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This paper presents an approach for modeling human interactions based on existent relationship charac-
teristics between body parts motions and environmental parameters. Human interactions properly
cannot be identified without knowing the relations between the objects such as human-robot and
human-human. During any human interaction, there are many relations between human body parts
and others. In this article a general model to analyse human interactions based on the existent relation-
ships is presented. To study human motion properties, Laban Movement Analysis (LMA), a well-known
human motion descriptor is used. This work focused onRelationship’s component of the LMA to analyse
and formulate human activities related to environment. Bayesian approaches are proper classifiers for
the mentioned goal, in order to be able to predict, define the existent dependencies, fuse different types
of features and also deal with uncertainty. To present the idea, the model was performed to estimate
some human movements and activities related to an object like a robot or another person. The result
proves the capability of the approach to model and analyse any human activities related to environment
using the LMA framework.

© 2012 Elsevier B.V. All rights reserved.

1. Introduction

This paper presents a new approach to analyse human activities
based on the existent relations between different human body
motions properties and environmental parameters. Different kinds
of human body motion-based features such as; position, velocity,
acceleration, trajectory, etc. have been used to analyse human
movements and activities. In addition to those features, the rela-
tion between them is very important for analyzing different types
of human movements. These relations can be defined in three
levels. In the first level, relations are derived from internal body
part motion-based paramenters. Then the relations between one
person and environment are needed to analyse human activity in
a scene. Finally human-human interaction can be estimated by
defining the relationship of human motion characteristics of a
couple of persons. For instance; in a normal walking action, many
features can be obtained, but the harmony between legs and hands
is an important feature which leads to action perception.

In another example, suppose one clapping his hands, the “hands
touching each other” is the key feature (relation of those body
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parts). The relation can be defined also between a body and an
external object such as reaching to or grasping a cup of water,
and also other body such as hand shaking, punching, etc. In this
work an approach is presented to analyse all those types of human
activities based on the relationships.

This work is inspired from a well-known human motion analy-
sis system (Bartenieff and Lewis, 1980), Laban Movement Analysis
(LMA), which was created for choreography and dance notation
purpose. The system has a framework that consist of different
types of features to interpret human motions. One of those types
of features is provides a way to explain the relationship between
a human body part motion and other objects (other body parts of
itself, environment and other body). Those relationships can be ap-
peared widely, and having a global framework that could be able to
explain them as much as possible, is an important challenge that
we attempt to obtain it by the LMA system.

Fig. 1 presents a sequence of human movements, which can be
analysed as a sequence of human interactions with a robot. Those
analysis can be useful in several application, e.g. smart-home, sur-
veillance, human-robot and human-human interaction analyses,
etc.

In our previous works, several features based on the LMA con-
cepts were defined to analyse human movements. An approach
was presented to use frequency-based features to estimate human
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Fig. 1. A sequence of human movements with respect to a robot. The images in the
right side are shows a person who wore a motion tracker suit (MVN"). Left side
images represent the corresponding skeleton obrained from the motion tracker suit.

movements based on some body parts acceleration signals in
(Khoshhal et al., 2010). Then spatial based feature was integrated
to improve the previous estimation results in (Khoshhal et al.,
2011). The 3D data, which were used on the previous works, were
collected by a motion tracker suit. In this work, we attempt to
define the relationship’s parameters using the previous obtained
features, and also environmental parameters. To implement the
idea, Bayesian Network (BN) and Hidden Markov Model (HMM)
as a Dynamic Bayesian Network (DBN), which are well-known
approaches in this area (Poppe, 2010), are used. The capability of

generalization of the system, because of using LMA framework, is
the most advantageous of this approach.

1.1. Previous related works

Analysing human motion is a prerequisite for understanding
any human activities, such as human-robot interaction,
human-human interaction, etc. Analysis of human activities can
be investigated in different levels. Aaron Bobick in (Bobick, 1997)
presented a survey about the different levels of human motion
definitions, such as human movement, activity and action. In
Bobick’s terminology, the movements are the lowest level of
human motions which do not need any contextual and previous
knowledge to be identified. To understand human action or behav-
iour we need to have a sequence of human movements or states
with respect to the environment or scenario.

There are many different kinds of human movements that
researchers try to recognize. Each of them can be identified by
position variations of one or more involved human body parts,
without the need to know the underlying movement concept.
Thus, researchers whose research concerns to estimate human
dynamic characteristics, try to track body parts in a sequence of
captured data such as image sequences.

