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The most exciting phrase to hear in science, the
one that heralds new discoveries, is not ’Eureka!’
but ’That’s funny...’

Isaac Asimov

1
Introduction

The past years have seen the first attempts to introduce robots in el-
derly people’s homes in the forms of animal–like robots, mobile remote
presence robots or autonomous robots. Autonomous robots that have
been deployed in elderly people’s homes are commonly wheel based
platforms with a touch screen to interface them with users. How-
ever, their shape does not allow them to show relevant human–like
non verbal cues such as gazing or gesturing as humanoid robots could.
The present thesis investigates topics related to the introduction of
autonomous humanoid robots in elderly people homes to enable inde-
pendent living with a focus on non–verbal interaction cues in navigation
and human–robot interaction.
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1.1 Aging societies, intelligent homes and
robots

Worldwide life expectancy is higher than in the past and the ratio
between the economically productive proportion of the population and
retired and/or disabled elderly continues to decrease [43, 80]. If we
look at the UN demographic statistics [7], we can see that, by 2020, the
world population over 65 years of age will outnumber the population
under 5 years of age (see Fig. 1.1.1). As a result, it is expected that the

Figure 1.1.1: Estimation of worldwide population (both gender) from 1950
to 2050 [7] above 65 years of age and below 5 years of age.

increasing proportion of elderly persons will lead to both an increasing
demand for care and a shortage of caregivers [165]. In addition, modern
lifestyles take children away from their parents, and it is no longer self-
evident that they can provide the care and support their parents will
probably need.

In this context, aging societies would benefit from the design of
intelligent homes that provide assistance to the elderly [159] so that the
elderly can live at home for a longer period of time maintaining high
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levels of quality of life. Such homes can assist elderly persons effectively
in everyday tasks such as communication with the external world and
provision of medicine and health check reminders in a proactive fashion
[46]. Intelligent homes are able to detect people’s activities [163] and to
trigger appropriate interventions depending on the recognized activity.

Overall the most common interventions consist of communicating
with the inhabitants of the house in different situations and with dif-
ferent purposes, such as reporting the outside weather conditions, re-
minding them to take their medications or stimulating them to engage
in physical activity. Therefore the effectiveness of intelligent homes
largely depends on the choice of interface between the smart home and
the user, because the interface is likely to embody the intelligence of
the system and in many different scenarios it is its only visible compo-
nent. In that respect, socially–assistive robots [62] appear to provide
one of the most promising interfaces. Unlike stationary solutions like
avatars, they have the ability to navigate autonomously towards a per-
son and/or they are equipped with multimodal communication channels
that can be used simultaneously for enhancing the quality and success
of interaction.

1.2 Socially–assistive robots for the care of
the elderly

A special class of social robots is the so-called socially assistive robots,
which provide functional help in the form of social interaction with
users [62]. In other words, the robot’s physical embodiment and mul-
timodal communication channels allow it to communicate with users
(verbally and non-verbally) in a social manner so that users benefit
from communication or, more generally, from interaction and not just
from the robot’s physical abilities, e.g., carrying things. As a conse-
quence, socially-assistive robots might be perceived as companions by
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users. As such they can reduce the feeling of social exclusion and are
helpful for decreasing the level of stress, both common problems of age-
ing (for reviews see [29, 38]). Recent years have seen the development
and evaluation of a number of socially–assistive robots which differ in
appearance, level of autonomy and context of deployment.

1.2.1 Animal–like socially–assistive robots

There is ample evidence for the benefits of animal assisted therapy
on people’s mental health [41]. Unlike real animals, socially–assistive
robotic animals do not carry disease, can potentially interact for longer
period of time, don not need food and display motion pattern which
can be replicated. These characteristics make therapy with robotic
socially–assistive animals attractive.

Furthermore, under a technical perspective, robotic animal do not
require high levels of autonomy, such as decision making or navigation,
thus they are easier to realize and deploy with respect to the other
types of socially–assistive robots that are introduced in Sections 1.2.2
and 1.2.3.

Examples of such robots are the seal Paro (see Fig. 1.2.1a), the
dog AIBO (see Fig. 1.2.1b) and the dinosaur Pleo (see Fig. 1.2.1c).
Animal–like socially assistive robots are often used in therapy of chil-
dren affected by Autism Spectrum Disorders [145] and elderly people
affected by forms of dementia [179].

Several studies suggest that interacting with robotic animals affects
people’s mental health in a positive way [20, 144, 145, 178, 179]. Wada
and Shibata [178] were one of the first to investigate the positive effects
of interaction between elderly people and the robot Paro. Two thera-
peutic robots were left in a senior center for 1 month and were activated
for 9 hours a day when residents could interact with them. Behavioural
analysis of video footages, questionnaires, and interviews revealed that

12



(a)
Paro

(b)
Aibo

(c)
Pleo

Figure 1.2.1: Images of socially–assistive robots used for therapeutic sessions.

the introduction of Paro increased the level of social interactions of the
seniors. Furthermore, the authors analysed the residents’ stress level,
with physiological measurements, five days before the start of the trials
and every two weeks after the introduction of Paro. Results of the tests
were used to assess the decrease or increase of the level of stress after
the introduction of Paro. This indeed showed a significant decrease of
the level of stress.

Positive effects of interaction with the robotic dog Aibo have been
reported by Banks, Willoughby and Banks [20]. The authors compared
the ability of a living dog and the Aibo, (see Fig. 1.2.1b), to treat
loneliness in elderly patients living in a nursing facility. They found
that loneliness significantly decreased in both conditions with respect
to the level of loneliness of a control group. This indicated that the
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robotic dog had a positive effect on patients’ mood similar to the effect
a real dog had.

Socially–assistive robotic animals have also been used for therapy
of children suffering from Autistic Spectrum Disorder ASD. Typically,
in this domain, the functional added value of socially–assistive robots is
related to the high degree of duplicability and controllability of motion
patterns, whereas the added social value is related to the improvement
of social behaviours of autistic children after the therapeutic sessions
[144, 145]. As an example, Kim et al. [95] showed how autistic chil-
dren who interacted with the robot Pleo (see Fig. 1.2.1c) displayed
improvement in the quality of human–human interaction: they gazed
at the interviewer significantly more after the treatment with Pleo then
before the treatment.

1.2.2 Mobile remote presence robots for independent liv-
ing

Paro, Aibo and Pleo are examples of animal–like socially–assistive
robots that were used primarily for therapy and not for human–like
communication with the patients. They also displayed low levels
of autonomy (e.g. navigation) and decision making. Navigation
(autonomous or teleoperated) is a fundamental characteristic of so-
cially–assistive robots that operate in the house of elderly people to
help them living independently.

Indeed elderly people often experience reduced mobility in the home
and need an interface that can approach them.

Recent years have seen a number of attempts to deploy and evaluate
MRP robots in the home of elderly people [25, 45, 75]. These are typi-
cally mobile wheel based platforms that can be controlled by a remote
user (the pilot). The pilot steers the robot towards the person he/she
wants to address and receives video and audio streams from the robot’s

14



camera and microphones. Typically, the addressee can watch the pilot
through a monitor positioned on the MRP. Examples of MRP robots
are the Texai, Fig. 1.2.2a, and the Giraff, Fig. 1.2.2b. In the case of a

(a) Texai (b) Giraff

Figure 1.2.2: Images of MRP robots used for promoting independent living
of elderly people at home.

Mobile Remote Presence robot (MRP), the robot can be teleoperated
by caregivers that want to check the physical conditions of the elderly,
or, it can be teleoperated by family members who want to interact with
their relatives.

Positive evaluation of MRP robots by elderly people and caregivers
has been reported by a number of authors with short term [25] and long
term trials [45, 75]. Beer and Takayama [25] asked 12 elderly people
to steer the robot Texai in a remote location and to receive a visit
from a confederate through the robot Texai. Thus elderly people could
experience the MRP robot from a pilot and a primary user perspective.
Results were gathered through semi-structured interviews and indicated
that the elderly people appreciated visualizing other people through
the robot and found it convenient not to move from their house to have
a meeting. Observations during the study also reported that, when
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steering the robot, participants had difficulties in navigation due to
poor spatial information.

The positive evaluation of MRP robots appears to persist over
longer periods of time too. Within the context of the Excite
Project [44], Cesta et al. [45] and Gonzalez et al. [75] evaluated user ac-
ceptance of the MRP robot Giraff over one year by introducing it in the
homes of 2 elderly people in Italy [45] and 3 elderly people in Spain [75].
Results of semi structured interviews showed that participants rated the
use of the MRP robot positively. However, it is interesting to notice
how the authors hint to the need of autonomy in the robot. The need
arises from two observations: (1) real houses of elderly people are small
and full of objects which makes it difficult for the pilot to steer the
robot without bumping into obstacles and (2) the pilot has no interest
in carrying out operations such as driving the MRP robot to its dock-
ing station or driving the MRP robot in all the rooms to look for the
addressee. The two observations suggest that it is necessary to intro-
duce some levels of autonomy in MRP robots which can range from
autonomous navigation (i.e. autonomous docking) to shared control
(i.e. shared controlled paradigm for brain controlled wheel chair nav-
igation [170]). Research also suggests that MRP robots’ pilots would
appreciate the availability of high level information such as the location
of the person within the house. Such information might be obtained
with forms of ambient intelligence.

1.2.3 Autonomous socially–assistive robots for indepen-
dent living

MRP robots are relatively easy to introduce in elderly people’s homes
because all decision making is performed by the pilot (i.e. when to start
navigation, where to go, how to get to a certain location). However,
as we have seen in Section 1.2.2, research has shown that autonomy is
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still a requirement for their deployment at elderly’s homes [45]. The
need for autonomy has pushed research in the direction of creating
and deploying robots that can autonomously determine their behavior.
Such robots are, in the majority of cases, wheel based mobile platforms
with a touch screen that functions as user interface. Examples of such
robots are Pearl [135], Kompaï [5] used in the Domeo Project [3] and
ScitosG3 [6] used in the Companionable project [2]. All robots are
shown in Fig. 1.2.3.

(a) Pearl (b) Kompaï (c) Scitos

Figure 1.2.3: Images of socially–assistive robots deployed and evaluated at
elderly people’s homes.

Such robots have the capability of building a map of the environ-
ment and to define their position within this map; in other words they
are able to perform the so-called Simultaneous Localization and Map-
ping (SLAM) [40, 169]. They can then plan navigation trajectories to
reach a person or specific points in the home environment. One exam-
ple of state of the art SLAM and navigation planner is the G-mapping
algorithm available in the ROS navigation stack [110].

An autonomous robot can determine its behavior autonomously
and, in principle, it can accomplish all the tasks that a MRP robot can.
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Autonomous socially–assistive robots are equipped with sensors whose
information are used for autonomous navigation such as laser range
finders, depth cameras and sonars. In order to interact with elderly
people, they are also equipped with a touch screen that functions as
user interface and have integrated multiple cameras and microphones.
Cameras are often used to track users’ facial and body movements
during interaction and the microphones provide input for speech recog-
nition. Autonomous socially–assistive robots are also equipped with
software that implements assistive services such as personal agendas,
video conferencing systems and cognitive training programs [135, 149].

Research has investigated users’ acceptance of autonomous so-
cially–assistive robots in home settings but for shorter periods of time
(1 to 5 days) with respect to MRP robots [45, 75].

Pineau et al. [135] were one of the first to deploy and evaluate ac-
ceptance of autonomous socially–assistive robots by older adults. They
conducted five experiments, each lasting one day in a retirement com-
munity located near Pittsburgh in the USA. During the first three days,
elderly people could approach the robot and interact with it verbally
and spatially. In the last two days, the robot performed 12 scenar-
ios with 6 elderly people. In each scenario, the robot was required to
provide a timed reminder (e.g., a scheduled appointment) to the par-
ticipant, lead the participant between locations in the facility, and in-
teract verbally with participants. Post-experimental debriefings, which
were used to evaluate acceptance of the robot, showed that elderly were
positive about the use of the robot.

More recently, Schroeter et al. [149] presented results on the real-
ization and evaluation of a socially-assistive robots deployed in a smart
environment. Six pairs of elderly people were asked to spend two days
(daily hours) in a smart home in Belgium or the Netherlands. One per-
son of the couple was an elderly with mild cognitive dementia whereas
the other was an informal caregiver. Each day they experienced 5 to 6
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sporadic interactions with the robot including cognitive training and a
video call. Data were gathered with observations and interviews at the
end of the day. Qualitative results showed that people perceived the
robot as a social entity attributing to it traits such as personality and
mood. Results from the interviews also revealed that primary users
rated the robot as highly enjoyable whereas the caregivers stressed its
usefulness.

Unfortunately, state of the art socially–assistive robots have one
shortcoming in common: they do not have an anthropomorphic shape
that would allow them to show non verbal interaction cues when they
communicate with the elderly.

1.3 Non–verbal cues in human–robot interac-
tion

In previous sections, we have established that one of the main func-
tions of a socially–assistive robots in elderly people’s homes is com-
munication. Non–verbal interaction cues such as mutual positioning,
gazing and gesturing are fundamental in human–human communica-
tion and play a similar role in human–robot communication. In par-
ticular, non–verbal interaction cues are important when the robot has
an anthropomorphic shape, such as the robot used in the experiments
reported in the present thesis.

The study of socially acceptable robotic behaviors can range from
verbal communication, such as dialogue management systems [89]
to non-verbal communication such as gazing or proxemic behav-
ior [96, 119, 122]. Non-verbal cues can be very divers (i.e. gaze, ges-
tures, body posture), but they all influence interaction’s quality. In
the present thesis, we give particular emphasis on the study of how
different interaction cues (i.e. proxemics, gaze and gestures) influence
the quality of human–robot interaction.
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Human-robot proxemics considers how a robot should approach a
person for initiating and maintaining a conversation. Such studies in-
volve the creation of models of personal space and their implementation
in navigation algorithms. As an example, Kirby [96] presents results of
comprehensive studies related to modeling people’ personal spaces as
cost functions into potential fields maps used in navigation.

Gazing behavior is another fundamental component of hu-
man–human interaction. Gazing behavior of humanoid robots can help
to signal a role change during conversation, to manage turn–taking
and, in general, to influence how interlocutors perceive the robot and
the entire conversation [122]. Gazing behaviour can interact with other
communication cues. Mumm and Mutlu [119] suggested that robot’s
gazing behaviour influences human−robot proxemics.

Co-speech gestures play an important role during human−robot in-
teraction as well as gazing behavior. As an example, Salem et al. [143]
found that robots are perceived as more anthropomorphic when they
use gestures to accompany speech, irrespective of if co-speech gestures
are congruent or incongruent with the conversational subject. Also
deictic gestures (pointing gestures) are fundamental for speech disam-
biguation both in human–human and in human–robot interaction [157].

1.4 Scope of the thesis

In previous sections we have shown that robots can be used to as-
sist people living independently for longer time. We have also shown
that their introduction in people’s homes poses challenges related to
the robot’s functional and social abilities. The functional abilities of a
socially–assistive robot are related to the provision of services to the
house inhabitants but also to the people that interact with the inhabi-
tants such as caregivers. Prompting a person to perform measurements
of his/her physical status, providing video communication capabilities
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and making the collected data available to health care professionals are
examples of such services.

