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Abstract. The nonverbal communication can be informally defined as
the communicative process between two or more entities (e.g., persons)
which achieving an informative exchange without using the semantic
meaning of the words. This process can be accomplished by using one
or more language forms, including the body language (i.e., movements,
gestures, and postures) which in turn can be composed by voluntary
and involuntary behaviours. The analysis and interpretation of these
behaviours can infer different internal states of persons (e.g., feelings,
attitudes, emotions) which in turn can support the development of a wide
range of automatic applications in different fields, such as: rehabilitation,
security, people identification, human behaviour analysis, biometric.

In recent years, we have focused our efforts in developing a first im-
plementation of Kinematic, a novel multimodal framework designed to
support advanced human-machine interfaces. The purpose of the frame-
work is to provide a tool to analyze and interpret verbal and nonverbal
human-to-human communication in order to transfer this ability to the
human-machine interaction. In this paper we face a specific aspect of the
framework regarding the first calibration phase of the numerical measures
related to the Kinect skeleton used to analyze and interpret the body lan-
guage. The numerical measures was obtained analyzing the movements
of the skeleton during individual and social contexts. A preliminary qual-
itative and quantitative study has been reported and discussed.

Keywords: nonverbal communication, body language, human-machine
interfaces, skeleton, numerical measures.

1 Introduction

The term communication derives from Latin communicare which means “to
share” or “to make common”. Over the centuries, this term has taken on in-
creasingly heterogeneous meanings, representing material/immaterial as well as
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Fig. 1. Schematic Diagram of a General Communication System

concrete/abstract aspects of the interpersonal and social interaction processes.
Subsequently, the term has been progressively focused on defining the incor-
poreal and conceptual information exchange between people and/or devices. In
this context, a main contribute was provided from [16], where the authors for-
malized the basic theoretical aspects of communication. Their work, as shown
in Fig. 1, consisted in providing an abstraction of the general steps involved in
a communication process which can be summarized as follows:

Information Source: which produces a message or sequence of messages to be
communicated to the receiving terminal.

Transmitter: which operates on the message to produce a signal suitable for
transmission over the channel.

Noise Source: which represents the possible noise within the communication
channel.

Receiver: which ordinarily performs the inverse operation of that done by the
transmitter, reconstructing the message from the signal.

Information Destination: which represents the “entity” (e.g., person, device)
to whom the message or sequence of messages are intended.

Two elements remain implicity defined in the schema:

Channel: representing the medium used to transmit the signal from transmitter
to receiver.

Code: representing the set of symbols (e.g. words, sings, gestures) and related
rules (i.e. to combine them) adopted to define a specific language.

The proposed definition has been subject of many variants and interpreta-
tions [12,11]. In our context, we adopt the steps of general communication system
both to study the human-to-human communication processes and to develop the
related human-machine interactions. In particular, we consider both “informa-
tion source”/“transmitter”, and ‘receiver”/“information destination” belonging
to two different combined entities: human and device, respectively. As shown
in [7], the communication concept can be further characterized according to the
following classification:
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Nonverbal Communication: which represents the information exchange with
the use of spoken language.

Verbal Communication: which represents the information exchange without
the use of spoken language.

In particular, the Nonverbal Communication can be further classified as
follows:

Paralinguistic System: which represents the set of sounds of the vocal (non-
verbal) communication system (independently from the meaning of the
words). It takes into account several aspects, such as: tone (which is in-
fluenced from different aspects: age, gender, and so on), frequency (which
is tied to the general contexts and events), and rhythm (which is driven by
specific contexts and social status).

Kinesic System: which represents two different classes of “movements”. The
first class considers the body movements, including: gestures (such as: hands,
legs or arms movements), and posture (i.e., pose of the whole body or parts of
it). The second class considers facial expressions, including: eyes movements,
emotions, and so on.

Proxemics: which represents the study of the space use during a communica-
tion process. In particular, it explains that each person divides the surround-
ing space in four classes: intimate zone (from 0 to 50 centimeters), personal
zone (from 50 cm to 1 meter), social zone (from 1 m to 3/4 m), public zone
(over 4 m).

Haptic: which represents the relationship between the communication process
and the physical contact. Also in this case, according to the specific “action”
(e.g., handshake, hug) it is possible to derive peculiar information about the
nature of the informative exchange.

The previous items have voluntary and involuntary aspects that highlight in-
trinsic behaviours of the human according to events, situations and personal
internal states. Lately, we have intensified our efforts in developing a first imple-
mentation of Kinematic [3,4], a novel multimodal framework, based on Kinect
[15], designed to support advanced human-machine interfaces. The purpose of
the framework is to provide a tool to analyze and interpret verbal and nonverbal
human-to-human communication in order to transfer this ability to the human-
machine interaction. In this paper we face a specific aspect of the framework
regarding the calibration phase and the first numerical measures related to the
Kinect skeleton used to analyze and interpret the gesture class belonging to the
kinesic system (i.e., body language).