An accurate human movement tracking is essential for a precise
human interaction analysis. Feet, hands, head and face are the
most important body parts to track in related applications. Some
examples can be given such as; gait recognition, where the dynam-
ics of leg motions are important, facial expression recognition, the
focus lies solely on the face, while in gesture recognition, all parts
of body can be involved, where hands and head stand out as the
most important ones.

There are several surveys about human motion analysis such as
Aggarwal et al. (1994), by Aggarwal et al., which covered various
methods used in articulated and elastic non-rigid motion. Cedars
and Shah in (Cedras and Shah, 1995) presented an overview of
methods for motion extraction, in which human motion analysis
was illustrated as action recognition, recognition of body parts
and body configuration estimation. Gavrila in (Gavrila, 1999)
described a work in human motion analysis in terms of 2D and
3D approaches. Pentland in (Pentland and Liu, 1995) touched on
several interesting topics in human motion analysis and its appli-
cations. Moeslund and Granum (Moeslund and Granum, 2001;
Moeslund et al., 2006) published a couple of surveys of com-
puter-vision-based human motion capture problems (initializa-
tion, tracking, pose estimation and recognition). Wang et al. in
(Wang et al., 2003) provided a comprehensive survey of research
on computer-vision-based human motion analysis (human detec-
tion, tracking and activity understanding). Poppe in (Poppe,
2007) described the characteristics of human motion analysis,
and the study divided the analysis into modeling and estimation
phases.

As Bobick said, to analyse human activities, we need to know
the underlying movement concept (Bobick, 1997). It means to
understand human activities, we need to find the relation of
between human movements and environmental parameters. Since
there are infinite relations that can be appeared in human activi-
ties, thus, researchers always define some specific relationship
properties to present their methods. For instance; Rao et al. in
(Rao et al., 2002) presents a computational representation of
human action to capture the changes using spatio-temporal curva-
ture of 2-D trajectory of hands. Then in the experiment part, some
activities such as; pick up an object from the floor, and put it down
on the desk, were defined. Thus, It can be realized that we need a
general framework that to be able to analyse those kind of relation
parameters in mid-level. LMA is a system that can be used as the
mid-level features of human motions. To have this mid-level, sev-
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eral works have been done for several types of features, based on
the LMA systems (Foroud and Whishaw, 2006; Khoshhal et al.,
2011; Khoshhal et al., 2010; Rett et al., 2008a; Zhao and Badler,
2005). All of them were not explored in relationship component
parameters of LMA, but in Effort, Shape and Space.

For implementing the idea, Bayesian approach has been used. A
Bayesian approach presents many advantages on using prior
knowledge and modeling the dynamic dependencies between
parameters of object states. In the related fields, this approach is
popular and researchers have been keen on applying it. For exam-
ple; in (Rett et al., 2008b) Rett applied a general BN framework for
analyzing human motions based on the LMA concept for a human
machine interaction application, however in that work the rela-
tionship parameters were not investigated. Ryoo and Aggarwal
(Ryoo and Aggarwal, 2006; Ryoo and Aggarwal, 2008) presented
an approach for human action modeling by using a number of
BNs to recognize the poses of body parts and a DBN to analyse hu-
man activities based on using 2D data.

There are several reasons to use the Bayesian approach in the
mentioned applications: Bayes theorem is valid in all common inter-
pretations of probability, can represent and solve decision problems
under uncertainty, is a common approach to predict, an explicit ap-
proach to follow states, does not need large amounts of data to be
trained, and it is able to fuse different types of data in one model.

As it was mentioned, a BN can model the dynamic dependencies
between parameters. These dependencies between parameters
somehow play some of the relationship roles, but it depends too
much on the learning process. The point is, the relation parameters
were not defined explicitly in the model, thus it is very sensitive to
the learning process. Thus by considering those relationships prop-
erties such as the input features of our model, more reliable results
can be achieved. Finally by connecting human body motions to the
scene, which is one of the Relationship component purposes, the
probabilistic model for analysing human interactions are explored.

