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Abstract—In the context of human motion analysis and
human-centered computational sensing, this work presents
a methodology for the investigation of the relations among
actions of a set of (Modern Greek) motion verbs. The
actions denoted by these verbs fall in the motion categories
of pushing, pulling, hitting, and beating. Motion data were
collected with motion capture technology, and measures
of correlation and distance are used to identify existing
relations among actions. Finally, hierarchical clustering
analysis was applied to identify groups of actions. The
results are in line with a semantic categorization of the
corresponding verbs. The overall experimental procedure
and data analysis indicate that the employed methodology
could be useful in promising applications of motion recog-
nition or motion clustering, aiming at the identification of
related captured actions.

Index Terms—MoCap, Motion verbs, Human motion
analysis, Hierarchical clustering analysis

I. INTRODUCTION

Recently, human motion analysis and event seg-
mentation have attracted the interest of computer vi-
sion engineers, computational linguists, and psychol-
ogists [1]–[7]: engineers attempt to match language
with videos in order to assist activity recognition while
linguists and psychologists anticipate that the visual
data will offer crucial information to linguistic analysis
and embodiment. The driving force for this extensive
engagement is useful and promising applications such as
security surveillance environments, healthcare systems,
human performance analysis in sports activities, human-
computer interfaces, educational systems.

We report on work aiming at the identification of
relations among the actions denoted by a set of motion
verbs of Modern Greek, namely actions of pushing,
pulling, hitting, and beating. We used motion capture
technology to collect a dataset of motion data for the
actions denoted by 20 motion verbs. After data prepro-
cessing, we use two approaches to specify the relations
among the motions denoted by the selected 20 verbs;
correlation and distance measures. Both these metrics
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return analogous results and validate the existence of
related actions. Next, hierarchical clustering based on
correlation and hierarchical clustering based on distance
are applied to identify consistent groups of motions.
Since the presented methodology can identify clusters of
actions (denoted by semantically related verbs), it could
be useful to applications that associate new observations
(i.e., captured motions) with relevant groups of actions
and contribute to the identification of actions drawing
on segmented or partial data.

The novelty of the presented framework lies in the
methodology for motion analysis of Modern Greek verbs
of particular conceptual categories, as this constitutes
a study that has not been discussed in the relevant
literature. In this context, this work utilizes motion
capture technology and methodology of data analysis
to group motions or distinguish among them, giving
advance to the field of human-centered computational
sensing.

The rest of this paper is organized as follows: Section
II offers a brief overview of the related work. In Section
III are discussed the studied motion verbs, the task of
motion capturing, and the preprocessing of the data.
Section IV describes in detail the analysis process up
to clustering, while Section V discusses the obtained
results. In Section VI, some final remarks are made, and
future work directions are discussed.

II. RELATED WORK

In the context of human motion analysis, high level
applications of human action recognition require low
level technology such as feature extraction and repre-
sentation, mainly based on single person activity recog-
nition [1], [5]. These features may vary depending on
the approach. In the case of the generic model recov-
ery, a 3D model is required, while the motion-based
model exclusively utilizes motion characteristics. The
appearance–based model is a 2D shape model derived
from images and videos [4]. In this line of research, the
majority of researchers who attempt to detect activities
work on three dominant motion features, namely space,
time and frequency [5]. Motion verbs, in particular,
have received considerable attention in studies that try
to ground language in sensorimotor data because their



denotation is grounded in action rather than in mental
or emotional situations (e.g., for visual data see in [2],
for kinematic data see in [3], [8], [9]).

III. MOTION CAPTURE DATA

A. Modern Greek Motion Verbs

This research focuses on capturing and analyzing
actions of pushing, pulling, hitting and beating that are
denoted by a set of Modern Greek verbs (see Table I).

In particular, we chose these verbs because we have
already studied motion verbs such as walk, jump, and
march that only involve one entity, namely the moving
one [8]. In this study, we turned to movements that
involved (a) more than one participant, that is, an actor
and an entity affected by the action, respectively realized
as a subject and an object in Modern Greek, and (b) the
hands of the actor. Furthermore, we decided to work
with actions that require a forceful movement of the
actor rather than a slight one. To this end, we chose
the aforementioned four general categories, namely “hit-
ting”, “pushing”, “pulling”, and “beating”. We used the
acclaimed Modern Greek lexicon Onomastikon [10] that
is conceptually organized to find verb predicates in the
particular semantic fields. Of them, we chose those verbs
that could be easier represented in our experimental
setup.