This paper is structured as follows. Section 2 introduces some basic works sup-
porting this preliminary measuring phase. Section 3 shortly presents an overview
of the framework. Section 4 summarizes the calibration phase of the numerical
measures related to the Kinect skeleton. Finally, Section 5 concludes the paper
and introduces the current developments.
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Fig. 2. Kinect Skeleton Model

2 Background

This section introduces some basic works supporting the set of numerical mea-
sures adopted to perform the first calibration phase related to the Kinect skele-
ton. As shown in Fig. 2 the kinect skeleton model of a human can be represented
with a stickman having up to 20 joints (according to the Microsoft joint classifi-
cation [17]), which can be used to analyze pose and tracking of the subject. Our
intuition was to study the spatial movements over the time of the joints using
well known numerical measures inherited from handwriting and freehand draw-
ing analysis. The concept is that the spatial-temporal evolution of each joint,
during a common activity (e.g., interpersonal or social interactions), tends to
form “graphical shapes” which can be analyzed with usual mathematical and/or
geometrical measures (e.g., curvature measure) to infer human behavioural pat-
terns. In our context, we just wanted to classify the “disorder level” of the joints
movement. The “disorder level” can be seen as the accuracy through which each
“graphical shape” related to each joint (within a time interval) is drawn. In other
words, the “disorder level” expressed by a set of joints during a specific interac-
tion of the human subject can characterize a class of gestures and/or behaviours
(e.g., social behaviour classification, emotion detection).

From an abstract point of view different works confirm our intuition. For
instance, advanced works in graphology [8,6] show as the handwriting analysis
can be used to evaluate and predict some basic aspects of the human personality.
On the same direction, we analyze the graphic over the time composed by the
tracking of the joints during a user interaction activity. To reach this task we were
inspired by specific handwriting/freehand drawing measures related to the sketch
recognition activity. A first interesting work is shown in [2], where the authors
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describe an intelligent framework able to automatically distinguish, in on-line
way, freehand drawing from handwriting. Their approach takes into account only
the mathematical features belonging to the sketch performed by users during
interaction activity. In particular, their framework adopts a set of numerical
measures (i.e., a feature vector) to analyse an object composed of a set of strokes
in order to classify it as text or drawing. A similar work is presented in [1],
where a gesture recognition system is introduced. Their system acquires freehand
gestures performed by users which manage a led pen. A color tracking algorithm
analyzes in real time the sequential frames and extracts the center of gravity
of the blob on each of them. These centers, combined to form a sketch, are
interpreted by means of mathematical features which identify the related gesture.
Other basic works are presented in [10,9], where a set of geometrical features and
a fuzzy logic approach to classify elementary geometric shapes, combined with an
extensible set of heuristics is presented. Both works introduce a recognizer able to
identify elementary geometrical shapes (e.g., triangles, diamonds, circles) which
are recognized independently of changes in rotation, size or number of individual
strokes. These last aspects play a key role in our context since the tracking of
the joints can be influenced by this kind of issues. Another remarkable method
is shown in [5], where a system to separate textual from graphical domain is
presented. In their approach the authors set out first to find the single logically
coherent feature which distinguishes shape from text. The authors observed that,
when using any general set of coordinate equations, handwritten text symbols are
more difficult to describe than common shapes (which are geometrically simpler).
In that sense, text strokes are more randomly structured. For this reason, the
measure of the degree of randomness of text strokes (high) compared with shape
strokes (low) can be considered an accurate criterion of classification. We have
applied a similar measure to support the characterization (concurrently with
other measures) of the “graphical shapes” derived from the tracking of the joints.
Other works were considered in relation to the used approach. A first example
is described in [14], where the authors combine two algorithms for application
to the recognition of unconstrained isolated handwritten numerals. The first
algorithm employs a modified quadratic discriminant function utilizing direction
sensitive spatial features of the numeral image. The second algorithm utilizes
features derived from the profile of the character in a structural configuration
to recognize the numerals. While both algorithms yield very low error rates, the
authors combine the two algorithms in different ways to study the best polling
strategy and realize very low error and rejections rates. In a similar way, we have
analyzed the correlation among our selected features. A last remarkable work is
presented in [13], where the authors adopt a Genetic Algorithm (GA) for solving
the off-line handwriting recognition issue. Their basic idea is to use the GA both
to combine various styles of writing a character and to generate new styles.
In other words, the authors tried to transfer the ability of the human mind in
understanding new character style (seen for the first time) within an application.
They obtained excellent results. In similar way, we have tried to classify a set of
general behavioural patterns by observing a sub-set of them. During our research
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Fig. 3. The Framework Architecture

we have considered several measures, in this work we will show a restricted set
of them since here our purposes is to define the basic calibration phase related
to the Kinect skeleton.