2. Features extraction

Human motions consist of a number of features which can be
defined and extracted in different domains. In the previous works,
frequency-based features (Khoshhal et al., 2010) and spatial-based
feature (Khoshhal et al., 2011) were extracted to analyse human
movements. The results showed that by conjugating of the both
types of features, the classifier’s efficiency significantly was im-
proved. Thus, we used those features relying on existent relations
between human body parts motions and environmental parame-
ters. Based on the relationship definitions which are described in
the next section, infinite relations can be defined. Therefore to per-
form an experiment and depend on the activities, it is needed to
collect the best features which can disclose differences of the activ-
ities perfectly.

2.1. Body motion based features

In this step, we estimate some general human activities, like
walking, running, siting, rising, falling down and standing, which
can be extended to more types of movements, without using envi-
ronmental parameters. Thus, we attempt to define the relationship
parameters between body parts of a person.

Relationship characteristics are very wide, and play an impor-
tant role to performing any activities. For instance; in walking
types movements, usually there is a harmonic motion in hands
and feet related to the body center. Those harmonic motions can
be estimated by frequency-based properties (Cheng et al., 2004).
The frequency-based features can be extracted by Fast Fourier
Transform (FFT) and Power Spectrum (PS) techniques which are

the known approaches (Ragheb et al., 2008). By exploring among
of different collected signals (trajectory, velocity, acceleration)
from body motions, the acceleration signals of human body parts
related to the body center were selected (based on the previous
work (Khoshhal et al., 2010)), and then FFT and PS signals of the
acceleration are extracted (Khoshhal et al., 2010) (see Fig. 2(top-
left) and Fig. 2(top-right)).

As (Ragheb et al., 2008) mentioned, power of the PS signals for
human motions usually is high in low frequency domains. Thus,
based on the previous work (Khoshhal et al., 2010), the peaks of
PS signals in the first four frequency sub-domains (1-10 HZ, 11-
20 HZ, 21-30 HZ, 31-40 HZ) for different movements are collected
as the low level features (LLFs). Other frequency domains data can
be achieved, but in these kinds of applications those selected do-
mains are more representative and sufficient. Fig. 2(left-down)
presents a histogram of the frequency data for a body part in differ-
ent human movements. This kind of histogram for each of the
selected body parts is generated.

The frequency-based data, which are obtained from accelera-
tion signal, are the proper features to distinguish between similar
movements like walking and running, or sitting and falling down,
but not for the others, which have difference in terms of spatial
property, like sitting and rising, running and falling down. Thus
some other useful features to distinguish those movements are
the relation of two objects like head and feet in terms ofthe rela-
tion between those body parts during the different movements.
For instance; in sitting and falling down movements, distance of
those body parts reduces and in a rising movement there is an
opposite situation. However in standing or walking, there is no
considerable changing in this aspect. Thus the difference of dis-
tance between head and feet during a movement can be obtained:

n
AD = Z((X;bjl +X;bj2> - ( LB}] ‘*‘Xlui;z)): M
i—2
where X;,, and X{;,, deNote 3D position of the two objects obj1 and
obj2 at frame i, respectively. n denotes the number of frames inside
of a window signal, and AD denotes the difference distance between
the objects during the window signal in the meter unit. The point is,
when one of the objects passed through another during of the win-
dow frame, the equation will calculate the difference distance if it is
more in reaching or spreading state.

2.2. Environmental based features

To implement this part, couples of scenarios are proposed to
present more visible the idea;

e First scenario, which includes a static robot agent that people
can interact with that, is defined. Some relevant activities were
performed like, reaching, spreading, and passing.

e Second scenario is about a couple of person interaction. In this
scenario, there are not only previous activities, but also more
complex ones (such as following, handshaking and pushing)
which need more input features to be estimated.

The features in this level are differences of distance between two
objects during human activities. For the first scenario the differ-
ence of distance between a person and a robot using the Eq. 1 is
necessary. In the second one we need also the distance between
the hands of the couple of persons.

3. Relationship modeling

Laban Movement Analysis (LMA) is a well-known method for
observing, describing, notating, and interpreting human move-
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ment (Bartenieff and Lewis, 1980; Badler et al., 1993). The theory
of LMA consists of several major components, though the available
literature is not in unison about their total number. The works of
Norman Badlers group (Badler et al., 1993; Zhao and Badler,
2005) mention five major components; Body, Effort, Space, Shape
and Relationship.

Each of those components describes human motion in different
aspects.Body describes human body part position situation, Space
interprets direction of human body parts motions, Effortor dynamic
explains how a body part motion is performing (for instance; if it is
sudden or sustained),Shapehas another aspect of the human mo-
tion’s interpretation, and explains human body shape (as a blob)
deformation during a movement. Several works were published
around these components, but there is not any attempt to analyse
human activities in relationship’s component aspect which could
explain human body parts motion relations to other parts of the
body, another body or environment parameters (Rett et al., 2008a).