Social abilities are related to the interaction between the robot and
the house inhabitant. How a robot gazes at the inhabitant while ut-
tering a message, how a robot approaches the inhabitant to start com-
munication or, in general, how a robot uses communication channels
during interaction, concur to define the robot’s social abilities.

The main goal of the work presented in the thesis was to introduce a
small socially–assistive humanoid robot in a smart environment to en-
able independent living of elderly people. In particular, we investigated
how to enhance the robot’s social and functional abilities to increase
the quality of interaction.

In Chapters 2 and 3 we present the topic of human–robot prox-
emics and we look at how to generate robot navigation trajectories
which are well perceived by people. In particular, in Chapter 2, we
define a new personal space model based on the data collected during
two psychometric studies. In Chapter 3, we then focus on the definition
of a behaviour-based robotic architecture that (1) allows the robot to
navigate safely in a cluttered and dynamically changing domestic envi-
ronment and (2) encodes embodied non-verbal interactions: the robot
respects the user’s personal space, derived in Chapter 2, by choosing
the appropriate distance and direction of approach. We show that the
introduction of the personal space model improves how people rate the
robot’s proxemic behavior.

In Chapter 4, we look at how to improve one of the most important
robot’s functional abilities: navigation. We explore how the dynamic
neural field, a recurrent neural network that describes the dynamics of
excitation patterns in lateral-inhibition types of homogeneous neural
fields, can provide solutions to the problem of behavior coordination in
mobile robot navigation.

In Chapters 5 and 6 we investigate how non–verbal interaction cues,
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that a humanoid robot can display, can increase the quality of interac-
tion in two distinct, yet interconnected, moments: attracting attention
to initiate communication and during robot to human communication.
In particular, in Chapter 5, we look at the effects, on reaction times
and user perception, of different cues a humanoid robot can use for at-
tracting attention. The experiment set-up was naturalistic: while the
user was watching TV the robot attracted attention. Results reported
in the chapter have been used to determine the sequence of actions by
which the robot attracted participants’ attention during field trials.

In Chapter 6, we look at the effects of non–verbal interaction cues,
namely gaze and gestures, during communication. A humanoid robot
gave short verbal messages to participants, accompanied either by
iconic gestures or no gestures while making eye–contact with the par-
ticipant or looking away. By measuring retention scores of the verbal
message we wanted to determine the extent to which gaze and gestures
can improve robot to human communication.

Chapters 7 and 8 extend and test the results of the studies presented
in the previous chapters. We report the results of the EU-FP7 KSERA 1

project first (Chapter 7) and second (Chapter 8) iteration of the field
trials during which we designed and deployed an assistive system which
used a small humanoid robot as main communication interface with
users. During the field trials, we tested interaction between users and
an autonomous humanoid robot which was able to display autonomous
navigation capabilities and non–verbal interaction cues. We also extend
the work presented in the previous chapters by defining a smart home
system able to acquire users’ physiological measurements, connect with
the external world and make information available to the robot. In such
context the robot could function as mobile communication interface

1The research leading to the results presented in the thesis was part of the
KSERA project (http://www.ksera-project.eu) and has received funding from the
European Commission under the 7th Framework Programme (FP7) for Research
and Technological Development under grant agreement n◦2010− 248085
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between the user and the system.
Finally, in Chapter 9, we draw general conclusion on the work pre-

sented in the thesis.
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It is the obvious which is so difficult to see most
of the time. People say ’It’s as plain as the nose
on your face.’ But how much of the nose on your
face can you see, unless someone holds a mirror
up to you?

Isaac Asimov, I, robot

2
Design of a parametric model of
personal space for robotic social

navigation

2.1 Introduction

Proxemics is one of the most fundamental interaction cues in human
communication. This term refers to the mutual positioning among hu-
mans and how this influences the quality of interaction. This topic
has been subject of extensive research in the social science domain; see

This chapter was published as:
Torta, E., Cuijpers, R.H. and Juola J.F., (2013). Design of a parametric model
of personal space for robotic social navigation. International Journal of Social
Robotics. 5(3), 357-365.
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Hall [78] and recently Lambert [104]. Results show that relative posi-
tioning is influenced by the task to be accomplished and the degree of
familiarity that binds the different actors [14, 119, 161, 165]. Research
has shown that people tend to exhibit proxemic behaviors when inter-
acting with a robot [162, 180] or when using robots as a medium for
communication, i.e., tele-presence robots [103]. Human−robot prox-
emics involves the creation of models that describe the dynamic of
mutual positioning between a robot and a person as well as their im-
plementation in navigation algorithms.

Walters et al. [180] describe an empirical framework for determin-
ing the proxemic distance between a person and a robot based on re-
sults of several Human–Robot Interaction (HRI) trials. They found
that distance ranges in human−robot communication do not differ
from the distance ranges in human−human communication (indica-
tively 45 − 120 cm). Also Takayama and Pantofaru [162] presented a
study to assess mutual distances between people and the PR2 robot.
They found that people who owned pets preferred to be closer to the
robot (M=39 cm) than people who did not own a pet (M=52 cm). They
also found that distance range did not differ significantly depending on
people approaching the robot or being approached by the robot. How-
ever, in both experiments [162, 180], the different robots used had sizes
comparable with the size of humans, with the shortest being 1.35 m
(PR2). Also participants were, in both cases, standing.

Other work has focused on the definition of mathematical models
to describe proxemic concepts such as personal space. As an example,
Yamaoka et al. [183] present a mathematical model for describing the
space shared by a human and a robot when the latter is describing
an object to the human. Along the same line, but with virtual agents,
Amaoka et al. [14] describe how navigation trajectories can be obtained
by the definition of attractor and repulsive forces that different agents
exert on each other. Forces are computed based on the proposed model
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of personal space. The parameters to feed in the models presented
in [14, 183] are taken from existing literature in human−human prox-
emics.

Models of human−robot proxemics are included in navigation al-
gorithms to generate more acceptable navigation trajectories. As an
example, Kirby [96] presented results of comprehensive studies related
to modelling proxemic behaviors as cost functions in navigation algo-
rithms. Also Sisbot et al. [154] proposed the use of constraints to de-
fine a robot’s trajectories that take into account the accessibility of the
human partner. Pacchierotti and Christensen [133] define the robot’s
trajectories in an avoidance scenario based on human−human proxemic
distances derived from the work of Hall [78] and Lambert [104].

This chapter presents two user studies carried out to determine
the distance of approach and the preference on direction between a
human and a small humanoid robot. We extend the work by Takayama
and Pantofaru [162] considering multiple directions of approach and
multiple participant’s conditions. Furthermore, the robot involved in
the experiment is smaller (52 cm height) than the robot used by Walters
et al. [180], therefore the data of our study extend existing knowledge
on mutual distances between humans and robots.

We also derive a parametric model that describes the personal space
based on the data gathered during the user study. The formulation of
the model we propose differs from previous work (e.g.,[14, 96, 133, 183])
because we can feed the data of the user study in the model directly and
we can include information not just on distances but also on preference
of approach.

Finally, we outline how the proposed model can be included in nav-
igation algorithms to enhance robot’s proxemic behavior.
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Figure 2.2.1: The humanoid Nao robot is 52 cm tall and was used during the
experiment to define the parametric model of the personal space.

2.2 Method

This section presents the design of two experiments, A and B, dur-
ing which a small humanoid robot, the Nao developed by Aldebaran
Robotics (see Fig. 2.2.1), navigated towards participants that could
either be sitting (A) or standing (B). The data collected are used to
model the user’s personal space in these contexts. In particular, the
two contexts differed in relative heights between the Nao robot and
the participants, and also in the presence of an object i.e., the chair.
Indeed the presence of the chair poses constraints on the user’s body
posture during the interaction and, therefore, might influence partici-
pants’ preferences for the robot’s proxemic behavior.

2.2.1 Participants

A total number of 9 participants took part in each experiment. For eas-
ier description we will refer to participants of experiment A as group
A and to participants of experiment B as group B. Group A consisted
of 7 males and 2 females with age range of 16-51 years with a mean of
24 years. Group B consisted of a different group of 7 males and 2 fe-
males with age range of 20-33 years with a mean of 25.5 years. In both
groups all participants were right handed. Participants had a techni-
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cal background but were not familiar with robotics research. For each
participant the distance between the head and the floor was recorded.
Before the start of the experiment, participants were shown the Nao
robot and received a general introduction to its potential use as com-
panion in the home. Participants received a monetary compensation of
12 e(group A) and 7.5 e(group B).

2.2.2 Design

Experiment A

During experiment A, participants were seated on a chair and had free
space around them. The robot walked on a straight line to approach
them. While walking the robot was constantly facing straight ahead.
The robot was placed on the starting position by an operator and was
driven under direct remote control. The five robot’s starting positions
were defined with respect to the user’s reference frame, a right-handed
reference frame with the y-axis aligned to the subject’s shoulders and
the x-axis pointing straight ahead. Their values in polar coordinates
were (4m, −70◦), (4m,−35◦), (4m, 0◦), (4m, 35◦), and (4m, 70◦). The
set-up with the position of the user, the user reference frame and the five
starting positions is visible in Fig. 2.2.2a. Participants were instructed
to keep their back against the back of the chair but could move their
head freely as long as their shoulders did not move from the back of
the chair. The operator was invisible to participants. Participants
were equipped with a button with which they could stop the robot.
The moment during which participants had to stop the robot was task
dependent. Three tasks were assigned to the participants:

• TA.1 (Optimal): the robot is stopped when it arrives at the best
distance for having a comfortable communication.
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(a) (b)

Figure 2.2.2: Experimental set-up. The user is sitting on a chair (Experiment
A (a)) or standing (Experiment B (b)) and is approached by the Nao robot.
The robot was placed on one of the five starting positions, displayed in the
figure, by an operator. The robot walked on a straight line, displayed in the
figure, until the participant stopped it by pressing the button.

• TA.2 (Close): the robot is stopped when it arrives at the closest
distance for having a comfortable communication.

• TA.3 (Far): The robot is stopped as soon as it arrives at a distance
which is close enough for having a comfortable communication.

As soon as the participant pressed the button, the distance between the
robot and the participant was recorded, the robot stopped, said “Hello”
and crouched. Participants were instructed to evaluate the direction at
which the robot approached them by answering a questionnaire. The
latter consisted of a question with a 5−point Likert scale of the form:
How did you find the direction at which the robot approached you?
Answers could be very good/good/neutral/bad/very bad. Each task
(TA.1, TA.2, TA.3) was performed three times by each participant for
every direction. Therefore participants in group A performed 45 trials
each. Task order was counterbalanced across participants and starting
directions were presented in random order. Results of this study were
partially presented in [171, 172].
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Experiment B

During experiment B participants were standing and had free space
around them. The robot walked on a straight line for approaching
them and, as in experiment A, the robot did not modify its gazing
behavior during walking. The robot was placed on the starting point
by an operator and was driven under direct remote control. The set-up
with the position of the user, the user’s reference frame and the five
starting positions are visible in Fig. 2.2.2b. Participants were instructed
to maintain their back straight and the shoulders in line with their feet
but could move their head freely. The five starting positions were the
same of experiment A; (4m,−70◦), (4m,−35◦), (4m, 0◦), (4m, 35◦), and
(4m, 70◦). As for experiment A, after stopping the robot by pressing
the button, participants were requested to evaluate the direction at
which the robot approached them by answering the 5-point Likert scale
question: How did you find the direction at which the robot approached
you?

In experiment B only one task was assigned to participants, because
the robot could not operate more than 20 minutes due to overheating
problems. They were instructed to stop the robot when it arrived at
the optimal location for having a comfortable communication.

The task was performed three times for each direction leading to 15
trials per participant. Starting positions of the robot were presented in
random order.

2.3 Results

This section describes the results of the two experiments A and B. As
for the results of experiment A, only the data related to task TA.1
(Optimal) were considered and for experiment A and B, 15 trials per
subject where considered for the statistical analysis. We found that
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the mean value of the recorded distances in experiment B (µ=173 cm,
SE=6.01 cm) is smaller than the mean value of the recorded distances
in experiment A (µ=182 cm, SE=3.21 cm) whereas standard deviation
is larger for experiment B. Within subject variance for experiment A
(482 cm2) is larger than within subject variance for experiment B (409
cm2).

The mean distance between the participants’ top of the head and
the floor was 131.4 cm (SE=1.38 cm) for group A and 177.11 cm
(SE=2.30 cm) for group B. There was a significant correlation between
participants’ height and robot’s stopping distance, r = 0.207, p(two-
tailed) < 0.02 (experiment A) and r = −0.295, p(two-tailed) < 0.002

(experiment B). Experimental data and their linear approximations are
visible in Fig. 2.3.1.

Figure 2.3.1: Data distribution and linear regression of robot’s stopping
distance in relation to participants’ height for experiment A (Sitting) and B
(Standing).

The mean distance for each direction per experiment is shown in
Fig. 2.3.2. Results from experiment A (user sitting) suggest that the re-
lation between distance and direction of approach has a quadratic trend
due to participants’ preferences to have the robot closer when the latter
was approaching them from the side. Whereas results from experiment
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Figure 2.3.2: Mean optimal distance (circles) per direction and curve approx-
imation of the relation between direction of approach and mean of the optimal
distance for experiment A (sitting) and experiment B (standing). Error bars
display standard errors of the mean. The optimal distance is non-linear for
experiment A and linear for experiment B.

B (user standing) do not show any trend (linear or quadratic) in the re-
lation between direction of approach and optimal distance. Indeed the
fit to the data of experiment A with a second-order polynomial func-
tion is significant but the fit to the data of experiment B with a first or
higher order polynomial function is not as reported in Table 2.3.1. The
two fitted curves for the two experiments are displayed in Fig. 2.3.2
and the results of approximation are reported in Table 2.3.1.

The distribution of preferences which was derived from the ques-
tionnaire (5-point Likert scale ranging from 1 to 5) per direction of
approach can be seen in Fig. 2.3.3. We can see that the preference
distributions for both experiment A and B show a quadratic trend.
Indeed we can model the relationship between mean rating of the di-
rection and direction of approach with a second-order polynomial curve
for both experiments, contrary to what we observed for the approxi-
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Table 2.3.1: Summary of the parameters of the approximating curves that
relate distance (γ) and preference (η) to direction of approach for the two
experiments. Coefficients are ordered in descending power. The parameters for
evaluating the goodness of approximation are also reported.

Exp ID Dep. Var ANOVA R2 Coef.

A γA dist. [cm]
F(2,122)=5.3

0.08
[-0.005,

p=0.006 -0.029,
194.757]

B γB dist. [cm]
— — [0,
— 0

173.528]

A ηA pref.
F(2,122)= 27.64

0.312
[-0.254

p<0.001 -3.543,
4.143]·10−3

B ηB pref.
F(2,125)=3.39

0.052
[-0.054,

p=0.036 -4.179,
3.953]·10−3
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Figure 2.3.3: Mean rating (dot) per direction and non-linear approximation
of the relation between direction of approach and mean rating of the direction
for experiment A (sitting) and B (standing). Error bars display standard error
of the mean. Both approximations are obtained with second-order polynomial
functions.

mation on the distance. The fitted curves are displayed in Fig. 2.3.3
and the polynomial coefficients are reported in Table 2.3.1. The dis-
tribution of preferences grouped by right, center and left directions
is reported in Fig. 2.3.4. We can see that, overall, central directions
received higher ratings than sidewards directions. Furthermore left-
wards directions were rated lower than the other two directions; cen-
ter and right. An ANOVA revealed that differences among directions
are statistically significant for both conditions (group A (sitting condi-
tion): F (2, 122) = 7.241, p = 0.001) and (group B (standing condition):
F (2, 125) = 4.176, p = 0.018). Post-hoc tests revealed that, in both
experiments, the left direction was evaluated as being significantly less
comfortable than the central direction: experiment A (sitting condi-
tion) p = 0.001 and experiment B (standing condition) p = 0.015).
The difference between left and right is marginally significant only for
experiment A (p = 0.081).
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Figure 2.3.4: Preference distributions grouped by left, center and right for
experiment A (Sitting) and experiment B (Standing).