More specifically, in Onomastikon, lemmas of the
same Part of Speech are organized in sets of near
synonyms; the sets, in turn, are organized in groups
representing a “concept” (e.g., the concept of beating).
The verbs of pushing, pulling, hitting and beating (e.g.,
σπρώχνω ‘push’, κλωτσώ ‘kick’) have been preferred
for this study because they denote a “countable” motion
of the human being that performs the corresponding
action and is normally denoted by the subject of the
active verb. Any physical body affected by the action
is typically denoted with the direct object of the active
verb. Furthermore, these verbs denote actions that are
close to walking-like actions (e.g., walk, run), which
have been a popular research topic in Modern Greek
[3], [8].

The English translation of the employed verbs (Table
I) is used as the label of verb or action in the rest of the
paper.

B. Motion capturing

Twenty predicates of pushing, pulling, hitting and
beating (Table I) were selected from Onomastikon [10].
The selected verbs fulfilled requirements imposed by the
nature of sensorimotor experiments and lab limitations.
More specifically:

• The verb is used in spoken Modern Greek with a
literal meaning (some of these verbs belong to older
versions of Greek and are most often used with a
metaphorical meaning on within fixed expressions).

• Each action is performed by one human.

Table I
VERBS OF PUSHING, PULLING, HITTING AND BEATING OF

MODERN GREEK

N Verb English translation
1 σκουντώ (skoundo) Prod
2 ωθώ (otho) Push
3 σπρώχνω (sprochno) Shove
4 στριμώχνω (strimoxno) Cram/Squeeze
5 κλωτσώ (klotso) Kick
6 αποκρούω (apokrouo) Puch back
7 ποδοπατώ (podopato) Trample
8 τσαλαπατώ (tsalapato) Trample (clumsier)
9 χτυπώ έμψυχο (xtipo empsixo) Hit (animate)
10 χτυπώ πόρτα (xtipo porta) Hit (door)
11 σφυροκοπώ (sfirokopo) Hammer
12 κρούω (krouo) Knock/Ring
13 γρονθοκοπώ (gronthokopo) Punch
14 δέρνω (derno) Beat
15 καρπαζώνω (karpazono) Slap (on cervix)
16 χαστουκίζω (chastoukizo) Slap (on cheek)
17 κοπανώ (kopano) Pound
18 τσουγκρίζω (tsougrizo) Clink
19 μαχαιρώνω (maxerono) Stab
20 μαστιγώνω (mastigono) Whip

• Reciprocal or medio-passive verbs (e.g., χτυπιέμαι
‘to beat myself’) were excluded.

Equipment: We used a full body Synertial IGS-C420
system1 containing 18 inertial motion trackers. Figure 1
illustrates the Synertial mocap suit and Figure 2 depicts
the employed skeleton with 18 bones of motion cap-
turing. Each sensor module comprises 3D gyroscopes,
3D accelerometers and 3D magnetometers. The inertial
motion trackers give absolute orientation values that are
used to transform the 3D linear accelerations to global
coordinates, which in turn give the translation of the
body segments [11]. The mocap software is the animate
v1.3.

Figure 1. Synertial mocap suit

Participants: All participants (N=12 participants) were
native Greek speakers and were encouraged to act in-
tuitively. The age range of the participants is 20 - 60
years. It should be noted that the collected captured data

1Synertial mocap suit: https://www.synertial.com/
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Figure 2. Skeleton of motion capturing

require a significant amount of post-processing effort of
high computational and time cost. This is a deterrent
factor for evolving a large number of participants in
such experiments. For example, two prominent motion
capture databases are the CMU motion capture database
of the Carnegie Mellon University2, which contains data
from 14 participants each one performing approximately
10 - 12 actions, and the HDM05 database of the
Hochschule der Medien in Stuttgart3, which contains
data about 70 motions performed by 5 actors.
Action Performance: The experimenter uttered each
verb and the participant performed the denoted action.
All the performed verbs are transitive. For standardiza-
tion reasons, we used a minimal number of objects,
the same for all the experiments.These objects were:
a dummy doll (verbs of table I: Prod, Push, Shove,
Cram/Squeeze, Hit animate, Punch, Beat, Slap on cervix,
Slap on cheek, Stab, Whip), one or more balls (Kick,
Puch back), paper (Trample, Trample clumsier), a door
(Hit door), a hammer (Hit animate, Hammer), a small
bell (Knock/Ring), a glass (Clink), a plastic knife (Stab),
a rope (Whip), and a table (Pound).