The Relationship component of LMA has several parameters that
categorized different types of possible relations. As mentioned by
Hutchinson (Hutchinson, 1974) these parameters are named such
as; Addressing, Nearness, Contact or Touch, Support or Carry,
Enclosing or Surrounding, Toward and Away, and Facing. Each of
those parameters can be in three situations; Passing, Retention
and canceling of the relationship.

In the mentioned application, to analyse a person’s simple
movements and activities (interact with a static object (see
Fig. 1), such as; reaching, passing and spreading, and a couple of
persons activities such as; handshaking, following and pushing),
some of those parameters which are more representative are used
to present the approach. The approach allows us to generalize the
system, however for different activities, some of these Relation-
ship’s parameters are more sufficient. The performed relationship
parameters are described as follows (Hutchinson, 1974):

e Toward and Away: A performer may gesture toward or away
from a part of his body, another person, an object, or a part of
the place. For instance; left hand of a person moves toward
other left shoulder, head moves to down in sitting movement,
and approaches to or moves away from his/her partner.
Passing, transient relationship: Each of the relationships, address-
ing, nearness, touching, etc., may occur in passing, this is, the
relationship may be established, momentarily sustained, and
then relinquished. For instance; right hand passes near the left
hand, one person passes near a robot.

Retention of a relationship: When a relationship retains for more
than the moment usually depends on what comes next, and
when no obvious cancellation occurs, it is expected to remain.
For instance; keep the hands near each other, the box is to be
kept in the hands, keep the object near to the person.

Contact, Touch: When a part of body is active in producing a
touch or contact to another part, an object, or another person.
For Instance; Hands touching opposite elbows, Hand-shaking
of a couple of persons.

3.1. Relationship’s component modelling

Several properties for human activities can be defined in Rela-
tionship’s concept. As it was mentioned before and to simplify
the system, some of those properties are modeled for the per-
formed activities, as following subsections.

3.1.1. Passing and Retention relationship

These properties can be used between every two objects. In this
model, the objects are the body parts. During each human activity,
there are different motion signals between body parts. For
instance, in a walking type movement, there is the same motion

signal between opposite sides of hands and feet in the same mo-
ment. To analyse those signals, characteristics of passing and
retention relationship are used between each body part related
to a reference point like body center (if a body part is in the passing
or retention relationship with the body center). If the frequency-
based quantities, which are extracted for each of the body parts
movements, are more than a specific threshold, it means that there
is a passing status related to the body center, thus it states passing
relationship, otherwise statesretention ones. Based on the training
dataset, some thresholds are defined to discretize the frequency-
based quantities (Khoshhal et al., 2010):

No Max{ft, } £20
Low 20 < Max{fl;'b}glqu

i = )
" | Medium 150 < Max{f}, }<1000

High Max{ f;,,} > 1000

where Max fl;'b denotes a frequency-based coefficient for a body
part (pb) (Head, hands and feet), in ith frequency sub-domain where
1 15f<10Hz

2 10<f<20Hz

3 20<f<30Hz

4 30 < f<40HzsHZ

Thus for each body part, one variable with a couple of states is de-
fined as following:

Passyy, € {passing, retention} (2)

Fig. 2(right-down) presents an example of the output of the
Pass,,model for all body parts during a sequence of movements.
That diagram shows the passing state probabilities of a human
body parts during a specific movement.

3.1.2. Toward and Away relationship

They can be defined in two different spaces; between body
parts, and between a person and a robot or other person. By having
Eq. 1, Toward qualities between any two objects, can be estimated
by discretizing of AD using a couple of thresholds, which are ob-
tained by observing among the several experimental data set:

N AD>03m

S 03>AD>=-03m, (3)
P AD< -03m

Toward =

where P, S and N denote Positive, Still and Negative qualities of To-
ward’s property, respectively. These properties are used between
head and feet as two body parts of one person (AD,), and a person
and a robot, or between a couple of persons as two objects in a
scene (AD,). Thus there are two types of Toward’s variables with
the three states. We applied different thresholds on the model
(0.1 to 1.0 m), and the mentioned one provided the best result
based on our collected data.