2.4 Parametric model of the personal space

This section describes how we can use the results of the user study pre-
sented in Section 8.4 to define a mathematical function that represents
a parametric model of the personal space. Results from Section 8.4
suggest that we should parametrize the model of the personal space
according to the user posture. Indeed we can see that the variance
associated with the distance range is significantly different according
to the user’s posture; sitting and standing. Also the distribution of the
ratings for the direction changes according to the user’s posture. Fur-
thermore, results suggest that direction of approach as well as distance
have an influence on user perception of the robot’s navigation. There-
fore the proposed model takes into account both distance and direction
of approach defining a mathematical function that assigns to each pos-
sible robot’s ending position a value which is higher in comfortable
positions for the user in terms of distance and direction of approach.
We define the model with respect to the data reported in Table 2.3.1.
We consider a generic position x = [ρ, θ] expressed in polar coordinates
with respect to the user’s reference frame where ρ represents the dis-
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tance from the center of the reference frame, and θ the angular position,
and α represents the user’s posture. The proposed parametric model
of the user’s personal space has the following expression:

PS(ρ, θ, α) = {x ∈ R2 : l(ρ, θ, α) ≥ 0.1} (2.1)
where

l(ρ, θ, α) = α · ηA(θ) · exp
(
−(ρ− γA(θ))

2

σ2
γA

)
+

+ (1− α) · ηB(θ) · exp
(
−(ρ− γB(θ))

2

σ2
γB

)
,

where

α =

1, if user is sitting

0, if user is standing

The term α adapts the model to the user’s posture, sitting or standing.
The term η(θ) represents the second−order polynomial curve that ap-
proximates the data related to the participants’ preferences for different
directions of approach. Its expression according to user’s posture, (ηA
or ηB), is reported in Table 2.3.1. The term γ(θ) represents the fitted
curve that relates direction of approach to optimal distance. It’s ex-
pression according to user’s posture is also reported in Table 2.3.1. Fi-
nally, the term σ2

γ represents the variance associated with the recorded
distances in condition α. This term takes into account the observed dif-
ferences in variance between the condition in which the user is sitting,
σγA = 35cm, and in which the user is standing, σγB = 68cm 1. As a
result, the region of space with non-null weight assigned by the model
is larger when the user is standing than when the user is sitting. The
evaluation of the parametric model of the personal space for the user’s

1Note that the variance was computed from all the data available per condition
irrespective of subject and direction. Data therefore differ from within subject
variance computed in Section 8.4.
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Figure 2.4.1: Evaluation of the personal space model reported in equa-
tion 2.1 for the two user’s conditions: sitting (α = 1) and standing (α = 0).

conditions (sitting or standing) is shown in Fig. 2.4.1. The parametric
model of the personal space defined in Eq. (2.1) can be regarded as a
model of how the user evaluates the surrounding space from a prox-
emic human−robot interaction perspective. Its formulation allows us
to use this function directly as a cost function in potential field maps
for robotic navigation in a way similar to Kirby [96]. Conceptually, we
can regard the model as a distribution that defines the a priori knowl-
edge of how the user evaluates the surrounding space when the robot
is approaching.
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2.5 Discussion and conclusion

The results of experiments A and B show that the mean value of the
optimal distance of approach is, in both conditions sitting (182 cm) or
standing (173 cm), larger than the distance range for human−human
communication (typically 45 cm − 120 cm). Even though Walters
et al. [180] and Takayama and Pantofaru [162] have conducted several
experiments to assess the value of human−robot interpersonal distances
and found that they do not differ from distances in human−human
communication, the results of our experiment show that, at least for
the Nao robot, they might be significantly different. The data collected
do not allow us to draw conclusions on the causes of this observation.
We can speculate that this might be due to the small size of the robot
because people would have to look down to see the robot if this would
be closer to them but further research is needed to address this specific
point.

The results of the two experiments show that the variance associ-
ated with the distances in the standing condition is significantly larger
than the variance associated with the distances in the sitting condition;
but within-subject variances in the two experiments are similar. This
observation suggests that the observed difference in variance between
the two groups is not due to higher within-subject variability in stop-
ping the robot during experiment B. Thus we can presume that the
observed difference in variances might be due to two different causes.
On one side some participants tended to compensate for the difference
in height by letting the robot position itself further away. This is in
line with the results of experiment A in which we find a significant pos-
itive correlation between head-to-floor distance and robot’s stopping
distance. However, the opposite trend is observed for experiment B.
We can speculate that, in the standing condition, participants could
assume up to a certain extent a more unconstrained body posture, this

39



might have led some participants to let the robot get closer. The su-
perposition of a higher head-to-floor distance and the unconstrained
position might explain the larger variance observed in experiment B.

Participants’ evaluation of the direction of approach shows that
central directions are preferred to sidewards directions. It also shows
that rightwards directions are preferred to leftwards directions. Even
though the effect is not significant, this result is consistent with other
work [54]. The difference in preferences between right and left might be
linked to the dominant hand of participants who were all right-handed
in both experiments. Future research might investigate if the dominant
hand of participants is the cause of the observed difference.

In general, we can draw three different conclusions from the results
of the experiments: (1) human–robot distances in a communication
scenario are, for the Nao robot, different from those of human–human
communication; (2) when the robot approaches its human partner, it
should not only take into account the distance of approach but also
the direction, because people have different preferences for different
directions; (3) user’s posture (sitting or standing) influences how peo-
ple would like the robot to approach them in terms of distance and
direction. Therefore models of personal space for robotic social navi-
gations should take into account distance and direction of approach as
well as user’s posture. As a result of our experiments we were able to
derive quantitative models of participants’ preferences of distance and
direction of approach in two conditions of the participants: sitting and
standing.
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I wanted to be a psychological engineer, but we
lacked the facilities, so I did the next best thing
- I went into politics. It’s practically the same
thing.

Isaac Asimov, Foundation

3
Modelling and testing proxemic
behaviour for humanoid robots

3.1 Introduction

In the majority of robotic navigation frameworks, emphasis is given to
the precise definition of collision-free navigation trajectories to allow
the robot to reach a given target point. Little attention has been given
to the description of the target itself. But when the robot is supposed
to approach a human being, the definition of such a location is depen-
dent on what the human expects from the robot in terms of distance

This chapter was published as:
Torta, E., Cuijpers, R.H., Juola J.F. and van der Pol, D. (2012). Modelling and
testing proxemic behavior for humanoid robots. International Journal of Humanoid
Robotics. 9(4), (1250028-1, 1250028-24).
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and direction of approach. The selection of an appropriate location
of approach determines how the user will perceive the overall robot’s
proxemic behavior, thus it influences the quality of interaction. It is
necessary to derive quantitative models of what users expect in terms of
distance and direction of approach from an autonomous robot that can
be easily embedded in an already existing navigation framework with
the purpose of dynamically defining the robot’s target point. Therefore
we present interdisciplinary work that addresses navigation issues re-
lated to the robot’s proxemic behaviour presenting methodologies and
results that lie in the psychological and technological domain. For do-
ing so, we have already derived, in Chapter 2, a new model of personal
space (PS). In the present chapter we embedded the PS model in a
well-established navigation framework. We then applied a probabilistic
technique to derive the navigation’s target location based on the PS
model. In Section 3.2 we describe work related to the introduction of
proxemic behaviors in robotic navigation algorithms. In Section 3.3 we
define a general robotic navigation architecture which is able to move
the robot safely about a cluttered and unknown environment. In Sec-
tion 3.4 we apply the particle filter technique considering as input the
model of personal space defined in Chapter 2 for dynamically deriving
the robot’s target location. We show that the particle filter can dynam-
ically infer the robot’s target location, allowing the robot to approach
the person comfortably from a convenient direction. In Section 3.5
we validate the robot’s proxemic behavior from a technical and from
a user’s acceptance perspective. The technical validation shows that
the overall navigation architecture is able to move the robot safely in a
cluttered environment, approaching the user in a comfortable way. The
user’s acceptance validation shows that the inclusion of the PS model
within the navigation architecture improves user’s evaluations of the
robot’s proxemic behavior.
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3.2 Related work

Several authors have investigated how to introduce social norms in es-
tablishing mutual distances between mobile robots and human beings.
Sisbot et al. [154] introduce a human-aware motion planning algorithm
that, besides guaranteeing the generation of safe trajectories, allows the
robot to reason about the accessibility, the visual field and the pref-
erences of its human partner. The robot’s trajectories are in this case
generated at the level of global path planning. Takayama and Panto-
faru [162] present an experiment which explores the factors that influ-
ence proxemic behavior around robots. People could either approach
the robot or were approached by it. They evaluated how personal ex-
perience and gender modify the shape of the personal space in the pres-
ence of robots. However, the results of the user study were not directly
implemented in robotic navigation systems. Brooks and Arkin [39]
proposed a behavior-based control architecture for a humanoid robot
that takes into account non-verbal communication cues, in particu-
lar human-robot proxemics. They introduced a proportional factor
for mapping human-human interpersonal distances to human-robot in-
terpersonal distances in the case of the humanoid robot, QRIO. The
proportional factor was not derived by means of a human-robot inter-
action tests, but by considering the technical characteristics of QRIO.
Nakauchi and Simmons [125] developed a control algorithm that al-
lows a robot to stand in line using a model of personal space derived
from observation of people standing in line. We argue that the phys-
ical embodiment of robots is most likely a proportional factor when
it comes to introducing human-human interpersonal distances within
robotic navigation algorithms. Dautenhahn et al. [54] conducted a user
study to assess people’s preferences for a robot’s approaching direction.
The study found that people prefer an approach from the right. The
study was performed by using a machine-looking robot which was com-

43



parable in size to a human being. Yamaoka et al. [183] present a model
for controlling the robot’s position while it presents information about
an object to a user. The model takes into account the user’s position
as well as the object position. Meisner et al. [114] present work that
addresses robotics control architecture for a user-following task that
causes no distress to humans. Pacchierotti and Christensen [132] de-
fine the robot’s proxemic behavior in an avoidance scenario based on
human-human proxemic distances derived from the work of Hall [78]
and Lambert [104].

In the present chapter we propose a new way of integrating prox-
emic models in robot navigation based on a particle filter. Although
particle filters have been used in a variety of domains (i.e., tracking
problems [19, 77], econometrics [65]), no attempts have been done be-
fore to use them for integrating results of psychometric studies with
robot navigation algorithms. Also, personal space models have been
already integrated in robot navigation (e.g., [11, 133]) but in all this
work such models were treated as cost functions and where not dy-
namic. The use of the particle filter allows us to treat information
provided by the model in a dynamic way and gives the possibility to
integrate multiple cues in a easy way.

3.3 Navigation framework

Navigation is a necessary capability for mobile robots to move around
in their surroundings. This issue is a widely studied research topic,
and a large number of strategies and systems have been developed for
a variety of environments. Most of these studies focus on reaching a
target point while avoiding collisions on the way [13]. We propose a
behavior-based navigation architecture which defines the robot’s overall
behavior independently of the map, in which each individual behaviour
solves a navigational subtask. The navigation algorithm follows the
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dynamical systems approach to mobile robot navigation that was first
introduced by Schöner, Dose and Engels [148] and Bicho [32], and it is
based on the theory of non-linear dynamical systems. A behavior can
be described by means of a behavioral variable that, in our work, is
chosen to be the robot’s heading direction, φ(t), and by the temporal
evolution of it. The evolution is controlled by a dynamical equation
that can be generally expressed as:

ω(t) ≡ dφ(t)

dt
= F (φ(t)), (3.1)

where F (t) defines how the value of the behavioural variable φ(t)

changes over time [12, 32]. Multiple behaviours are aggregated by
means of a weighted sum:

dφ(t)

dt
=

m∑
i=1

wifi(φ(t)) + ε, (3.2)

where m represents the number of behaviours that are needed for the
robot to accomplish its task. The term fi(φ(t)) represents the force
produced by the ith behavior and wi represents the weight associated
with the ith behaviour. The term ε represents a stochastic term that
is added to guarantee escape from repellers generated by bifurcation
in the vector field [117]. Attractor and repeller functions, fi(φ(t)),
are modeled with opposite signs. We identify three basic behaviors
whose coordination brings the robot from a generic location in the
environment to a target location. The process of reaching a target
point is represented by an attractor dynamic whose expression is:

f1(t) = − sin(φ(t)− ψtar(t)), (3.3)

where the term (φ(t)− ψtar(t)) accounts for the angular misalignment
of the target with respect to the robot at time t. The attractor dy-
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namic acts to decrease the difference between φ(t) and ψtar; a graphi-
cal representation of those angles is visible in Figure 3.3.1. The ability
to obtain collision-free trajectories is encoded by a repulsive dynamic
whose mathematical expression is given by:

f2 = exp

(
−(φ(t)− ψobs(t))

2

2σ2
obs

)
(φ(t)− ψobs(t))︸ ︷︷ ︸

term A

exp
(
−dobs(t)

β2

)
︸ ︷︷ ︸

term B

.(3.4)

It generates a force which decays exponentially with the detected dis-
tance between the robot and the obstacle through the term B and on
the angular location of the obstacle with respect to the robot through
the term A. The detected distance between the robot and the obstacle
at time t is represented by the term dobs(t), while the direction of the
obstacle with respect to the robot at time t is encoded in the term
(φ(t) − ψobs(t)). The coefficients β2 and σobs determine the radial and
angular ranges at which the repulsion strength acts. In order to obtain
collision-free trajectories, the weight w2 associated with the repulsion
force is greater than the weight w1 associated to the attractor force
represented in Eq. (3.3). The repulsion force acts to increase the terms
(φ(t)− ψobs(t)) and dobs(t). A graphical visualization of ψobs(t) is vis-
ible in Figure 3.3.1. When the robot is close to its target point, its
trajectory should be adapted such that the robot is able to assume the
desired final orientation. The alignment behaviour that acts on φ(t)

to reduce the angular distance between the robot’s actual orientation
and the desired final orientation, φfinal, is modelled by an attractor
dynamic:

f3(t) = − exp (−dt(t)) sin(φ(t)− φfinal). (3.5)

The term (φ(t) − φfinal) represents the difference between the robot’s
orientation at time t and the desired final orientation. A graphical
representation of φfinal is visible in Figure 3.3.1. The alignment be-

46



Figure 3.3.1: Graphical representation of the robot, the target and an ob-
stacle. The angles φ(t), ψtar, φfinal and ψobs are reported with respect to a
global reference frame. The desired robot’s final orientation is represented as
target orientation.

havior becomes particularly relevant when the robot has a humanoid
shape, because the front and back are clearly recognizable. The attrac-
tor dynamic of the alignment behavior is undesirable when the robot
is far from the target point. This can be clearly seen in the situation
reported in Figure 3.3.1 in which the target attractor dynamic would
steer the robot towards the left while the alignment dynamic would
steer the robot towards the right. This consideration is modelled by
the term exp (−dt(t)) of Eq. (3.5) that decreases the attractor dynamic
of the behaviour exponentially with the distance from the target, dt(t).
The aforementioned behaviors do not modify the robot’s forward speed.
The latter should be low when the robot is near obstacles or when the
angular distance between the robot and the target is large. These con-
siderations are taken into account in the following expression of the
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forward velocity:

vfor = min
(
exp

(
− 1

dobs(t) + ε

)
, exp (−|φ(t)− φfinal(t)|)

)
· vmax,

(3.6)
where ε is a term added to avoid a division by zero and vmax is the
robot’s maximum forward speed. The forward velocity vfor decreases
exponentially with the decrease of the distance to the obstacle through
the term exp

(
− 1

dobs(t) + ε

)
or with the angular distance between the

robot’s actual heading angle and the desired target final orientation
through the term exp−(|φ(t)− φfinal(t)|). A similar navigation archi-
tecture has been adopted in several studies [12, 13, 32, 117, 155]. In all
these works, emphasis has been given to the precise definition of the
behaviors to allow the robot to generate collision-free trajectories in a
cluttered environment. Here we focus on the definition of the target it-
self, because the selection of an appropriate location of approach deter-
mines how the user will perceive the robot’s overall proxemic behavior,
thus it influences the quality of interaction. We do so by deriving quan-
titative models of what users expect in terms of distance and direction
of approach from an autonomous humanoid robot and we include the
model in the navigation architecture using it for dynamically defining
the robot’s target point.