C. Data preprocessing

Motion capturing produced a BioVision Hierarchical
(BVH) file [11] for each action; these raw data have
to be transformed in order to allow for measurements.
We followed three approaches of transforming motion
capture data:

i. Rotation data: The relevant Euler angles of the x,
y, and z-axis for each bone of the skeleton, as it is
a typical practice in related work [6], [12], [13].

ii. Positive rotation data: similar to [12], this approach
assumes that each angle of the rotation data is
transformed to a positive angle p angle around an
equilibrium angle e, as described in the Equation
1 (e.g., in positive rotation data, the movement of
the head to the right is assumed to be equivalent
to the movement to the left). In the experimental

2CMU graphics lab mocap database: http://mocap.cs.cmu.edu/
3Mocap database HDM05: www.mpi-inf.mpg.de/resources/HDM05

procedure, for each rotation, we assume that the
equilibrium angle is equal to zero (e = 0).

p angle =

{
e− angle, if angle < e.

angle− e, otherwise.
(1)

iii. Position data: The BVH data were transformed into
positions of spatial coordinates. In this transforma-
tion, for each bone of the skeleton, we transform its
relevant Euler rotation angles (i.e., angles of x, y,
and z-axis of each bone) to absolute coordinates.
The absolute position of each bone is computed
with respect to the absolute coordinates of the root
bone, which is captured by the equipment, and the
overall hierarchical structure of the skeleton, as it
is described in [11].

To extract features from the data [7], [13], we used the
point estimations of the minimum, maximum, mean and
standard deviation of each movement or rotation (i.e.,
the point estimations of time-series for each bone of x,
y, and z-axis). These point estimations are the “features”
of each bone movement.

Finally, the data were standardized (i.e., mean = 0
and standard deviation = 1) because our research
focuses on clustering analysis that presupposes data
standardization in order to improve clustering perfor-
mance [14], [15].

D. Data overview

Preprocessing and feature extraction result in a
dataset, one per each of the three data approaches
described in Section III-C, consisting of 240 usage ex-
amples (12 participants x 20 verbs). Each usage example
comprises 217 features (e.i., 1 for time + 18 bones x 3
for x, y, z-axis x 4 for the minimum, maximum, mean
and standard deviation of each bone movement).

IV. INVESTIGATING THE DATA OF MOTION VERBS

Aiming at the identification of clusters of verbs that
denote similar actions, this research employs clustering
analysis based on the correlation and the distance among
them.

A. Correlation of actions

We first measured the correlation among the actions
denoted by the 20 verbs by specifying the degree of
association among motions. To measure correlation,
we have experimented with two methods; Pearson’s
correlation and Spearman’s rank correlation coefficient
[16], [17]. Spearman’s correlation is most appropriate
for our dataset of non linear data because it examines
the association between variables in terms of monotony.
The Spearman’s correlation metric is applied to each one
of the three data approaches; rotation, positive rotation,
and position data. The obtained correlation matrices
represent the degree of association among the 20 used
motion verbs. In particular, the correlation cij between



the motions denoted by a verb i and a verb j, which are
represented by the corresponding vectors vi and vj , is
given by the Equation 2.

cij =

{
1.0, if i = j.

correlation(vi, vj), otherwise.
(2)

B. Distance of actions
To compute the distance among the actions denoted

by the verbs, we considered the following metrics:
Euclidean distance, Cosine distance, and Earth mover’s
distance [18], [19]. Since these metrics returned similar
results, especially the cosine and the Euclidean distance,
we use the cosine distance as a representative measure
of our dataset.

Cosine distance was applied to the three data ap-
proaches; rotation, positive rotation, and position data
yielding the corresponding distance matrices. More
specifically, the distance dij between the motion vi
denoted by a verb i and the motion vj denoted by a
verb j is given by the Equation 3.

dij =

{
0.0, if i = j.

distance(vi, vj), otherwise.
(3)

C. Clustering of actions
Hierarchical cluster analysis [20] is used to form

clusters of similar actions (denoted by the studied verbs).
The method of agglomerative clustering [21] is em-
ployed; with this bottom-up approach, each observation
starts in its own cluster and then the clusters are succes-
sively merged until all of them have been merged into
a single one.