3.1.3. Contact or Touch relationship

Some of activities will appears by contacting two objects, for in-
stance; handshaking, grasping a glass, pushing, kicking a ball, etc.
For modeling these variables, handshaking and pushing actions
were selected. Contact qualities can be estimated by using Eq. 1
for the two interested objects (e.g. two hands for handshaking),
and discretizing of the equation output, using one threshold, which
are obtained by observing among several experimental data sets:

Connected AD.£0.1m

4
Disconnected AD. > 0.1m @)

Contactpyi_pp2 = {
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Fig. 2. (Left-top) and (right-top) diagram present PS results of some body parts acceleration signals for walking and running movements respectively. (left-down) presents an
histogram to show the frequency-based features of one body part for different movements in different frequency sub-domains. (right-down) passing probabilities diagram for

all body parts during a sequence of frames.

where pbl and pb2 denote hands of the two persons, and AD.
denotes the difference distance in contact space. There are two
possible states; Connected and Disconnected, discretized by a thresh-
old 0.1 meter difference distance between two objects.

3.2. Human movement and activity model

By combining the Toward variable, defined between two body
parts and pass variable, the human movements are estimated
(see Set.5).

Mowvement € {walking, running, sitting, rising, falling, standing}
(3)

Finally by using the other variables between person and robot or
other person and the Movement variable, the performed human
activities are estimated. The activity states are:

Activity e{reaching, spreading, passing, handshaking, following,
pushing, other} (6)

Toward’s property between human and robot or other person, is
the proper feature to analyse reaching and spreading activities. The
passing activity can happen when the Toward variable states Still's
state while a person is walking, but when both persons are walking
then following activity is happening. For handshaking action both
persons are in standing’s state and the Contact variable is in con-

nected state. In pushing action, however there is a connected state
also, but one of the persons will perform fall down movement at
the end. There are more possibilities to define more activities by
having those movements and the environmental parameter states.
For modeling the idea, it was not supposed to implement a com-
plex model, but to present an approach which can be easily gener-
alized. Fig. 3(a) presents the idea in a scene. There are three objects
(two persons and one robot) in the scene. As can be seen in the fig-
ure, depend on the situation of each of them and between each
couple of objects, one specific activity can be estimated.

4. Modeling based on Bayesian framework

Bayesian approach is a popular and well known method to clas-
sify human motions and activities (Ryoo and Aggarwal, 2008; Rett
et al.,, 2008a). A Bayesian Network (BN) is a suitable method for
dealing with variable dependencies and uncertain data, learning
with a small bunch of data, and fusing different types of features.
HMM (as a DBN) is another popular approach, which is used also
for those kind of applications. HMM works when the defined
scenarios are based on a sequence of states. In this paper, both
approaches are implemented for analysing human activities.
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Fig. 3. (a) A scenario of the system. (b) The global Bayesian model for all the process of analysis in four layers, and two different spaces (related or not related to the

environmental parameters).

4.1. Bayesian network

In the model (see Fig. 3(b)), as it was mentioned before, there
are both frequency and spatial based features in parallel for differ-
ent properties. Frequency-based features for each body part (pb)
are used for the Passing/retention relationship of the same body
part:

P (Passpb| 11 Max{ ;b}

i=1:4

) B P(Passpb)]'[,-:MP(Max{ l;'b}\Passpb>
- Hi:1:4P(Max{ ,ﬁb})
(7)

The probability of Toward/Away relationship between body parts
can be obtained by:

P(Toward,,)P(ADy|Toward,)

P(Toward,|ADy) = P(AD,) (8)

and the probability of similar property but between a person and an
external object (such as a robot or another person) can be achieved
by:

P(Toward,)P(AD,|Toward,)

P(Toward,|AD,) = P(ADy) 9)

and for the Contact property:

P(Contact)P(AD.|Contact)

P(Contact|AD,) = P(AD,)
c

(10)

There are two other levels of analysis, that one of them is move-
ment’s level which is not related to the environment parameters.
The other one is activity level which can be analysed by finding
the connection between human movement and the scene informa-
tion. The free-context based movement model is defined as:

P(Towardy)[T,p—1.,P(Passy)
(11)

P<M|Towardb H Pass,,

) _ P(M) P(Towardy|M) [, ,P(Passy|M)
pb=1:n

In the activity level, there are not only each human movement
probability but also the environmental parameters:

P(Act|Toward, Contact MaMp)

__ P(Act) P(Toward,|Act) P(Contact|Act) P(M4|Act)P(Mg|Act) 12
N P(Toward,)P(Contact)P(Ma)P(Mjp) (12)

where My, Mp and Act denote movement state of person A and B,
and activity, respectively, and n denotes the number of body parts.