3.4 Dynamic target selection

This section links the results of the user study presented in Chapter 2
with the dynamic definition of the target location for the navigation
framework which was introduced in Section 3.3.
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3.4.1 Target representation and navigation

The personal space model defined in Eq. (2.1) can be regarded as a
measure of how the user evaluates the surrounding space from a prox-
emic HRI perspective. In particular, it encodes what the user expects
in terms of distance and direction of approach in a scenario in which the
robot approaches for conveying information. At first glance one might
locate the target at a point that leads to the maximum of the users’
evaluation. Unfortunately there are situations in which this simple ap-
proach produces undesirable and apparently unintelligent robotic prox-
emic behaviors. This happens when reaching the target point makes
the robot cross the user’s visual field or when the target point defined
by the maximum of the personal space model is unreachable due to the
presence of obstructions. Such situations underlie the need for adapting
the a-priori model to the particular circumstances that the robot is fac-
ing. It is therefore necessary to insert the personal space model defined
in Eq. (2.1) into a dynamical framework that locates the target not
only according to the personal space model but also to the perception
that the robot has of the environment. The problem of estimating the
direction and the distance of approach in a scenario in which the robot
is supposed to convey information to a human can be solved through
state estimation algorithms. We notice that the personal space model
introduced in Eq. (2.1) is suitable for Bayesian inference with the ob-
jective of deriving the best robot position, proximate to the user, given
the knowledge of user’s preferences and the robot’s perception of the
environment. State estimation using Bayesian filters such as Kalman
Filter (KF), Extended Kalman Filter (EKF), Unscented Kalman Filter
(UKF) and Particle Filter (PF) has been widely used in robotics, pri-
marily for SLAM algorithms or localization algorithms (see Thrun et
al. [169], Gustafsson [77] and Arulampalam et al. [19] for an overview).
The state to be estimated is usually the robot’s pose in the environ-
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ment or both the robot and the human pose with respect to it (see
Pineau [135], Thrun et al. [169], Bellotto and Hu [28] and Gonzalez
et al. [74]). While KF, EKF and UKF propagate Gaussian distribu-
tions representative of the posterior, PF propagates also non Gaussian
distributions [77]. The latter property of the PF is appealing when
formulating the problem of inferring the best location of the robot in
the user’s proximity space, because this can be represented by a non-
Gaussian distribution as already described in Chapter 2, Section 2.4,
and represented in Figure 2.4.1. Therefore we formulate the problem
of estimating the direction and distance of approach in a scenario in
which the robot is supposed to convey information to a human as a
Bayesian filtering problem, and we solve it by means of a particle filter.

3.4.2 Problem formulation

The general Bayesian filtering problem consists of computing the pos-
terior distribution p(xt|y1:t), at time t, of the hidden state xt of a dy-
namical system given observations yt and control inputs ut [169]. The
posterior distribution is also called the belief of the state Bel(xt) and
its expression is given by:

Bel(xt) = p(x0:t|y1:t) =
1

η
p(yt|xt)

∫
p(xt|xt−1,ut−1)Bel(xt−1)dxt−1,

(3.7)

where η is a normalizing factor. With respect to the problem that we are
addressing, the dynamical system is composed by the user, the robot
and the environment in which the interaction takes place. We sup-
pose that the system state is described with respect to a right-handed
reference frame centered on the user’s head with the x-axis pointing
straight ahead and the y-axis leftwards. The system state xt, repre-
sents the most ¨desirable” robot’s target location with respect to the
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user in terms of approaching distance and direction. Its mathematical
expression is given by:

xt =

 ρt

θt

φ
′

final

 , (3.8)

where ρt and θt represent the distance and the angular location of
the most desirable robot’s target point and φ′

final its orientation. Since
the robot final pose should allow the robot to face the user and since
the target’s orientation is expressed with respect to the user reference
frame, the term φ

′

final is a function of the target angular location and
can be expressed as:

φ
′

final = θt + π. (3.9)

We also suppose that the robot is able to determine the user’s orien-
tation φrf

user and location trfu = [ρucos(θu), ρusin(θu)] with respect to its
reference frame, see Figure 3.4.1 for a graphical representation of rel-
evant angles. Given these data, we can compute the rotation matrix
from the user to the robot reference frame R(φrf

user) from which we can
derive the target angular position with respect to the robot reference
frame, ψrf

target, as:

xrf
t = R(φrf

user)xuf
t + trfu (3.10)

ψrf
target = arctan

(
xuf
t , ~ey

xuf
t , ~ex

)
(3.11)

The knowledge of the user’s orientation φrf
user and of the target an-

gular location φrf
target with respect to the robot reference frame allows

the computation of the terms φ − ψtar and φ − φfinal of the attractor
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Figure 3.4.1: Graphical representation of the robot and the user; φrfuser,
θu , and ρu are represented with respect to the robot reference frame. The
terms θt,ρt and the target orientation are represented with respect to the user
reference frame.

dynamics defined in Eq. (3.3) and Eq. (3.5) as:

φ− ψtar = −ψrf
target (3.12)

φ− φfinal = −(θt + φrf
user + π) (3.13)

A graphical visualization of the angles is shown in Figure 3.4.1.
Referring to Eq. (3.7), the term yt represents the measurements

available at time t. Here we consider as measurement the user’s pose
with respect to the robot which is given by trfu and φrf

user. Therefore the
expression of yt is:

yt =

(
trfu
φrf
user

)
, (3.14)
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The term ut represents the input coming from the user’s state. In
principle, the user’s state can be representative of a physical condition
like sitting down, standing up, lying down or moving, or it can be
representative of an emotional condition like loneliness, happiness, fear
etc.. Here we consider a constant user state, the user remains seated
on his chair.

3.4.3 Particle filter

We solve the Bayesian filtering problem reported in Eq.(3.7) by means
of a particle filter. This is a numerical method that approximates the
posterior distribution of a dynamical system at time t, Bel(xt) intro-
duced in Eq.(3.7), with a set of particles and their weights, {xi0:t, wi

t}.
The term x0:t = {xj, j = 0, ..., t} is the set of all states up to time t, and
the weights associated with each particle, wi

t, are normalized such that∑
iw

i
t = 1 [19]. The posterior density at time t, given the observations

up to time t, y1:t, can be approximated as:

Bel(xt) = p(x0:t|y1:t) ≈
N∑
i=1

wi
tσ(x0:t − xi0:t), (3.15)

where σ denotes the Dirac impulse. Using the principle of importance
sampling [19, 30, 57] when assigning the weights wi

k, it is possible to
obtain a recursive approximation of the posterior distribution as:

Bel(xt) = p(x0:t|y1:t) ≈
N∑
i=1

wi
tσ(xt − xit). (3.16)

The weight wi
t, which is proportional to the perception term p(yt|xt)

of Eq.( 3.7), expresses the likelihood that a particle represents a ”de-
sirable” approaching distance and direction (target point) according to
the robot’s perception at time t and to the user’s expectations regard-
ing distances and directions of approach. Its expression is derived as:
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wi =
1

ρtr
l(xi

t) =
1

ρtr
l(ρit cos(θ

i
t), ρ

i
t sin(θ

i
t)), (3.17)

where ρtr represents the distance between the robot and the particle
xi
t which can be computed knowing xrf

t of Eq. 3.11, and l(xi
t) repre-

sents Eq. (2.1) evaluated at the particle location. It is important to
notice that the weight wi

t is influenced by the target location at time
(t − 1) through the target attractor dynamic (see Eq. (3.3)) that acts
to decrease the distance between the robot and the target. Indeed the
attractor dynamic tends to decrease the term ρtr for those particles that
are located close to the target point increasing the weight associated
with them. The weight is also influenced by the presence of obstacles
through the repulsive dynamic (see Eq.(3.4)). That dynamic steers the
robot away from obstructed locations, thus increasing the term ρtr and
decreasing the weight. The measurements of what the user expects
from the robot in terms of approaching distance and direction for a
given context (the user is seated on the chair) is encoded in the term
l(xi

t). This is derived beforehand through the user study that leads to
the formulation of the region of approach (see Eq. (2.1)). The prod-
uct of the terms in Eq. (3.17) indicates that a particle is positioned
in a desirable location if it simultaneously represents a feasible point
(thus a low value of ρtr) and a desirable point in terms of user pref-
erences (thus a high value of l(xi

t)). Indeed the conceptual novelty of
the particle filter presented here is the fusion of contextual cues derived
from the robot’s perception with knowledge derived from psychologi-
cal experiments. Eq. (3.17) accounts as contextual cue the distance
between the robot and the particle, but the weight expression can be
easily extended for taking into account multiple contextual cues; i.e.,
the user’s head pose. The particle filter algorithm is applied to the
recursive Bayesian filtering problem and it is reported in pseudo-code
in Table 3.4.1 [19]. During implementation, we represented the state
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Table 3.4.1: Particle filter algorithm in pseudo-code.

Initialization:
Generate N particles {xi0, wi

0} i = 1, ..N according to Eq.(3.18)
Iteration:
for i=1,2,N
Draw xit ∼ q(xt|xit−1, zt)
Assign the particle a weight, wi

k , according to the evaluation of Eq.(3.17)
end for
Calculate total weight: tw =

∑N
i w

i
k

for i=1,2,N
Normalize: wi

k = tw−1wi
k

end for
Calculate Neff using Eq.(3.19)
If Neff < Nt

for i = N + 1, ..., 3
2
(N)

Draw xit according to Eq.(3.18)
Assign the particle a weight, wi

k , according to the evaluation of Eq.(3.17)
end for
Resampling:
Select N particles with replacement, {xi, wi} for i = 1, 3

2
N where

the probability of taking sample i is wi

end if

space with 300 particles thus, referring to Table 3.4.1, N=300. The
initial particle distribution is generated according to:ρi = ρmin + i∆ρ + ερ, with ∆ρ =

ρmax−ρmin

N

θi =
−π
2
+ i∆θ + εθ, with ∆θ =

π
N
,

(3.18)

where ερ and εθ are noise terms drawn from a normal distribution and
i is the particles’ index and varies between 1 and N. The terms ρmax

and ρmin define the spatial limits for representing the personal space.
In our implementation the values of those terms are chosen to be equal
to σρA , which has been introduced in Eq.(2.1). In order to avoid the
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phenomenon of particles’ impoverishment, in which after a few itera-
tions, only few particles have non-negligible weight [19] a resampling
step is applied at each iteration of the particle filter if the degeneracy
measure approximated as:

Neff =
1∑N

i=1(w
i
k)

2
(3.19)

is less than Nt. We tackle the problem of particles’ impoverishment
by augmenting the vector of particles with N

2
new particles randomly

drawn from the distribution reported in Eq.(3.18) at every iteration
when the resampling step is executed. During the resampling step, N
particles are selected, therefore after an iteration of the particle filter
the dimension of the particles’ vector is always N .

3.5 Validation

The effectiveness of the navigation algorithm enhanced with the model
of the user’s personal space and the dynamic target selection was tested
in a user trial. The validation set-up was the same as the experi-
mental set-up. The robot approached a seated person for conveying
information. The approaching direction were the same of the user
study presented in Chapter 2:{−70◦,−35◦, 0◦, 35◦, 70◦}. The robot au-
tonomously determined its target point and therefore its trajectory.
The position of the user with respect to the robot reference frame was
given externally by a ceiling-mounted camera. A screen-shot from the
ceiling-mounted camera during the validation trial can be seen in Fig-
ure 3.5.1. The recorded trajectories of the robot and the target location,
expressed with respect to the user reference frame, show that the target
location dynamically changes over time due to the dynamic inference
process described in Section 3.4. The recorded trajectories are visible

56



Figure 3.5.1: A screen-shot from the validation trial. The robot NAO starts
from 35◦ with respect to the user. The starting point is identified by the ref-
erence frame labelled as ”start”. The subject was seated on the chair. The
particles are represented by the red arrows around the chair. The inferred tar-
get location is identified by the reference frame labelled as ”target”. The video
of the validation trials is available at http://ksera.ieis.tue.nl/medianode/89.

in Figure 3.5.2. The robustness of the algorithm was also tested. The
robot had to approach a person starting from a frontal position. An
obstacle was placed on the initial target location. As soon as the robot
modified its trajectory, due to the presence of the detected obstacle, the
target location changed allowing the robot to cope with the presence of
the obstacle. The recorded trajectories are visible in Figure 3.5.3. The
algorithm was subject to a user validation with the purpose of proving
that the inclusion of the personal space model and the dynamic target
selection allowed the robot to select a target position that was consid-
ered comfortable by the user. The validation had the same set-up as
the user test. The robot autonomously approached the user for con-
veying information. Subjects (N=6) were given the same instructions
used during the previous user study (see Section 2.2.2). After each
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Figure 3.5.2: Technical validation of the navigation architecture en-
hanced with the PS model. The robot could start from five different di-
rections and its trajectory was influenced by the dynamic evolution of the
target location. The trajectories of the robot and the target are reported
per direction of approach. The PS model is also shown in the figure. The
video of the trials that generated the robot’s trajectories are available at
http://ksera.ieis.tue.nl/medianode/89 .

trial, subjects were requested to evaluate the direction of approach.
The results show that there is an effective improvement of the user’s
perception of the robot’s trajectory, as can be seen from Figure 3.5.4.
When the robot started from one of the more oblique directions, it did
not proceed on a straight line but changed its trajectory to end up at
points considered comfortable by the user, as shown in Figure 3.5.2.