We utilize the methodology of hierarchical clustering
because it enables us to examine and study the clusters
in a hierarchical order, moving from small groups to
large ones.

Since the method of agglomerative clustering requires
a distance matrix, we use two approaches;

i. Distance-based on correlation: The correlation ma-
trix (which is described above in Section IV-A) is
converted to distance matrix by transforming each
element of the correlation matrix cij to a distance
one dcij as it is described in Equation 4.

dcij = 1.0− cij (4)

ii. Cosine distance: The distance matrix, as mentioned
above in Section IV-B, is used in agglomerative
clustering.

For the linkage criterion of hierarchical clustering,
which determines the distance between groups of ob-
servations, we used the method of average linkage,
where the distance between two clusters is defined as
the average distance between the observations in the
clusters. This method of average linkage is preferred
because it produces more compact clusters than other
approaches in the case of our dataset.

V. RESULTS AND DISCUSSION

A. Correlation and distance

Figure 3 shows the correlation among the actions
denoted by the verbs for the rotation data, while Figure
4 illustrates the cosine distances among the actions. The
dark areas in these figures correspond to high correlation
or short distance, while the lightboxes represent pairs of
verbs with low correlation or big distance, respectively.
It can be seen that Spearman’s correlation and cosine
distance lead to comparable results verifying the asso-
ciations that exist in the data.

In particular, the actions that show very strong pair-
wise correlation are intuitively consistent with the usage
and the semantics of these verbs in Modern Greek (e.g.,
the motion of the verbs Prod, Push and Shove, which
have a similar meaning, are strongly correlated). This
may be an indication that the actions of the semantically
correlated verbs are also correlated. We draw the same
conclusions about distance.

For both positive rotation and position data, the
obtained results show very strong correlations. For all
actions in pairwise, Spearman’s correlation value is
greater than 0.5 for positive rotation data and greater
than 0.6 for position data. Thus, all pairs of actions are
strongly correlated, especially in the case of position
data. Therefore, both versions of positive rotation and
position data fail to sufficiently discriminate among
actions. These strong correlations may be due to the
fact that the positive rotation data ignores the movement
direction of each part of the body. Also, in the case
of position data, we have a very strong correlation for
each pair of actions because the whole body moves in
the same direction for each studied action, in terms
of spatial coordinates. Since the positive rotation and
position data show very strong correlations, and they do
not include any significant information for the relation
or the discrimination of the actions, they are not taken
into account. In contrast to positive rotation and position
data, rotation data capture sufficiently the discrimina-
tion and the relation between actions; the matrices of
correlation and distance are shown in Figures 3 and 4,
respectively.

B. Hierarchical clustering

Figure 5 illustrates the dendrogram of hierarchical
clustering that is based on the correlation matrix, while
Figure 6 shows the dendrogram of clustering that is
based on cosine distance. Considering the small groups
with no more than five actions, both clustering ap-
proaches produce the same groups. Clusters with car-
dinality larger than 5 differ slightly, especially in the
case of actions {4.Cram/Squeeze} and {9.Hit (animate),
10.Hit (door)}, which are grouped in different clusters
by the two approaches.

The fact that the two approaches of clustering provide
the same groups of actions in the case of small groups
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Verb