Fig. 3(b) presents the dependencies of those all different vari-
ables (LLFs, Relationship’s component, movement, activity) in two
different space (related and not related to the environmental
parameters) in one model.

Fig. 4 presents two examples of the model results in different
steps. First scenario is about pushing activity. Fig. 4(a) and and
Fig. 4(b) present the both persons movements classifier results,
and the Fig. 4(c) shows the trajectories of them in the scene.
Fig. 4(d) presents the results of the activity classifier. Another sce-
nario shows handshaking activity. Fig. 4(e) presents a sequence of
three images of the related activity. Fig. 4(f) shows the model of the
same scenario that obtained by the motion tracker suit, and
Fig. 4(g) Fig. 4(h) Fig. 4(i) and Fig. 4(j) present results movement
classifier of person A and person B and the trajectories of both per-
sons in the scene, and finally activity results, respectively.

4.2. Hidden Markov Model

HMM as a DBN is a common approach to estimate human activ-
ities based on a sequence states. In this work concurrent HMM is
implemented which is described in more detail in (Khoshhal
et al.,, 2011). A concurrent HMM is composed of several HMMs
(see Fig. 5(a)), and each one describing one class. The inputs of
the model are the all probabilities of the both persons movement
classes, and the probabilities of the relationship parameters,
obtained by the performed BN in the Movement and Relationship
layers. In every sequence of data, the activity class, which has most
probability of its corresponding HMM, is the output of the model
(see Fig. 5(b)). This is performed by finding the HMM Act: that
maximizes P(Act|O;_n . ..O;) where the O; denotes observation data
at time t.

5. Experiments

To obtain the input data (3D position and acceleration of body
parts such as hands, feet, head, etc.) a body motion tracker suit
(MVN“suit) (Khoshhal et al., 2011) was used. The suit consists of
several inertial sensors which attached in several human body
parts. There is an interface (which belongs to the suit) to collect
and analyse those sensory data and estimate human skeleton.
The suit uses a global reference in the scene as a start point. Thus
the distance between human body and others such as another per-
son or a robot, during the activities can be calculated (for more
information see http://www.xsens.com).

Several different human movements and activities were per-
formed. One second’s window which shifts half second, during
each record is defined to feature extraction’s process of the all
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Fig. 5. (a) Structure of the HMM to classify human activity (Act) by having several
inputs; movements type of person A (M4) and person B (M;), and Relationship
parameters related to environment (Relationship) as the Toward.and the Contact
components, at time t and t — 1. For each class of Act we have one HMM of that. (b)
A diagram shows the log-likelihood of each class during the sequence of data. The
log-likelihood data are the output of the model. Thus the class which has more log-
likelihood than the others will be the activity model estimation result.

performed movements. Two series of data are achieved; 3D human
body parts positions related to the body center, and the person’s
3D position related to a global reference which the person sup-
posed to interact with, in the scene. A free Bayesian toolbox which
provided by Kervin Murphy and Berkeley (Murphy et al., 2005) is
used to implement the BN model.

The BN estimates the high probability of the person movement
and activity states in each second. Table 1 presents the classifica-
tion results in movement level, as inputs of activity level of the
model. Those data are obtained from around 100 sequence of hu-
man movements with different durations (first half of the data is
used in learning and others in classification process) and then vice
versa (the first half of data is used for the classification process and
the others for the learning).

To be able to have a comparison with the stat-of-the-art, we at-
tempt to find the related works in 3D based analysis which is the
main characteristic of these works, however the experimental set-
up are not the same, and it’s not quite fair comparison. In (Holte
et al., 2011), 3D data-based classification results for different

Table 1
Human movement classification result.
Walk Run Sit Rise Fall Stand %

Walk 63 2 96.92
Run 1 72 2 96.00
Sit 46 2 95.83
Rise 34 1 97.14
Fall 1 1 26 92.85
Stand 155 100

number of human movements can be seen. The overall result for
classification of six human movements was maximum 89.58%. In
this aspect our model provided better performance with 96.45%
accuracy. in (Turaga et al., 2008) very accurate classification results
(overall 98.78%) were estimated, but their performed movements
are quite different in spatial aspect. For instance, there is no run-
ning movement in their movement classes which can be easily
confused with walking movement for this kind of models. Probably
that is the reason that their walking movement’s class always
estimated 100%. As can be seen in (Holte et al., 2011), their less
accurate results were around between walking and running
movements.