3.6 Discussion and conclusion

We presented a behaviour-based navigation architecture that allows the
humanoid robot NAO to exhibit appropriate proxemic behaviour when
interacting with a person. The model of the region of approach is in-
troduced in the reactive navigation algorithm based on the dynamical
system approach to mobile robot navigation introduced by Schoener
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Figure 3.5.3: Robot’s trajectories in a cluttered environment. The robot
approached a person frontally. A rounded obstacle was placed at the initial
target location. When the robot started to be driven away by the repulsive dy-
namic, the location of the target changed accordingly until a feasible location
was found. The figure shows the robot and the target trajectories per trial.
The video of the trials are available at http://ksera.ieis.tue.nl/medianode/89.
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Figure 3.5.4: Results of the user validation. The dark grey bars represent the
user’s evaluation of the direction of approach in autonomous condition with
associated 95% confidence intervals. The light grey bars represent the user’s
evaluation of the different approach directions, with 95% confidence inter-
vals, when the robot moved towards them on a straight line. A comparison of
users’ ratings show that when the robot approached the user autonomously
from one of the more oblique directions, it did not proceed on a straight line
but changed its trajectory to end up in points considered comfortable by the
user.

et. al. [148] and Bicho [32]. An attempt to use this framework for
mobile robot navigation in the presence of human beings has been
made by Althaus et al. [13], but the way the robot approached peo-
ple already engaged in a conversation did not rely on the definition of
models of people’s personal spaces. Even though the personal space
model has been included in a specific navigation framework, its struc-
ture is independent of the precise details of the navigation architecture.
Contrary to Sisbot et al. [154] and Pacchierotti and Christensen [132],
the personal space model is not included in the global path planner,
thus the definition of the robot’s target point is derived in real time
by means of the particle filter, that dynamically infers the optimal dis-
tance and direction of approach based on contextual cues and on the
approaching model derived from psychophysical experiments. There-
fore this approach is particularly feasible for cluttered and dynamic
environments, as can be seen from the last part of the video avail-
able at http://ksera.ieis.tue.nl/medianode/89. The resulting combina-
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tion of psychological cues with contextual cues in the design of robotic
proxemic behaviour constitutes a conceptual novelty. Future work will
consider multiple user states and will include other contextual cues
such as the user’s head pose or physiological signals such as galvanic
skin conductivity. Future work will also extend the system state model
to consider the robot’s body posture beside the robot’s target point.
The performance of the overall navigation architecture has been tested
from a technical point of view, showing that the algorithm is feasible
and robust and works in real time. Also, from a user perspective, it
shows that the inclusion of the personal space model increases users’
ratings of the robot’s direction of approach. In conclusion we presented
interdisciplinary work that derives the robot NAO’s proxemic behavior
based on a new personal space model and tested it with user trials.
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At 100, I have a mind that is superior – thanks
to experience – than when I was 20.

Rita Levi-Montalcini

4
Dynamic neural field as framework

for behaviour coordination in
mobile robots

4.1 Introduction

The general view of behavior-based robotics states that complex behav-
iors can be generated by the coordination of simpler ones. In the case
of mobile robot’s navigation each simple behavior solves a navigational
subtask without the need of high level world representation [12, 18].

This chapter was published as:
Dynamic neural field as framework for behaviour coordination in mobile robots. In
Proceedings of the IEEE World Automation Congress, (WAC 2012). IEEE.
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Behaviour–based robotics provides real-time adaptation to dynamically
changing environments and can be adopted by robots with very limited
sensory capabilities [33]. Although this framework can generate com-
plex behaviours, the design of coordination mechanisms that guarantee
the effectiveness of the action with respect to different conditions is still
a challenge that has been addressed by a number of authors. Many of
these focus on the use of fuzzy functions, neural networks or their com-
bination. As an example, Wang and Liu [181] proposed the use of a
memory map and fuzzy functions to realize the coordination of explo-
ration, obstacle avoidance and goal-seeking behaviors. Along the same
line, Huq et al. [86] proposed the use of fuzzy functions to coordinate
different motor schema, each representative of robotics navigation be-
haviors. Fernandez-Leon et al. [64] proposed the use of neural networks
for realizing coordination between phototaxis, obstacle avoidance and
learning behaviours. Other work attempts to combine the use of neural
network controllers with fuzzy sets. As an example, Chen and Richard-
son [48] proposed the use of recurrent neural networks for representing
obstacles and on fuzzy rules to coordinate the different actions of the
robot. Their results were validated only in simulations.

The cerebral cortex contains mechanism for the coordination and se-
lection of sensory stimuli. Mathematical models of these processes can
serve as frameworks for realizing behavior coordination in robotics. The
present chapter presents work on the use of a mechanism for behaviour
coordination in mobile robotic navigation inspired by processing prin-
ciples in biological nervous systems: the Dynamic Neural Field (DNF).
The DNF is a biologically-inspired recurrent neural network which rep-
resents, in a mathematical form, the dynamics of pattern formation for
lateral-inhibition type homogeneous neural fields with general connec-
tions [15, 58]. In particular, it provides a form of short-term memory
that retains the excitation pattern after the input stimulus has van-
ished, and lateral inhibition mechanisms that select between alternative
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patterns of activation. The present chapter shows how the combination
of both properties makes this framework adaptable for behavior coor-
dination in mobile robots with very limited sensory capabilities, such
as most humanoid robots (i.e., NAO [1]). In general, humanoid robots
are not equipped with sophisticated distance sensors like RGB-depth
cameras or laser range finders (i.e. the robot NAO has only two sonars
mounted on its chest).

4.2 Related Work

The first formulation of the DNF is due to the mathematician Amari
[15] and its first application was related to work that addressed the is-
sue of understanding how movements are prepared, (Bastian, Schöner
and Riehle [23]; Erlhagen and Schöner [59]). Its use has been further
extended by Cuijpers and Erlhagen [52] who suggested that the DNF
can be used to implement forms of Bayesian statistics. The first appli-
cation of the DNF to robotics is due to Schöner, Dose, and Engels [147]
and has been regarded as a way to implement a sub-symbolic form of
memory. It was later used as a method to stabilize decisions about
target location in the presence of noisy and fluctuating input stimuli
by Bicho, Mallet, and Schöner [33]. A tutorial contribution to the
use of DNFs in mobile robotics applications is due to Erlhangen and
Bicho [58]. Since then, the use of the DNFs in robotics applications
has been adopted by several researchers in different contexts. Bicho et
al. [34] presented a control architecture especially designed for human-
robot collaboration in a scenario in which the human and the robot
constructed an object together. The robot’s control architecture was
based mainly on a distributed network of DNFs representing different
reciprocally-connected neural populations. In their activation patterns,
the pools encoded action means, action goals and intentions, contex-
tual cues and shared task information. Barakova and Chonnaparamutt
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[21] presented work that addressed the use of the DNF to emulate arm
motor control in individuals affected by autism. They showed how the
DNF equations can be used to emulate the timing of sensory integra-
tion that results in the arm’s movements of children affected by autism.
Faubel and Schöner [61] presented the use of the DNF for rapidly learn-
ing to recognize new objects under user guidance. They built a system
in which a small number of very simple feature dimensions were rep-
resented by dynamic fields. These fields interacted to build a simple
feature representation of visual objects. The field was pre-shaped by
means of memory traces that were accumulated for different objects
under interactive user guidance. Oubbati and Palm [130] and Oubbati
et al. [131] presented work that addressed the use of the DNF for direct
generation of control input in mobile robot navigation. Although the
DNF has been applied to a number of problems related to robotic nav-
igation, further investigation is needed to understand its potential role
as a decision mechanism in robotic navigation, in particular for robots
with limited sensory capabilities. Therefore we tackle this challenge
by introducing a stage of low level representations of control stimuli by
means of the DNF. The control layer that comprises the DNF is located
between the phase of sensory data acquisition and the phase of motion
control. We show, by means of real-world trials with the humanoid
robot NAO, that the use of DNF for behaviours’ coordination allows
the robot to select effectively between competing behaviours. We also
show that the DNF coordinates behaviours constructively when those
are expressions of common goals.
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4.3 Method

4.3.1 Mathematical Formulation

The expression of a one-dimensional dynamic neural field, as proposed
by Amari [15] and described in Erlhagen and Bicho [58], is given by:

τ u̇(φ, t) = −u(φ, t) + S(φ, t) +
∫
w(φ− φ′)g(u(φ′, t))dφ′ + h. (4.1)

The term φ represents the domain of the neural field and in most ap-
plications is chosen to be circular. Thus if the domain is represented
by φ ∈ [φmin, φmax] we have φmin = φmax. However, for the application
presented in this chapter, we do not require the circularity of the do-
main thus φmin < φmax. The term τ represents the field’s time constant
and its value determines the relaxation time of the field’s dynamic. The
term S(φ, t) represents the external input to the field at time t. The
term g() is a function that determines when the field is considered to
be activated, for the work presented in this chapter, g() is chosen to be
the sigmoid function. The term h (with h < 0) represents the field’s
threshold. The term w(φ−φ′) represents a center-surround excitation-
inhibition function and is commonly modeled by a lowered normalized
Gaussian:

w′(φ− φ′) = A exp
(
− (φ−φ′)2

2σ2

)
(4.2)

w = w′

‖w′‖ − winhibit (4.3)

The parameters A and σ denote the amplitude and the width of the low-
ered Gaussian, respectively. The term winhibit determines the amount
by which the Gaussian is lowered. A graphical representation of the
interaction kernel is visible in Figure 4.3.1.
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Figure 4.3.1: Graphical representation of the interaction kernel with A = 30,
σ = 5 and winhibit = 1.

In order to obtain asymptotically stable single peak solutions, the
value of the field’s threshold h should be chosen such that it satisfies
the inequality:

−Wmax < h < 0 (4.4)
where (4.5)

Wmax = max
(
W (φ) =

∫ φ

0
w(ε)dε

)
where the term Wmax represents the maximum with respect to φ of the
integral function of the interaction kernel in Eq. 4.3 [15, 58].

The input term of the field equation is, in the majority of the work
reported in the literature [58, 131], represented by a summation of
Gaussian bump. Also in the application presented in this chapter we
represent the total input to the field as:

S(φ, t) =
n∑

i=1

Ai exp
(
−(φ− φ′

i)
2

2σ2
i

)
, (4.6)

where the index i represents the ith Gaussian bumps that contributes
to the total input to the field.
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The field’s output, φout can be computed by considering the average
of the field’s activation as:

φout =

∫
φg(u(φ, t))dφ

g(u(φ, t))dφ
. (4.7)

4.3.2 The application of the dynamic neural field for be-
haviour coordination

The DNF presents two interesting properties [58]: (a) localized excita-
tion patterns can be retained in the field even after the stimulus has
vanished and (b) different stimuli can excite or inhibit each other ac-
cording to the field structure. Both properties are of importance when
realizing behavior coordination. The first property (a) represents a
form of short-term memory of the control stimuli that improves the
robustness of the system with respect to momentary sensory failure or
sensor misreadings. The inhibition/excitation properties of the DNF
(b) can regulate the selection or coordination of the control inputs. An
example of the second property can be seen in Figure 4.3.2. The input
to the field is the sum of two identical Gaussian bumps centered at
φ = 30 and φ = 105 in the field’s domain. We can look at them as
two input stimuli that represent contrasting behaviors. Since the field’s
threshold h = −20 is set so as to allow the field to operate in selection
mode, and since the two stimuli are spatially distant in the field’s do-
main, the field selects between them. Furthermore, after the field has
selected one of the input, if the non-selected input increases its level up
to a certain limit, the field maintains its decision steady. The selection
of one of the input stimuli is also influenced by other input stimuli. An
example is reported in Figure 4.3.3. We see that the selection between
two competing inputs with amplitude Ain = 21, one located at φ = 30

and the other at φ = 110 is influenced by a third one located at φ = 90,
which is weaker (Ain = 17) and located closer to the winning input.
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Figure 4.3.2: The DNF (h = −20) selects between two identical input stim-
uli centered at φ = 30 and φ = 105 in the field domain. As a result the value
of the field output as defined by Eq. 4.7 is 30. The resulting DNF its activa-
tion and the two input stimuli are represented in the figure.

When two input stimuli are located spatially close to each other the
field integrates them. This is the case reported in Figure 4.3.4 where
two input stimuli, one located at φ = 110 with Ain = 21 and the other
at φ = 100 with Ain = 17 are integrated together.

From the example reported above we can see that the DNF can
express constructive or selective coordination of the input stimuli at
time t according to the patterns of the input stimuli themselves and
the field’s state. In this chapter we propose to use this characteristic
of the DNF to realize the coordination of different robotics navigation
behaviours that lead to the selection of the control commands. Refer-
ring to the general control scheme reported in Figure 4.3.5, we realize
the stage of behaviour coordination with the DNF.

4.4 Application

The behaviour based navigation framework presented in Chapter 3.3
defines two types of behaviours, repulsive and attractive. In general, we
have one repulsive behaviour for every proximity sensor of the robot and
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Figure 4.3.3: The DNF selects between two identical and competing input
stimuli centered at φ = 30 and φ = 110 with Ain = 21. The selection is
influenced by a weaker stimulus Ain = 17 located at φ = 90. As a result the
value of the field output as defined by Eq. 4.7 is 110. The resulting DNF its
activation and the two input stimuli are represented in the figure.

Figure 4.3.4: The DNF merges different input stimuli located close to each
others at φ = 110 with Ain = 21 and at φ = 100 with Ain = 17 . As a
result the value of the field output as defined by Eq. 4.7 is 106.4. The result-
ing DNF and its activation, the interaction kernel w(f − k) and the two input
stimuli are reported.
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Figure 4.3.5: The general control scheme for behaviour based robotic navi-
gation. We propose to realize the stage of behaviour coordination by means of
the DNF.

several attractive behaviours that are dependent on the mutual position
between the robot and the target. Attractive and repulsive behaviours
need to be coordinated to compute, at every time step, the control
commands that steer the robot during navigation. The expression of
behaviour coordination as introduced by Bicho et al. [32], which was
already reported in Eq.(3.2), is:

ω =
dφ(t)

dt
=

m∑
i=1

wifi(φ(t)) + ε, (4.8)

where ω represents the outcome of the coordination, wifi(φ(t)) are
repulsive and attractive behaviors and ε is a stochastic term which is
added to guarantee escape from repellers generated by bifurcation in
the vector field [117]. Behaviour coordination is realized by summing
up each repulsive and attractive behaviour.

However, when the number of the robot’s proximity sensors is lim-
ited or when there is a symmetrical configuration of attractive and re-
pulsive behaviours, exscape from bifurcations of the vector field cannot
be avoided by the introduction of the stochastic term ε.

This chapter presents a novel way of realizing behaviour coordina-
tion by substituting the summation of Eq. 4.8 with the DNF.