1.Prod
2.Push

3.Shove
4.Cram/Squeeze

5.Kick
6.Puch back

7.Trample
8.Trample clumsier

9.Hit animate
10.Hit door

11.Hammer
12.Knock/Ring

13.Punch
14.Beat

15.Slap on cervix
16.Slap on cheek

17.Pound
18.Clink
19.Stab
20.Whip

Ve
rb

1.000.760.700.430.490.560.470.490.500.470.430.370.490.490.460.460.470.450.430.46

0.761.000.820.500.510.640.480.500.550.480.430.360.510.540.490.510.500.440.470.49

0.700.821.000.520.580.680.540.530.530.470.420.380.500.530.470.480.490.440.440.47

0.430.500.521.000.570.560.590.570.410.320.410.340.580.580.540.510.510.470.590.58

0.490.510.580.571.000.710.780.720.440.390.340.300.400.390.380.370.360.330.400.40

0.560.640.680.560.711.000.740.690.590.530.460.410.530.520.510.500.510.420.460.50

0.470.480.540.590.780.741.000.870.540.470.430.380.480.460.430.420.400.380.480.45

0.490.500.530.570.720.690.871.000.610.540.510.430.520.500.480.460.440.410.510.50

0.500.550.530.410.440.590.540.611.000.790.660.600.550.530.510.530.540.440.490.50

0.470.480.470.320.390.530.470.540.791.000.670.640.470.430.450.490.490.440.430.46

0.430.430.420.410.340.460.430.510.660.671.000.800.590.540.550.570.570.500.510.57

0.370.360.380.340.300.410.380.430.600.640.801.000.560.490.500.530.550.480.490.54

0.490.510.500.580.400.530.480.520.550.470.590.561.000.760.690.680.690.560.650.68

0.490.540.530.580.390.520.460.500.530.430.540.490.761.000.790.750.750.590.690.68

0.460.490.470.540.380.510.430.480.510.450.550.500.690.791.000.850.790.630.680.70

0.460.510.480.510.370.500.420.460.530.490.570.530.680.750.851.000.810.640.660.70

0.470.500.490.510.360.510.400.440.540.490.570.550.690.750.790.811.000.640.660.70

0.450.440.440.470.330.420.380.410.440.440.500.480.560.590.630.640.641.000.700.72

0.430.470.440.590.400.460.480.510.490.430.510.490.650.690.680.660.660.701.000.83

0.460.490.470.580.400.500.450.500.500.460.570.540.680.680.700.700.700.720.831.00

Figure 3. Spearman’s rank correlation coefficient matrix (p− value < 0.001 for each pair of actions).

(i.e., no more than five actions per group) confirms that
these clusters are valid and compact; their respective
actions have similar characteristics. If we use the inter-
section of two sets of clusters of the corresponding two
clustering approaches (clustering based on correlation
and clustering based on distance) as a criterion of
determining the optimal clusters C, we designate that
the optimal clusters would be those that are specified as
follows:
C = clustering(correlation) ∩ clustering(distance) =

{1.P rod, 2.Push, 3.Shove},
{4.Cram/Squeeze},

{5.Kick, 6.Puch back, 7.T rample,
8.T rample clumsier},

{9.Hit animate, 10.Hit door},
{11.Hammer, 12.Knock/Ring},

{13.Punch, 14.Beat, 15.Slap on cervix,
16.Slap on cheek, 17.Pound},
{18.Clink, 19.Stab, 20.Whip}


With respect to the rotation data and the produced

clusters of the two clustering approaches.
Therefore, the optimal number of clusters in our

dataset is equal to 7, where the first group {1.Prod,

2.Push, 3.Shove} contains actions of pushing while
action {4.Cram/Squeeze} is grouped on its own. Also,
the actions of the set {5.Kick, 6.Puch back, 7.Trample,
8.Trample clumsier} are grouped in the same cluster as
three of them are performed with the feet. Moreover,
actions {9.Hit animate, 10.Hit door} correspond to
the same verb of hitting and beating, while the group
{11.Hammer, 12.Knock/Ring} contains close motions.
Furthermore, the set {13.Punch, 14.Beat, 15.Slap on
cervix, 16.Slap on cheek, 17.Pound} includes actions
of beating, and the final group {18.Clink, 19.Stab,
20.Whip} contains actions that are performed with the
hand.

The proposed unsupervised clustering analysis of ro-
tation data provides a valid and effective grouping of
actions, which supports linguistic explanation from the
point of embodiment. Tight clusters {5.Kick, 6.Puch
back, 7.Trample, 8.Trample clumsier}, {1.Prod, 2.Push,
3.Shove} and {11.Hammer, 12.Knock/Ring} correspond
to manner verbs, verbs that encode the manner of the
action and provide the path related information with
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Verb

