationsof two testingand onetraining action sets.
TableV summarizeghe resultsfor one (1s, hand),two (2s,

1 sensor 2 sensors
P R PD PU P R PD PU
P 50.1| 425] 125| 29.2| 50 433 | 125 | 325
R 83 | 333 33 10 9.2 35 3.3 15
PD 15 3.3 | 69.2| 225 15 58 | 69.2 | 20
PU | 25.8 | 20.8 15 383 258 | 158 | 15 325
3 sensors 4 sensors
P R PD PU P R PD PU
P 51.7| 425| 125| 30 51.7 | 425 | 125 | 29.2
R 7.5 35 3.3 15 8.3 30 3.3 | 11.7
PD | 14.2 5 69.2 | 21.7 | 142 | 42 | 66.7| 25
PU | 26.7 | 175 15 358 | 258 | 233 | 175 | 34.2

TABLE V: Classi cationratesfor PCA with temporaldependenciefor
four actionsand 20 peoplein the training set.

thumb and hand), three (3s, thumb, hand, forearm) and all
four (4s) sensorsconsideredImportantto note is that the
recognitionrateis someavhat highercomparedo the results
in theprevioussectionbut the systenstill hasthedif culty of
discriminatingbetweensomeof the actions.We believe that
thisis animportantresult.ImplementingP CA with temporal
dependenciesequiresaligned and equal length sequences
which may be dif cult to obtainin an online processvhere
we would like to perform recognitionduring and not after
an action has beenexecuted.A simple “voting” approach
presentedn the previous sectionmaybe assuitable. Another
issuethatwe have investigatedvasif the numberof sensors
affectsthe classi cation rate. The resultsare summarizedn
Fig. 4. We notethatthe differenceis only mamginal andthat
almost equal resultsare obtainedwith a single or all four
sensorsThis meansthat for actionswhich are very similar
using only a single sensoron the handor tracking only the
poseof the handmay be sufcient.

Fig. 4. The effect of numberof sensoraisedto the classi cationrate.

C. ISOMAP

A non-lineardimensionreduction,ST-Isomapwasapplied
to extracta low dimensionakepresentatiofior the actwvities.
Shepardnterpolation[15] was usedmap a query sequence
to the estimatedembeddingand Euclidean distance was
usedfor classi cation. From the training set of 20 people,
we formed subsetsof one, two and three persons.For
eachperson,all four actiities were consideredusing three
trials for all combinationsof three orientationsand two
heights. The classi cation was performedwith the queries
notincludedin thetraining set.As before we have evaluated
the systemwith differentnumbersaandsensorplacementsin
the forthcomingtables,this is denotedas: sensorgplacedon
thei) hand(sl),ii) handandthumb (s14),iii)) hand,thumb
andforearm(s142).Thoroughexperimentalevaluationwith
different valuesfor cctn parameterand dimensionality of
the embeddingspacewas conducted.

Fig.5 shows the resultsobtainedby ST-Isomapwith train-

ing basedon a single person.The results shav how the
dimensionof the embeddingand sensornumberaffect the
classi cation result. Here, parameterccTy = 2. Fig.6 shavs

a similar experiment,but herethe sizeof thetraining setwas
three.lt is interestingto notice that bestresultsare obtained
basedon the sensomlacedon the hand.For the future, this

would motivatethat only the positionof the users handand
not the completearm joint motion is neededto recognize
objectmanipulationsequencewhenST-Isomapis used.The
effect of changingthe valuesof parameterccty is shovn in

Table VI. It can be seenthat, comparedto the PCA, ST-

Isomapgives betterclassi cation results.

push | rot pd pu
ct=2 push| 889 ] 222 29.2 | 36.1
ct=2 rot 11.1 | 709 | 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| 139 | 375
ct=10 | push| 90.3 | 181 | 25 | 29.2
ct=10 rot 14 | 722 | 83 | 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 56 | 806| 56 | 4.2
ct=100 | pd 2.8 6.9 | 653 36.1
ct=100 | pu 6.9 42 | 222 36.1