We suppose that each behaviour defines a desired angular velocity
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of the robot. Starting from Eq. 4.8 we indicate the contribution of each
behaviour as ωi = wifi(φ(t)) therefore the domain of the neural field
represents the target angular velocity of the robot. The expression of
the dynamic neural field as function of time t and angular velocity ω(t)
is given by:

τ u̇(ω, t) = −u(ω, t) + S(ω, t) +
∫ +ω′

max

−ω′
max

w(ω − ω′)g(u(ω′, t))dω′ + h.(4.9)

The control input, φ̇total, is then computed as the average of the filed’s
activation as already introduced in Eq. 4.7:

ωout =

∫ +ω′
max

−ω′
max

ωg(u(ω′, t))dω′∫ +ω′
max

−ω′
max

g(u(ω′, t))dω′
. (4.10)

The mechanism of behaviour coordination is achieved by letting the
field operate in selection mode thus just one activation bump is present
in the field in the presence of input. This implies that the field thresh-
old h satisfies Eq. 4.4 [58]. Following Eq. 4.11, we can represent each
behaviour as a Gaussian bump centered at the desired velocity ωi with
appropriate amplitude Ai and we can compute the total input to the
field as sum of all Gaussian bumps:

Si(ωi, t) = Ai exp
(
− (ω(t)−ωi(t))

2

σ2
i

)
(4.11)

S(ω, t) =
∑n

i=1 Si(ωi, t). (4.12)

The center of the ith Gaussian is located at the force value which is given
by Eq. 3.4 for repulsive forces and Eq. 3.3 for attractive forces. The
amplitude of the Gaussian bump Ai changes according to the nature of
the behavior we want to represent.

Conflicting behaviors are spatially far apart in the field domain and
have larger amplitudes, thus they inhibit each other leading the field
to select among them as shown in Figure 4.3.2. As an example of
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conflicting behaviors, we can consider the situation depicted in Fig-
ure 4.4.1a. A robot with only two proximity sensors detects a parallel
wall in front of it. The two sensors detect the obstacle at the same
distance d and thus generate repulsive behaviors which have equal am-
plitude but opposite sign. When the distance is large (d=100 cm and
d=60 cm) the two behaviors are represented by two Gaussian bumps
which are spatially close to each other, thus the DNF integrates them
as shown in Figure 4.3.4 (local excitation property). When the distance
becomes shorter (d=30 cm and d=15 cm) the two repulsive behaviors
generate bumps which are spatially distant in the field’s domain forcing
the field to select between them (lateral inhibition) as shown in Fig-
ure 4.3.2. Figure 4.4.1b shows a qualitative representation of the field’s
input generated by the configuration represented in Figure 4.4.1a for
different values of the distance d.

4.4.1 Experimental set-up

The DNF architecture for behavior coordination is applied to the navi-
gation control algorithm of the robot NAO by Aldebaran robotics. The
robot and the control’s scheme are visible in Figure 4.4.2. NAO is a
humanoid robot which is equipped with two sonar sensors positioned
on its chest. The sonar sensors allow NAO to perceive the environment,
but they provide poor sensory data with respect to angular accuracy
(the effective cone of each sonar is 60◦) and minimum distance range
(dlim=30 cm). The angular resolution provided by the two proximity
sensors is such that in the majority of conditions both sonar sensors
detect the same obstacle at approximately the same distance generat-
ing repulsive behaviors with similar amplitudes but opposite in sign.
Following Eq.4.11, the input S(ω, t) represents the contribution of the
attractive behavior f1(t) of Eq.(3.3) and of the repulsive behavior f2(t)
of Eq. (3.4) to the computation of the control commands.
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(a)

(b)

Figure 4.4.1: A robot with two proximity sensors facing a parallel obsta-
cle (a). The total neural field input computed as function of distance for the
two behaviors generated by the two proximity sensors (b).

75



The amplitude Ai of the Gaussian bumps that represent the input to
the field has different expressions for attractive and repulsive behaviors.
For repulsive behaviors described in Eq. 3.4, in our case one for each
sonar sensor (i = 1, 2), the amplitude Ai is given by:

Ai =


1√
dobsi

if dobsi < dmax

0 if di > dmax

(4.13)

The term dobsi represents the distance from the obstacle detected by
the ith proximity sensor. The term 1√

dobsi
makes the amplitude of

the Gaussian input increase as the detected distance from the obstacle
becomes small. The angular velocity associated to repulsive behav-
iors, ωi, also increases when the detected distance from the obstacles
decreases, Gaussian bumps that represent strong and competing repul-
sive behaviors are spatially far apart in the field domain, as shown in
Figure 4.4.1b. When no repulsive forces are present the DNF represents
the force generated by the attractor dynamic. The expression of the
amplitude Ai related to the attractor behavior of Eq. 3.3 is given by

Ai(ω, t) =

{
k if all dobsi > dlim(i = 1, 2)

0 if any dobsi < dlim,
(4.14)

with the term k being constant. In the presence of weak repulsive
forces the target dynamic integrates with the repulsive contributions
because the spatial locations of the Gaussian bumps that express re-
pulsive and attractive behaviors are similar. In the presence of strong
repulsive forces, the two Gaussian bumps associated with them are lo-
cated far apart in the field domain and therefore are competing. In this
condition, the target attractor is likely to play a role in the selection
of the winning repulsive force following the mechanism represented in
Figure 4.3.3. Therefore the field selects the control action that makes
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the robot overcome the obstacle and get closer to its target. As a safety
measure, when any of the robot’s proximity sensors detect an obstacle
closer than a distance dlim, which in general represents the minimum
distance range of the proximity sensors, the amplitude of the Gaussian
bump assigned to the attractor dynamic is zero. The experimental set
up is designed to show how the DNF can coordinate behaviors also
in those situations in which the coordination mechanism reported in
Eq. 4.8 would fail. The control scheme reported in Figure 4.4.2 is tested
in three different conditions: (a) a u-shaped obstacle; (b) a corridor; (c)
a complex environment (a u-shaped obstacle followed by a corridor).
The layout for each of the three set-ups is shown in Figure 4.6.1. The
evolution of the neural field is recorded for each trial and it is linked to
the different robot’s trajectories.

4.5 Experimental set-up

In the first two tests the distance between the obstacles is 60cm, there-
fore both sonar sensors are likely to perceive the obstacle at the mini-
mum distance range dlim. The evolution of the neural field is recorded
for each trial, the robot’s behavior is represented qualitatively, and
salient moments are linked to the evolution of the field.

4.5.1 Discretization and implementation

For implementation purposes we need to evaluate the DNF equation
at discrete points in space and time [58]. Given a spatial discretization
step, δs, the number of spatial points, N and the sample time of the
control algorithm dt, we can express the discretized input to field (Sji),
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Figure 4.4.2: The DNF is inserted in the loop of the navigation algorithm
between the phase of behaviors generation and the phase of the actuation of
the control commands. The robot senses its orientation and its distance to
the obstacles. Three forces fi are computed which constitute the input to the
DNF. The activation pattern of the DNF determines the reference angular
velocity.
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(a) (b)

(c)

Figure 4.5.1: The navigation algorithm is tested in three conditions: (a)
u-shape obstacle, (b) corridor, (c) complex environment (u-shape obstacle
followed by a corridor). The robot starting point and the target location are
reported in the figure.
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the field (uji), the interaction kernel (wji) and the field domain (fji) as:

fji = f(jδj, idt) (4.15)
uji = u(jδs, idt) (4.16)
Sji = S(jδs, idt) (4.17)
wji = w(jδs, idt) (4.18)

(4.19)

where j = 1...N , and i denote the current number of algorithm
iterations. The DNF equation reported in Eq.(8) can be discretized
using the Euler method [58], if the discretization step dt is small in
comparison with the field time constant τ , as:

uj,i+1 = uj,i +
dt

τ

[
−uj,i + Sj,i +

N∑
k=0

wj−kg(uk, i)δs + h

]
(4.20)

The parameters that define the element of the discrete DNF equation
reported in Eq. 4.20 adopted for the development of the present work
are reported in Table 4.5.1.

4.6 Results

The selection of control input operated by the DNF for the u-shaped
obstacle condition is shown in Fig. 4.6.1. We can see that, before the
robot enters the u-shaped obstacle, the DNF integrates the control in-
puts due to the presence of weak repulsive forces generated by the sonar
sensors and the contribution of the target attractive force, Fig. 4.6.1b
(0s − 4s). As soon as the robot enters the obstacle, both sonar sen-
sors detect the walls of the obstacle at the minimum distance range
(dlim = 30cm). The amplitude of the Gaussian bump associated to
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Table 4.5.1: Parameters of the DNF used during the experiments. The pa-
rameters A and σ refer to the interaction kernel (Eq. 4.3).

Parameters Value
dt 0.2 sec
τ 1
N 136
δs 0.01
fmin 0.68
fmax 0.68

A 30
σ 5

winhibit 5
h -30

the attractor input (Eq.(4.14)) becomes zero and the two repulsive in-
put are spatially distant in the field domain. The distance between
the center of the two repulsive forces is (ω1 − ω2 = 0.5) and the two
repulsive inputs are in competition (4s − 26s). Therefore the neural
field selects between them as it is shown in the field activation pattern.
Due to its recurrent properties, the field continues to track the winning
stimulus even when its amplitude becomes weaker. Indeed the winning
input stimulus has an average amplitude of 28.6 while the loosing input
stimulus as an amplitude of 30.6 (14s − 18s). The DNF has therefore
stabilized the decision of a negative rotation rate. As a result, the robot
continuously turns in the same direction until it escapes the obstacle.
When the robot escapes the u-shape obstacle, the field tracks the input
generated by the target attractor dynamic and weak repulsive forces
(30s− 65s). A strong repulsive contribution prevails again (72s− 75s).
Then the robot heads towards the target (75s− 90s).

The selection of control input operated by the DNF for the corridor
condition is shown in Fig. 4.6.2. As already observed in the previous
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(a)

(b)

Figure 4.6.1: The DNF selects between two competing forces and steadily
maintains its decision. As a result the robot overcomes a u-shaped obstacle.
The trajectory of the robot is qualitatively described in (a) while the evolution
of the neural field is reported in (b). After an initial forces’ integration (0s-
3s), repulsive forces become large and the DNF selects between them (4s-
26s). The DNF steadily maintains its decision even when the selected force
becomes weaker (14s-18s). After the robot exits the obstacle, the field mainly
integrates the contributions (30s-90s).
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condition (u-shaped obstacle), before the robot enters the corridor, the
DNF integrates the field inputs (0s − 6s). When the robot enters the
corridor, the amplitude of the repulsive forces become larger because
both sonar sensors perceive the walls of the corridor at the minimum
distance (d = 30cm). The distance between the center of the two
repulsive forces is ω1 − ω2 = 0.5 (6s − 12s) and the field selects the
negative rotation rate. The DNF maintains the selection of the negative
force for a limited time (6s−12s) and then selects the other (12s−19s).
The alternate selection mechanism is repeated until the robot exit the
corridor and heads towards the target (12s−54s). Contrary to what we
have observed in the previous condition (u-shape obstacle), the DNF
switches between winning input stimuli. This is due to the difference of
amplitudes between the winning and the losing stimuli at the switching
time. As an example, at time t = 19.4s the DNF switches from a
positive rotation rate to a negative one. The amplitude of the stimulus
at the positive rotation rate, computed over one second, is 13.1 whereas
the amplitude of the negative rotation rate is 34.5. The difference in
amplitude, greater than the one in the u-shaped condition, determines
the switch in the selection mechanism. Such a difference is created
when the sonar sensor that generates the repulsive force which is not
selected by the DNF comes closer to the wall and, at the same time,
the sonar sensor, that generates the repulsive force which is selected by
the DNF, goes away from the wall and senses free space. When the
robot enters the corridor, it perceives the corridor as it would perceive
the u-shaped obstacle because both sensors sense the obstacle at the
minimum distance. Therefore, the robot has no means of distinguishing
between these two conditions. The selection mechanism of the DNF
allows the robot to show different qualitative behaviors that in turn
change the perceptual data the robot acquires with its sonar sensors.
As a result it is able to, respectively, escape the u-shape obstacle and
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(a)

(b)

Figure 4.6.2: The DNF selects alternatively between two competing forces
resulting in the robot being able to pass the corridor. The trajectory of the
robot is qualitatively described in (a) while the evolution of the neural field
is reported in (b). After an initial forces’ integration (0s-6s), repulsive forces
become larger and the DNF selects between them (6s-12s). The DNF alterna-
tively selects the two competing forces until the robot has passed the corridor
(12s - 54s).
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pass the corridor.
The selection of control input operated by the DNF for the complex

environment condition is shown in Fig. 4.6.3. In this condition, in order
to reach the target, the robot should first overcome the u-shaped obsta-
cle and then pass a corridor. Therefore this condition tests whether the
coordination mechanism expressed by the DNF generates a sequence of
two qualitatively different behaviors of the robot. The DNF initially
integrates the control inputs (0s -5s) until the robot enters the u-shaped
obstacle. The field selects one of the two competing input and tracks
it until the robot escapes the obstacle (5s− 21s). The field then tracks
the input stimulus (21s − 38s) until the robot enters the corridor. At
this point the DNF operates an alternate selection of the input stimuli
(58s− 120s) until the robot passes the corridor. The field then tracks
the target again until the robot reaches the target(120s− 130s).

4.7 Discussion and conclusion

We presented work that addresses the use of a neurophysiologically-
inspired model, the DNF, as a framework for achieving behavior co-
ordination in robotics navigation algorithms. We first introduced the
relevant properties of the DNF relating them to the problem of behav-
ior coordination in a mobile robot’s navigation. We than introduced
the DNF in the navigation control loop between the phase of behavior
generation and the phase of the actuation of the control commands.
Contrary to Oubbati and Palm [131] and Barakova and Chonnapara-
mutt [21], the DNF does not generate the control input directly but
it is used for coordinating the control input that are generated by
an already-existing navigation algorithm. We tested its effectiveness
by means of real-world trials in three different scenarios, with the hu-
manoid robot NAO. Experimental results show that the use of the DNF
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(a)

(b)

Figure 4.6.3: The robot shows two different behaviors when it first encoun-
ters the u-shaped obstacle and then the corridor due to the selection mech-
anism of the DNF. The trajectory of the robot is qualitatively described in
(a) while the evolution of the neural field is reported in (b). After an initial
forces’ integration (0s-5s), the field selects one of the competing forces until
the robot overcomes the u-shaped obstacle (5s-21s). When the robot enters
the corridor, the DNF operates an alternate selection of the input stimuli until
the robot passes the corridor (58s-120s).
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in a behavior coordination layer, allows the robot to complete its task
effectively and that the selection mechanism changes according to the
context in which the robot operates. Therefore the behavior shown by
the robot, which is determined by the DNF, changes as context changes.
The selection properties of the neural field are dependent on the value
of the threshold h. In the development of this work, we have fixed this
value but it would be possible to characterize it as a dynamical equa-
tion as already presented in other works [33, 58] to make the forgetting
process of the winning input stimulus shorter or longer in time.
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We cannot change the cards we are dealt, just
how we play the hand.

Randy Pausch

5
How can a robot attract the

attention of its human partner?

5.1 Introduction

During a verbal exchange, people tend to focus their attention to the
object of the conversation or to their interlocutor. The same should
hold for human–robot communication: the person and the robot focus
their attention to the object of the conversation or to one another. The
act of sharing attention to the same object during communication is

This chapter was published as:
Torta, E., van Heumen, J., Cuijpers, R. H., and Juola, J. F. (2012). How can a
robot attract the attention of its human partner? A comparative study over different
modalities for attracting attention. In Proceedings of the International Conference
on Social Robotics, (ICSR 2012), pp. 288-297. Springer Berlin Heidelberg.
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commonly referred to as joint attention.
A robot can use one or multiple communication cues for attract-

ing attention to itself or to the conversational object. The choice of
which cues to use depends on the context and whether the task is joint
attention or one-to-one communication.