3 The Framework Architecture

In order to provide a complete overview of the Kinematic framework, in Fig. 3
the whole simplified architecture is provided. As shown, it is composed by three
parallel layers which elaborate the different input coming from the Kinect device:
RGB Map, Audio Channels, and Depth Map. As previously discussed, in this
work we are only interested in studying and providing preliminary results related
to the Kinect skeleton model (i.e., third layer) according to a set of specific
interactions. To achieve this result we have implemented (within the analysis
module) three main mathematical features: curvature, entropy, and homogeneity.

Each feature treats the abstract “graphical shapes” drawn by each joint during
the interpersonal or social activity as a set of strokes. The curvature feature mea-
sures the speed with which a stroke changes its trajectory. This task is achieved
by dividing each stroke (when possible) in different sub-strokes according to the
direction changes depending on the tracing direction, and by analyzing each of
them by means of its spatial derivative. The computation of the distances among
maximum and minimum points of all derivatives can be considered a character-
izing measure of the main stroke. The entropy feature measures the stochastic
distribution of the pixels composing a stroke. This task is achieved by consider-
ing the pixel disposition above and below the horizontal line of symmetry of the
bounding box containing the stroke and by comparing their degree of random-
ness. Also in this case the computation of the absolute difference between the
two sub-distributions can be considered a distinguishing measure of the stroke.
The homogeneity feature measures both interception and closeness of the strokes
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Fig. 4. Examples of Social Interaction

coming from the different joints. In particular, this last measure tend to identify
spatial relationship among six groups of joints:

– group1 (head, shoulder center),
– group2 (spine, hip center),
– group3 (shoulder left, elbow left, wrist left, hand left),
– group4 (hip left, knee left, ankle left, foot left),
– group5 (shoulder right, elbow right, wrist right, hand right),
– group6 (hip right, knee right, ankle right, foot right).

In our context, the interpretation of the three measures according to spe-
cific interpersonal or social interaction can support the classification of different
human behavioural patterns.

4 Experimental Results

With the aim to evaluate the degree of randomness related to the movements
of the joints we have planned three activities: in the first, 5 subjects had to
drawn on the air graphical and alphabet symbols using one or both hands; in
the second, the same subjects had to explain a research paper using gestures
(with hands and/or body); in the last, they were encouraged to perform a free
exchange of opinions (e.g., social interaction) on free arguments (e.g., politics,
sport). The screenshots in Fig. 4 show some examples related to the last activity.

Table 1 summarizes the basic intervals of values related to the three features
in consideration of each specific group of joints. Within each group we have
computed an average value (i.e., maximum and minimum) to provide a single
interval. Although the obtained results are preliminary and rough, a careful anal-
ysis of the Table 1 has allowed us to extract some useful information. First of
all, we have observed that all the joints can be numerically characterized within
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Table 1. Case Study - Planned Activities and Features

Features/Groups Group1 Group2 Group3 Group4 Group5 Group6
Curvature [10,5..25,9] [10,1..13,2] [12,4..60,5] [10,8..64,8] [23,6..40,3] [25,2..42,4]
Entropy [22,1..33.2] [20,3..25,5] [30,4..65,2] [28,4..68,5] [28,6..45,8] [26,6..44,7]

Homogeneity [75,0..88,0] [70,0..82,0] [77,0..89,0] [78,0..90,0] [79,0..90,0] [78,0..91,0]

a well-defined numerical interval. This means that we can hope to be able to
classify human behavioural patterns according to the different activities. More-
over, we have observed consistent differences between the numerical values in
relation to the specific interaction. Studying the distribution of the numerical
values, we have also noted a direct relationship between curvature and entropy,
and an inverse relationship between curvature and homogeneity. These last as-
pects highlight that the measures have a satisfactory degree of correlation which
will be useful for detailing the intervals of classification according to the differ-
ent activities. Finally, we have also tested that some gestures/interactions not
belonging to the three introduced activities do not fall within the fixed intervals.

5 Conclusions

The verbal and nonverbal human-to-human communication can be analyzed and
interpreted in order to transfer this ability to the human-machine interaction.
In this way, a wide range of automatic applications in different fields (e.g., re-
habilitation, security, people identification, human behaviour analysis) can be
supported. In recent years, we have focused our efforts in developing a first
implementation of Kinematic, a novel multimodal framework, based on Kinect
sensor, designed to support advanced human-machine interfaces. A basic step of
the framework regards the discrimination of the degree of randomness related to
the movements of the kinect skeleton model with respect the ordered one. This
target was achieved by implementing and evaluating three mathematical feature
(curvature, entropy, and homogeneity) working on the joint movements.
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