TABLE VI: Classi cation resultsusing a single sensorplacedon the
hand.Training was performedwith 3 personsThe recognitionratesshov
the dependenc on the parameterccry .
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Fig. 5. STIsomapresultswith training basedon one personandtestingit with anotherone.The resultsshav how the dimensionof the embeddingand

sensomumberaffect the classi cation result.

sl sl4
p r pd pu p r pd pu
ct=2 b 72,2 333 333 16,7 16,7 333 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
p 77,8 56 22,2 333 61,1 50,0 27,8 50,0
3dimensions  |r 0,0 77,8 56 16,7 0,0 11,1 56 5,6
3dimensions  |pd 56 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 56 11,1 56 16,7 11,1 5,6 22,2 38,9
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 56 11,1 50,0 27,8 16,7 22,2 56 22,2
3dimensions  |pu 0,0 5,6 22,2 22,2 0,0 11,1 0,0 11,1

sl sl4
r pd pu p r pd pu

ct=2 b 100,0 22,2 16,7 50,0 66,7 22,2 16,7 11,1]
6dimensions | 0,0 778 0,0 0,0 16,7 61,1 56 27,8
6dimensions  |pd 0,0 0,0 66,7 27,8 56 16,7 55,6 22,2]
6dimensions  |pu 0,0 0,0 16,7 22,2 11,1 0,0 22,2 38,9

p 100,0 56 11,1 22,2 27,8 0,0 0,0 11,1
6dimensions | 0,0 88,9 56 56 0,0 61,1 38,9 27,8
6dimensions  |pd 0,0 0,0 72,2 27,8 50,0 56 444 11,1
6dimensions  |pu 0,0 56 11,1 44,4 22,2 333 16,7 50,0]
ct=10 p 88,9 11,1 16,7 222 55,6 0,0 0,0 5.6
6dimensions | 0,0 778 56 11,1 0,0 44,4 0,0 0,0
6dimensions  |pd 11,1 56 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

p 88,9 56 0,0 11,1 833 5,6 0,0 16,7]
6dimensions | 0,0 833 0,0 0,0 0,0 61,1 55,6 56
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 personsandtestingit with anotherone. The resultsshav how the dimensionof the embeddingand

sensomumberaffect the classi cation result.

VI. CONCLUSION

We have presenteda study on recognitionof object ma-
nipulation actions:pick up, put down, rotateand push.The
rst contribution of the work is that training andtestingare
performedwith 20 peoplewherethe manipulatecobjectwas
placedon two differentheightswith peopleperformingthe
actionsmultiple timesat threedifferentorientations Most of
the currentsystemsthat utilize robot imitation learninguse
a single personto train or teachtasksto the robot. Sincethe
intention for the future is that robotswill be able to learn
from observingdifferentandmultiple people,we believe that
it is importantto study how different methodsscale with
respecto this.

In this work, we have concentratedn evaluationof di-
mensionalityreductionusinglinearandnonlineartechniques.
Although the techniqueshave beenknown for sometime,
we have shovn how the numberof sensorstheir placement
and different modeling parametersaffect the classi cation
rate.PCA andnearesneighborclassi cationhave beenused
frequentlyfor action classi cation but our study shows that
this techniquesare not suitablefor caseswherethe actions
arevery similarto eachother We believe thatfor recognition
of suchactions dimensionalityreductionhasto be performed
with carein orderto presere the true variancein the data.
Even if the non-linear dimensionality reduction is more
appropriate the numberof commonand adjacenttemporal
neighborshave to be chosencarefully The resultsalsoshon
that using the explicit knowledge of kinematicchains(arm
model)may not be necessaryn orderto achieve satishctory
recognitionrates. Finally, for most actionsit is enoughto
provide only the measurementsf the hand motions while
distinguishing betweenpick-up and put-down would gain
from including the knowledgeof the objectaswell.
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