The most common interaction cues used in human–robot joint at-
tention are pointing gestures [143, 146, 157, 160] and gaze move-
ments [47, 123, 124, 158]. Pointing gestures and gaze movements are
both used to attract a person’s attention towards the conversational
object and, in the majority of joint attention tasks, they are used to
disambiguate the content of speech. As an example, a humanoid robot
can use pointing gestures to attract the attention of the person to that
particular object which the robot is describing [160]. In the same way
the robot can look at the conversational object to make interlocutors
attention switch to that object [124].

Besides uttering reference terms, a robot can direct its gaze towards
the person [82], start moving towards the person [67], or use gestures
or facial expressions to attract people’s attention towards itself. Even
though some work has already tackled issues related to how the robot
can use its multimodal communication channels to change the focus of
human attention during conversation [67, 81, 82], little attention has
been directed to studying how the different communication channels
can be used by the robot to attract people’s attention before initiating
conversation, especially when the user is already focused on something
other than the robot like watching TV. Therefore the present Chapter
relates to the study of the efficacy of the use of different communica-
tion channels for attracting user attention (speech, gestures, change in
facial expression, and gaze) when the attention of the person is directed
towards another activity (watching TV) and thus he/she is not focused
on the robot. We also study how the use of the different communication
channels is perceived by the user.
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Figure 5.2.1: The robot Nao by Aldebaran robotics was used during the ex-
periment for attracting participants’ attention

5.2 Method

5.2.1 Participants

Twelve Dutch elderly people, age 62 - 70 years, took part at the ex-
periment. People with reduced vision, hearing problems and/or using
hearing aids were excluded from participation. All participants indi-
cated to have positive attitudes toward technology and in particular
toward the use of computer systems in the house. Two participants
indicated dislike of the idea of robotic companionship in the home,
whereas the others reported to like it.

5.2.2 Design

During the experiment we manipulated the type of action the robot
Nao by Aldebaran Robotics, depicted in Fig. 5.2.1, could perform for
attracting attention. Each action is representative of a different com-
munication channel: the actions used were (1) attempting to establish
eye-contact by looking at the user, (2) changing the robot facial ex-
pression by blinking its eye LEDs, (3) making gestures by waving the
arms and (4) uttering the word ”Hello”. Apart from action 4, which is
verbal and of an auditory nature, all actions are non-verbal gestures of
a visual nature. As actions 1 and 3 involve movements of the robot’s
body parts, the head for action 1 and the arms for action 3, they are
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more salient in peripheral vision. The waving gesture (action 3) also
involves sound of the robot’s motors. We also manipulated the type
of information presented to participants before the robot attempted to
attract their attention. Information consisted of short video-clips taken
from a Dutch local TV channel. The video clips were presented via a
TV positioned in front of them. Video clips were arbitrarily marked
as either important or not important. Important video clips were pre-
sented with a red box in the upper side of the image. The main task
for participants was to respond as soon as they noticed the action per-
formed by the robot by pressing a button on a keyboard positioned
in front of them. As a side task, participants were instructed to re-
member the content of the video clips marked as important because
they would be questioned about them at the end of the experiment,
even though they were in fact questioned about both important and
not important news items. Thus, the experiment had a 4 (actions) x 2
(importance of news) within-subject design with 3 repetitions. In total
every participant experienced 24 trials. During every trial we measured
the reaction time between the start of the robotic action for attracting
attention and the moment the participant pressed the button. Before
and after the experiment we asked participants to fill in the Godspeed
questionnaire [22]. The questionnaire measures participant’s attitude
toward the robot and consists of five subscales: anthropomorphism,
animacy, likeability, perceived intelligence, and perceived safety. The
complete list of questions is reported in Appendix C. The use of the
questionnaire was intended to get insight into how the robot’s attempt
to attract attention modified participants’ attitudes toward it. Further-
more at the end of the experiment we asked participants to evaluate the
different robotic actions for attracting attention. This was done by us-
ing a 5-point Likert scale for questions in which participants indicated
which adjective would better describe a given action. Questions were of
the form: How would you define the action x? The pairs of adjectives
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were: (1) clear/ vague, (2) friendly/mean (3) calm/wild, (4) present/
subtle and (5) pleasant/annoying. At the end of the experiment par-
ticipants were also requested to answer specific questions regarding the
content of the news clips marked as important.

5.2.3 Set-up

The experiment took place in a mimicked living room. Participants
were seated on a couch and had a table and a TV screen in front of
them. The set-up mimicked a typical home situation in which the el-
derly person is sitting on the couch and watching TV. The television
played news items retrieved from a Dutch news website and was con-
nected to a computer in order to trigger the start of the different video
clips. A keyboard was placed on the coffee table in front of the couch
where participants were seated. The robot was standing beside the
participants and was remotely connected to the computer in order to
trigger the different actions at random moments during the broadcast
of the TV news. The experiment was supervised by an operator seated
in the control room next to the living room. The experiment set-up is
visible in Figure 5.2.2.

5.2.4 Procedure

Participants were welcomed and given a general explanation of the ex-
periment. They first signed an informed consent form and filled in the
first questionnaire (Godspeed1), see Appendix C for the list of ques-
tions. The participants were seated on the couch in front of the tele-
vision with the keyboard placed in front of them on the coffee table.
The experimenter showed participants the various actions the robot
could perform to attract their attention and explained how the differ-
ent importance levels of the video clips were indicated. Participants
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Figure 5.2.2: Experiment Set up. (A) TV screen position, (B) participant
position (C) keyboard position and (D) robot position.

were instructed to remember the important video clips as they would
be questioned about them at the end of the experiment. Then the ex-
periment began with video clips appearing on the TV screen in front
of the participants. At random moments during the broadcast of the
news the robot performed an action to attract participants’ attention.
Participants were instructed to press the spacebar of the keyboard as
soon as possible after noticing the attempt of the robot to attract their
attention. After responding, they were instructed to press a button
on the keyboard to categorize the action they saw. The time between
the start of the action to attract attention and the moment partici-
pants pressed the spacebar was recorded. The experiment had a total
of 24 trials with 12 video clips marked as important and 12 unmarked.
Marked and unmarked video clips were presented in random order to
every participant during the experiment. When all the trials were over,
participants filled in the Godspeed questionnaire for the second time
and answered the questionnaire to assess their attitudes toward the
robotic actions. At the end of the experiment participants received
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Figure 5.3.1: Mean reaction time in [s] for every action regardless of the
importance of notice (adjusted values with 95% confidence interval).

monetary compensation for their participation.

5.2.5 Data analysis

To test the effects of our manipulations on the reaction time of par-
ticipants we used a factorial repeated-measures ANalysis Of VAriance
(ANOVA) with reaction time as the dependent variable and both ma-
nipulations (importance of news and type of action) as independent
variables. The distribution of the data regarding the evaluation of
the actions across the items (1) clear/ vague, (2) friendly/mean (3)
calm/wild, (4) present/ subtle and (5) pleasant/annoying was not nor-
mally distributed. Therefore we used a a non-parametric test, Fried-
man’s ANOVA, to assess the significance of the results.

5.3 Results

To assess the efficiency of the different ways to attract attention we
compared the reaction times. In Fig. 5.3.1 the reaction times are plot-
ted for each of the robot’s actions. There was a significant main effect of
the type of action on reaction time F (3, 33) = 140, 00, p < 0.001. Con-
trasts analysis revealed that there was a significant difference, in terms
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of reaction time, between all the types of actions. In particular, reaction
time in the case of eye contact was longer than in the case of blinking
the eye LEDS, F (1, 11) = 140.84, p < 0.001. Reaction time was longer
when the robot blinked its eyes compared to waving F (1, 11) = 8.67,
p = 0.013. And finally, reaction time was longer when the robot waved
its arms compared to speech F (1, 11) = 26.65, p < 0.001. The manipu-
lation of news importance had no significant effect on reaction time and
no interaction effect between the two manipulations was found. The
subjective experience of participants was evaluated using two question-
naires. The analysis of the answers given to the Godspeed questionnaire
before and after the experiment [22] revealed no significant difference
in any of the 5 dimensions: anthropomorphism, animacy, likeability,
perceived intelligence and perceived safety. The attitude of people to-
ward the robot was similar before and after the experiment. The second
questionnaire was used to evaluate how users rated the different actions
on the items: (1) clear/ vague, (2) friendly/mean, (3) calm/wild, (4)
present/ subtle and (5) pleasant/annoying. The average rating on a
Likert scale from 1 to 5 is shown in Fig. 5.3.2 for each of the 5 di-
mensions of the questionnaire and each type of action. The Friedman’s

Figure 5.3.2: Results of the questionnaires (adjusted values with 95% confi-
dence interval).
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ANOVA reveals that there is a significant difference on the items (1)
Clear, (2) Friendly and (4) Present whereas no significant difference
was found for the items (3) Calm and (5) Pleasant. The results are
summarized in Table 5.3.1. We performed a Wilcoxon signed-rank test

Table 5.3.1: Summary of the results using a Friedman’s ANOVA analysis.

Item χ2 p

Clear 25.05 0.001
Friendly 10.24 0.013
Calm 5.77 0.122
Present 13.85 0.002
Pleasant 2.22 0.543

on all comparable groups considering the items (1) Clear, (2) Present
and (4) Friendly. Having to compare the effect of 4 actions grouped by
2 on every significant item leads to 6 comparison per item. Therefore
the results of the post-hoc test with Bonferonni correction are inter-
preted as significant at a level of p < 0.05/6 = 0.0083 [66]. The results
show that waving was evaluated significantly more present (T = 0,
p < .0083, r = −0.556), friendly (T = 0, p < .0083, r = −0.496), and
clear (T = 0, p < .0083, r = −0.576) than eye contact. Waving was
also rated significantly more clear (T = 0, p < .0083, r = −0.522) than
flashing eye LEDs. Saying hello was rated significantly more clear than
eye contact (T = 0, p < .0083, r = −0.577) and flashing eye LEDs
(T = 0, p < .0083, r = −0.518). The rest of the comparisons did not
result in a significant difference. A summary of the results is reported
in Table 5.3.2.
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Table 5.3.2: Summary of the effect sizes (r) and significance (p) or the con-
trasts using a Friedman’s ANOVA analysis. For better visualization, we only
report the first letter to indicate the action: W = Waving, E = Eye Contact,
B = Blinking LEDs, S = Saying ”Hallo”.

Actions Clear Friendly Present
r p r p r p

W vs E -0.556 0.002 -0.496 0.008 -0.576 0.001
W vs B 0.000 0.570 -0.379 0.063 -0.522 0.004
W vs S -0.394 0.047 -0.387 0.055 -0.289 0.250
S vs E -0.407 0.039 -0.258 0.180 -0.577 0.001
S vs B -0.288 0.108 0.000 0.687 -0.518 0.004
E vs B -0.068 0.500 -0.333 0.125 -0.077 0.500

5.4 Discussion and conclusion

We compared four different ways of attracting attention by a small
humanoid robot while people watched news items on a television set.
We found that reaction times differed considerably according to the
action that was performed by the robot. In terms of reaction time,
speech was most salient as the average response was fastest, followed
by the waving gesture and eye LED blinking gesture. Trying to estab-
lish eye-contact was least salient. It is interesting to note that speaking
and waving both involve an auditory component either in the form of
speech utterance or in the form of noise produced by the robot’s ac-
tuators, whereas flashing LEDs and eye contact are of a visual nature
only. Thus, it seems that sound, which is an omnidirectional cue, is
more salient than the visual channel. This makes sense because the
visual attention was directed towards the TV. The high acuity foveal
area spans only about 5 degrees, so that the robot moved in the partic-
ipant’s periphery. These facts can explain why actions which involve
sound production cause a quicker response than actions that involved
only visual stimuli. In the same line of reasoning, making eye contact
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involves less motion than waving because, in order to make eye-contant,
the robot had to turn its head a few degrees which resulted in shorter
duration and amplitude of the motion. It is well-known that peripheral
vision is very sensitive to motion, explaining why making eye contact
is less salient than the other visual cue, for attracting attention. As
robots are most likely to approach from the side in order not to impede
a person from watching TV, these results are of importance for design-
ing better ways to attract attention. Previous research by Odgaard et
al.[129] reported that an auditory stimulus can be perceived as louder
if it is presented with visual stimuli in the form of lights. Although our
results showed that the action of waving, which includes visual motion
and sound from the actuators, is not the most salient cue, we can ex-
pect that the combination of speech with a gesture can produce even
shorter reaction times. We also found a clear effect on the subjective
experience. Contrary to expectation, looking at a person is considered
less pleasant than just saying hello, or waving or blinking the eye LEDs.
Eye contact is usually considered an important social cue. However,
in normal circumstances people have eye contact when they face each
other, whereas in our experiment the robot was looking at a person
from the side. This would seem to suggest that being looked at from
the side is unpleasant because it is considered to be impolite. The fact
that making eye contact is least salient could make matters even worse
as people may get a feeling of secretively being watched. Of course this
is speculation, but our results suggest that eye contact is not the best
way to attract attention in this particular context. The perceived clar-
ity is well in line with the reaction time results. The least salient actions
are also judged as less clear whereas the salient gestures are judged as
clear. The perceived presence and perceived friendliness follow a simi-
lar pattern except that the differences are smaller. It is interesting to
note that the most salient cue, speech, scores lower than waving on per-
ceived clarity, friendliness and presence. Interestingly, we did not find
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a significant difference in terms of reaction time when participants were
presented with important and not-important news items. So it seems
that, apart from a spatial effect, being more focused does not influence
the participant’ ability to notice the actions performed by the robot.
As we did not independently test the strength of our manipulation, it
is possible that the manipulation might not have worked. So we cannot
be sure that paying more or less attention to news items has no effect.
Finally, we note that waving was the most clear and present action,
and participants reported to like it most, while eye contact could have
different purposes, both negative and positive. This suggests that com-
municative cues for attracting attention should be as non-ambiguous
and specific as possible. In conclusion, our results suggest that the
robot can effectively attract attention of people using auditory, visual,
verbal and non-verbal actions. Attention is obtained faster when using
speech followed by gestures. Our results showed that attracting at-
tention by establishing eye-contact produced the longer reaction time
and it was perceived as not very friendly. We interpret these results as
that robot gazing behaviour is better suited for situations in which the
user’s focus of visual attention is not occupied but when it is already
on the robot.
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Personality is an unbroken series of successful ges-
tures.

Francis Scott Fitzgerald

6
Influence of robotic gaze and

gestures on message retention in
human–robot interaction

6.1 Introduction

Robots nowadays are employed in several domains which include the
care of elderly people. Robots, as physical embodied agents, have the
ability to move about in cluttered environments with the potential to
engage users ubiquitously. This gives them an advantage over virtual

This chapter was co-written with Elisabeth van Dijk and was published as:
van Dijk, E. T., Torta, E., and Cuijpers, R. H. (2013). Effects of eye contact
and iconic gestures on message retention in human-robot interaction. International
Journal of Social Robotics, 5(4), 491-501.
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agents. Within the context of health care applications for elderly peo-
ple, it stands to reason that one of their main tasks will be to convey
information. When a robot has an anthropomorphic shape it can apply
human-like non-verbal cues to make its communication more effective
and appropriate which in turn will let people understand the robot bet-
ter and perceive it more positively. Thus it is essential to get a better
understanding of the underlying mechanisms of robot-to-human com-
munication when the robot displays co-speech non-verbal cues. The
present work reports results on how a humanoid robot can use two of
the most salient non–verbal interaction cues, namely gaze, in the form
of establishing and maintaining eye contact, and gestures, to improve
the quality of its communication to a human. We measured how users
experience communication with the robot using a recall task. In this
context, recall scores provide an indication of surface information pro-
cessing or rote memorization of information by the subject [187]. In
particular, we argue that the effect of gaze and gestures may depend
on the semantic structure of the sentence to which gaze and gestures
pertain.