1.Prod
2.Push

3.Shove
4.Cram/Squeeze

5.Kick
6.Puch back

7.Trample
8.Trample clumsier

9.Hit animate
10.Hit door

11.Hammer
12.Knock/Ring

13.Punch
14.Beat

15.Slap on cervix
16.Slap on cheek

17.Pound
18.Clink
19.Stab
20.Whip

Ve
rb

0.000.220.370.750.570.480.660.690.550.500.670.770.530.610.590.550.580.650.700.56

0.220.000.220.740.600.420.680.710.590.590.720.790.540.620.620.570.580.710.750.65

0.370.220.000.770.600.480.670.700.680.690.790.880.670.680.720.690.670.760.810.72

0.750.740.770.000.710.670.670.660.780.820.780.790.630.590.680.650.620.620.570.62

0.570.600.600.710.000.290.180.240.540.560.941.000.880.910.950.920.920.960.940.95

0.480.420.480.670.290.000.260.310.400.410.710.730.620.690.660.610.680.760.770.72

0.660.680.670.670.180.260.000.080.410.440.770.850.800.750.810.810.830.900.850.91

0.690.710.700.660.240.310.080.000.350.390.700.780.800.750.800.810.830.900.840.89

0.550.590.680.780.540.400.410.350.000.240.490.560.630.610.610.610.590.710.670.64

0.500.590.690.820.560.410.440.390.240.000.360.450.590.620.560.510.570.670.680.56

0.670.720.790.780.940.710.770.700.490.360.000.160.460.390.360.320.380.430.500.40

0.770.790.880.791.000.730.850.780.560.450.160.000.520.490.480.370.410.420.480.45

0.530.540.670.630.880.620.800.800.630.590.460.520.000.260.310.230.250.430.400.37

0.610.620.680.590.910.690.750.750.610.620.390.490.260.000.200.280.250.350.340.36

0.590.620.720.680.950.660.810.800.610.560.360.480.310.200.000.240.290.330.310.29

0.550.570.690.650.920.610.810.810.610.510.320.370.230.280.240.000.200.270.320.23

0.580.580.670.620.920.680.830.830.590.570.380.410.250.250.290.200.000.300.350.28

0.650.710.760.620.960.760.900.900.710.670.430.420.430.350.330.270.300.000.180.19

0.700.750.810.570.940.770.850.840.670.680.500.480.400.340.310.320.350.180.000.18

0.560.650.720.620.950.720.910.890.640.560.400.450.370.360.290.230.280.190.180.00

Figure 4. Cosine distance matrix
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Figure 5. Hierarchical clustering based on Spearman’s rank correlation
coefficient.

adjuncts (e.g., I fly to America). Given the diglossia
phenomena of Greek, there are many pairs of near
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Figure 6. Hierarchical clustering based on cosine distance.

synonyms with one colloquial and one formal member,
the latter related to older or ancient versions of Greek.



Such is the pair {2.Push, 3.Shove}. The actions could
be equally performed with the hands or the feet, the
shoulders or the back. These are transitive verbs that
denote the intention of the agent but they do not entail
that the patient moves eventually.

Moreover, the members of the pair {7.Trample,
8.Trample clumsier} differ in style, the second predicate
being colloquial and probably more emphatic than the
first one. Verb {5.Kick} is not a (near) synonym but
shares with the pair {7.Trample, 8.Trample clumsier}
the property of performing the action with legs. As op-
posed to the previous pair, these predicates are transitive
verbs that focus on the way the agent moves. Finally,
{11.Hammer, 12.Knock/Ring} comprises verb predicates
that are hardly used literally in Modern Greek while,
especially the first one, is widely used metaphorically
(e.g., bombing, the effect of hard rain). In their literal
sense, they both denote actions performed with the hands
and describe the way the action is performed.

Although this research is monolingual, it can be
extended to other languages with verb predicates with
the same semantics as the studied Modern Greek ones.

VI. CONCLUSION AND FUTURE WORK

We have used twenty Modern Greek verbs of pushing,
pulling, hitting, and beating to capture and analyze the
actions denoted by them and investigate the relations
among these actions. The analysis assumes tree versions
of the data; rotation, positive rotation, and position data.
Of them, the last two fail to highlight the relation and
discrimination among the motions. To investigate the
relations among the actions, we measured the correlation
and the distance among the actions drawing on rotation
data. The obtained results demonstrate sets of actions
with similar characteristics. Therefore, the methodology
of hierarchical clustering adopted in this research leads
to intuitively consistent groups that are in line with the
semantics of the verbs denoting the studied actions.

The employed clustering analysis could be useful
to practical applications that identify captured motions.
The same methodology could be extended to classify
motions or textual data to predefined classes. This ex-
tension, which constitutes our plan for future work, may
aim at the investigation of the correlation between the
motions denoted by verb predicates and the linguistic
properties of these predicates (such as their argument
structure or their aspectual properties). Additionally, to
measure this association between actions and linguistics,
an appropriate methodology should be developed, lead-
ing to reliable results. This research would be useful in
the fields of human motion analysis or human-centered
computational sensing.
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