To present the multi-layer classifier results more visible, Figs. 6
and 7 show probability diagrams of the both classifiers of move-
ment and activity in a sequence of steps. In the first sample of
Fig. 6 (first column), one person is in walking and another in run-
ning movement state. These two persons will reach in the end and
do handshaking activity, but in the 6th frame we see the pushing
result activity, because of the person who was in running state in
previous step, that usually happens more in pushing than hand-
shaking activity in a normal scenario. In the second column, one
person runs and pushes other. In Fig. 7 and in the first column pre-
sents a scenario which shows a person how walks and passes near
of other person how is in standing state. Finally the second column
shows two persons in running state, but one of them is faster than
another, thus in the activity results show the person is going away
from other one.

Table 2 presents the result of the model for human activities le-
vel using the BN model. The result shows that our model for hand-
shaking activity is not accurate as others. The reason is that the
related features is not sufficient enough to distinguish between
handshaking and pushing activities.

For implementing the HMM approach, an interface described in
(Khoshhal et al., 2011), is used. The input data in this case are sev-
eral sequences of the observations which consist of both of persons
movement states and relationship parameters probabilities. For
each class, several sequences data for leaning and for classification
process, are collected.

Table 3 presents the result of the model for human activity level
using the HMM in the last layer. The result shows that the model is
more reliable than previous one, with less false detections. It can
be improved by using other relationship parameters (Hutchinson,
1974). The advantage of the HMM approach is using a sequence
of observations, which is relevant to the activity definition (Bobick,
1997). The results also proved the Bobick’s terminology.

A general discussion and comparison between the existent
methods for human activities understanding was presented in
(Poppe, 2010). In this work, we presented two most popular meth-
ods (BN and HMM) in the related area, to show their results in the
mentioned framework also. Each of them has own advantageous,
for instance; however HMM needs previous state knowledge, but
it gives better results than the BN approach. We believe that
HMM shows better performance for complex activities.

By having the obtained information by the models, it is possible
to analyse more complex human activities, like rubbery (when the
rubber performs first reaching and then spreading activity in run-
ning movement state’s), fighting (reaching in running or falling
down movement’s states), etc. It means, these relationship’s
parameters can assist us to analyse even more complex human
activities in different concepts and applications.

6. Conclusion and future works

This paper proposed a new approach which allows us to analyse
any kind of human activities through the relationship concept.
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Table 2
Human activity classification result using the BN which can be seen in Fig. 3(b).

Rch Spd Pas Flw Hsk Psh Oth %

Rch 133 0 2 0 0 0 7 93.66
Spd 0 141 6 0 0 0 5 92.76
Pas 8 1 127 9 0 0 3 85.81
Flw 1 1 6 50 0 3 81.96
Hsk 3 0 0 0 53 11 1 77.94
Psh 0 2 0 0 3 68 3 89.47
Oth 1 1 4 1 1 2 211 95.48
Table 3

Human activity classification result using the HMM as can be seen in Fig. 5.

Rch Spd Pas Flw Hsk Psh Oth %

Rch 45 0 1 0 1 1 0 93.75
Spd 0 45 1 0 2 0 93.75
Pas 3 0 43 0 1 1 0 89.58
Flw 0 0 0 45 0 1 0 97.83
Hsk 0 1 0 0 42 5 0 87.50
Psh 0 0 1 1 2 44 0 91.67
Oth 0 0 0 0 1 1 55 94.49

There are infinite relations between body part motions and envi-
ronment in daily human activities. Using Relationship’s component
of LMA is the key of the system to analyse any human activities
specially in terms of interaction with the environment. In this
work, we attempted to computerize the component (Relationship)
for some performed activities.

A Bayesian network was defined to develop a model which can
deal with uncertainty and fuse different types of features to clas-
sify the movements. In activity process layer, BN and HMM ap-
proaches are applied. Results of both classifications show that
HMM approach can be more reliable for analysing human activities
based on a sequence of states. In the future, we intend to investi-
gate Relationship component for interpersonal activities in social
aspect to improve our recent work (Khoshhal Roudposhti et al.,
2012).
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