6.1.1 Co-speech gestures, gaze and message retention in
human–human interaction

Co-speech gestures are arm and hand movements that accompany
speech. They can be classified according to the semantic information
they convey and the extent to which they depend on the spoken mes-
sage (see Andric and Small [16] for a review on how gestures correlate
with speech and speech content). One class of co-speech gestures are
the so-called deictic gestures. Deictic gestures disambiguate the content
of speech by referring to locations. Pointing gestures that accompany
speech such as “bring me that cup” belong to this class. In isolation,
they carry no semantic meaning. Classes of gestures that carry seman-
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tic meaning are the so-called iconic and metaphoric gestures. Iconic
gestures display visually the semantic content of the message. An ex-
ample of iconic gesture is moving the arm upwards while pronounc-
ing the sentence “the elevator goes up”. Metaphoric gestures are used
to display a metaphor associated with the sentence. An example of
metaphoric gesture is rolling the hand while saying “The conversation
went on and on” [16]. Research in human–human communication has
shown that the use of co-speech gestures contributes to the retention
of verbal messages by the interlocutor. For instance, Valenzeno et al.,
found that gestures can aid retention when they convey the same infor-
mation as the verbal message [173] (but see Singer and Goldin-Meadow
[153] who found that the extent to which gestures contain information
that is not present in the verbal message can also influence the strength
of the gestures’ effect on message retention). On the same line, research
by Kelly and Bar showed that iconic gestures may enhance the com-
prehension of the spoken utterances [92].

On the level of semantics, the abstractness of the situation described
in a sentence has been found to affect retention of the message [27]. The
authors’ explanation of this effect is that information from concrete
messages (e.g. “the boy kicked the trash can”) is stored in the form of
a single image describing the message, which facilitates later retrieval of
the content of the message. This theory can also serve as an explanation
of positive effects of iconic gestures on message retention. As gestures
are visual in nature (to the recipient, that is), they may help the listener
to form a visual representation of the message that is presented. This in
turn might help the listener to retain the content of the utterance. Gaze
cues, such as eye contact, occur alongside spoken language as gestures
do. Gaze can be used to express intimacy, differences in social status or
mood during a conversation [98]. Gaze is interconnected with speech
during human–human conversation having a regulatory function. An
utterance ended with a prolonged gaze is used to signal turn taking in a
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conversation [98] and can be used to give emphasis [49]. Furthermore,
a recent study by Staudte and Crocker [158] suggests that gaze has an
influence on how well people can comprehend utterances.

6.1.2 Co-speech gestures, gaze and message retention in
human–robot interaction

Research in Human–Robot Interaction (HRI) has investigated the role
and generation of gesturing and gazing behaviour to improve hu-
man–robot communication.

Having a robot mimic human gaze behaviour has already been
shown to provide advantages in the interaction between human and
robot: appropriate gaze behavior can make a conversation more en-
gaging [121], can clarify interlocutors’ roles in a conversation [123] and
can steer turn taking and provide a more ‘appropriate’ conversation
experience [152]. Robotic gaze behaviour has also been found to aid
recall of the robot’s verbal message [121]. In this context message recall
is a factor that underlies the quality of human–robot communication.
Also research on virtual agents suggests that gaze can have effects on
memory retention of information. Adams et al. [9] investigated the
influence of eye gaze of a 2D picture on recall of learned faces. The
authors found that faces of the same race which displayed direct gaze
were remembered better than same race faces with averted gaze.

On the same line, Fullwood and Doherty-Sneddon [71] investigated
the effect of gazing at the camera during a video link. The information
presenter could either look for 30% of the time at the camera or never
look at the camera while advertising a product. When the presenter’s
gaze was directed at the camera people could remember the product’s
information significantly better. The study of how robotic co-speech
gestures can influence human–robot communication has also received
attention. This because there is ample evidence for the importance
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of co-speech gestures in human–human interaction [16], particularly in
terms of their effects on retention of spoken messages [92, 153, 173].
Co-speech gestures can be used in HRI to steer the interaction – e.g.
beckoning and shaking hands to help establish relationship [140] and
waving goodbye at the end of a conversation [152]. Furthermore re-
search suggests that, if a robot uses co-speech gestures, people tend
to perceive it more positively [143]. Besides improving the flow of a
conversation, co-speech gestures can also aid in communicating the
primary verbal message – as they do in Human–Human Interaction
(HHI) [92, 153, 173]. Different types of gestures may be used, such as
deictic gestures [153, 173] or iconic gestures [92]. But it is yet unclear
whether gestures can also improve the effectiveness of communication
in HRI, as they do in HHI [92, 153, 173]. It is also unclear if and how
gestures and gaze cues interact in their influences on the effectiveness
of robot-to-human communication.

Research on virtual agents has also investigated how avatars can use
arm and head movements to improve information retention [102, 118].
In the study by Moreno et al. [118] a pedagogical virtual agent or a text
interface gave students information on plants. Students were asked to
recall which plants were presented and to rate their motivation and
interest to learn. Results show that the virtual agent improved mo-
tivation and interest to learn but not recall of content. However, the
authors did not use specific types of gestures (i.e., iconic, deictic or
metaphoric) or specific types of gaze during the presentation of infor-
mation.

6.1.3 The current study

In order to investigate how gestures and gaze, in the form of eye con-
tact, interact during robot-to-human communication, we must first de-
termine how we can measure the effectiveness of robot-to-human com-
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munication. Many measurements of effectiveness are possible, includ-
ing short-term and long-term retention of a message, as well as more
functional definitions (e.g. how well subjects can execute a set of in-
structions given by the robot [91]). Functional measurements are in-
teresting because, in the long term, one of the purposes of research in
human-robot interaction is a functional outcome (i.e., to help users with
some kind of real-life task). The inherent complexity of tasks used for
such functional measurements, however, makes it difficult to determine
exactly where and how different aspects of the robot-to-human com-
munication have their effect on the functional outcome. In addition,
the messages given by the robot are often mixed in nature.

Also, different kinds of gestures and gaze cues exist. In most HRI
studies, a combination of different types of gestures or gaze cues is
used. This makes it difficult to discern exactly which aspects of the
non-verbal robot behaviour shows influence, and how such behaviours
affect communication success.

Therefore, for the purpose of the present study, we focused not on
functional measurements of effectiveness of communication, but rather
on direct measures of message retention. One method that has been
used to measure message retention in HRI is to provide the listeners
with a story or lecture and to subsequently ask questions about the
contents of the talk [97, 121, 123]. The downside of this approach is that
some parts of the presented story may be more inherently memorable
than others. Differences in retention rates may then be due not to the
non-verbal cues used, but simply to aspects of the verbal message itself.
In order to determine precisely which non-verbal cue during robot-to-
human communication influence what aspects of the listener’s retention
of the conveyed message, this study used a very well-controlled set-up,
employing only a specific set of gestures, gaze cues and verbal messages.
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6.1.4 Hypotheses

Research on HHI indicates that gestures can affect the extent to which
the listener remembers the verbal message. The present study inves-
tigated whether gestures (specifically iconic, action-depicting gestures)
can also improve message retention in HRI.

Results from previous studies indicate that employing human-like
gaze behaviour (specifically: eye contact) can help a robot convey a
verbal message [121]. It is not clear if and how the effects of eye con-
tact and iconic gestures interact. We hypothesize that the effects are
additive in nature, meaning that the combined effect of gestures and
gaze cues should be larger than either effect individually.

It has been argued that people store utterances in memory as a
single visual representation [27]. It may be the case, then, that gestures
facilitate retention by making it easier for subjects to store the content
of the messages in the form of an image. If this is indeed the case,
the presentation of action-depicting gestures should improve retention
of the gestured verb, but also of the other parts of the sentence. An
additional hypothesis therefore is that the positive influence of gestures
on message retention should be present in all parts of the presented
sentences. In order to investigate this issue, the experiment has been
designed in such a way as to allow comparison of retention for different
parts of the sentence.

6.2 Method

6.2.1 Design

For the experiment, a 2 (Gaze: eye contact/no eye contact) x 2 (Ges-
ture: iconic/none) within-subject design was used. The Gaze factor
comprises two conditions: ‘eye contact’ , in which the robot’s eyes fol-
low the participant’s face so that it seems to be making eye contact and
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‘no eye contact’ , in which the robot does not make eye contact, but
looks away instead. In the ‘eye contact’ blocks, the robot looked at the
participant only when speaking the sentences to remember. Thus, the
robot looked at the participant only when it was actively addressing
the participant, and the duration was relatively short (one block lasted
about 4 minutes). Between blocks the robot assumed a crouch position.
The robot did not look at the participant when (s)he filled out the form
to assess the retention score of any block. For the Gesture factor, in
the ‘iconic’ conditions, the robot made iconic gestures to accompany its
verbal utterances, while in the ‘none’ conditions no body gestures were
made. The gestures in the ‘iconic’ conditions were action-depicting:
they depicted the action described in the verb of the sentence. As an
example, in the ‘iconic’ the robot could utter the sentence ‘The child
kicked the mean teacher in the empty playground’ (see Appendix A
sentence 3) accompanying it with a kick made with its legs.

It could be the case that ‘iconic’ and ‘eye contact’ conditions stand
out simply because the robot moves. If a condition without movement
is followed by a condition with movement, the contrast between the
two in terms of robot movement could cause differences in retention
rates unrelated to the semantic content of the message and gesture.
To avoid this confounding, the Gaze x Gesture conditions were divided
into four blocks. Each block contained 6 sentences of the same Gaze
× Gesture condition (e.g. ‘eye contact’ and ‘iconic’). This ensures
that all conditions within one block included roughly an equal number
of movement trials so that none of the conditions within one block
stand out in terms of the robot’s movements. The order of the Gaze ×
Gesture blocks was counterbalanced between subjects.

The same 24 sentences were presented to each participant, while the
order of the sentences is randomized for each participant.
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6.2.2 Participants

A total of 23 participants took part in the experiment. Data of 4
participants had to be discarded because visual inspection of the video
data showed that the gaze behaviour was not executed correctly (the
robot did not look directly at the participants). Data of the remaining
19 participants (9 male, 10 female) were used for analysis. The mean
age of the participants was 67 years, with a minimum of 57 years and a
maximum of 76 years. 1 All participants were native Dutch speakers.
Participants were selected from an existing database. The selection
was based on an age restriction (55+). Only physically and mentally
healthy participants were invited. All participants indicated they had
at least average experience with modern technology compared to their
peers. Out of the 19 participants, 14 indicated they had had some
previous experience with robots; 13 had had some previous experience
with the robot used in the current study. Previous experience with the
Nao robot was included as a between-subjects factor in the analysis.

6.2.3 Materials

The robotic platform used is the Nao humanoid robot produced by
Aldebaran Robotics™ (see Fig. 6.2.1). Extensive specifications can be
found on the Aldebaran Robotics website [1]. A Python script was used
to control Nao’s behaviour remotely.

The stimuli consisted of a set of spoken messages that could, de-
pending on the condition, be accompanied by appropriate gestures, as
well as a type of gaze behaviour that is meant to evoke the impression
of eye contact in the human interlocutor. Sentences used during the
experiment are reported in Appendix A.

1Participants were elderly people because the research conducted in the present
thesis was part of the KSERA project which aims at introducing socially-assistive
robots in seniors’ homes (http://www.ksera.ieis.tue.nl)
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Figure 6.2.1: The Nao humanoid robot platform. Image retrieved from
http://www.aldebaran-robotics.com/.

Verbal messages

Several restrictions were applied to the stimuli in order to exclude fac-
tors that were not of interest in the current study. Variations in struc-
tural complexity of a sentence had been proven to influence recall of
that sentence [87, 112, 134]. Such variations can be excluded by fix-
ing the structure of sentences. All sentences used in this experiment
were therefore of the following format: subject | transitive verb
| direct object | adverbial phrase, in which the subject con-
sists of an article and noun, the object consists of an article, adjective
and noun, and the adverbial phrase consists of a preposition, article,
adjective and noun. The words each sentence consists of then are, in
order, Art. | Noun | Verb | Art. | Adj. | Noun | Prep. |
Art. | Adj. | Noun. An example of such a sentence is the follow-
ing: “The teacher beckoned the tall student to the stuffy office.”2 Note
that the sentences were presented in Dutch during the experiments, as
participants were native Dutch speakers.

In order to exclude variations of abstractness, the sentences used
were standardized further by limiting the type of words used. As iconic
gestures are best suited to portray physical actions, only verbs describ-

2Translated from the original Dutch “De docent wenkte de lange leerling naar
het bedompte kantoor.”
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ing physical actions were used. Moreover, all grammatical subjects
of sentences are animate objects, whereas all grammatical objects are
tangible objects.

Based on these restrictions, a set of sentences were devised that
were expected to elicit iconic gestures from the speaker under normal
circumstances. The sentences used can be found in Appendix A.

To exclude ‘information mismatch’ [153] between the verbal message
and accompanying gestures as a confounding variable all sentences were
designed such that the gestures did not contain additional information
about the verbal message.

Variability in pitch and in speaking rate can influence retention of
the verbal message [141]. These factors could be kept stable across sen-
tences by automatically generating speech. Unfortunately, the quality
of such automatically generated speech is often so low that understand-
ing it takes some getting used to. To exclude possible problems of not
hearing the messages correctly, recorded natural speech was used in-
stead of automatically generated speech. A female voice was used for
the sound recordings. Care was taken to select samples with similar
pitch and speaking rate variability.

Difficulty of the recall task

If the difficulty of the recall task used is not well-calibrated, the ex-
pected effects of using iconic gestures and eye contact may not be found,
simply because there is no room for improvement (for too simple a task)
or because participants cannot remember anything at all (for too diffi-
cult a task). To ensure an appropriate level of difficulty, a number of
pretests were done. In these pretests, subjects were provided with ver-
bal messages by the experimenter and subsequently asked to perform
a cued recall task. Very simple sentences (only Art. | Noun | Verb
| Art. | Adj. | Noun |, e.g. “the boy kicked the red ball”) were
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(a) (b)

Figure 6.2.2: Example of the iconic gesture ”drinking” performed by a partic-
ipant (a) and by the robot (b).

initially used, as well as a cued form of recall in which the subject of
each sentence was provided. This task resulted in almost perfect recall.
For the final experiments, the complexity of the sentences was therefore
increased by adding adverbials to the original sentences. Additionally,
the recall task was changed from cued to free recall, although syntactic
slots were still provided.

Gestures

To test if and which gestures would naturally accompany the sentences,
a pretest was done. In the pretest, four participants were asked to read
the sentences aloud and to use a gesture to depict the action described
in the sentence as they felt they might have done under normal con-
versational circumstances. This pretest shed light on the gestures com-
monly used to depict the relevant actions. Some verbs were found to
be ambiguous (e.g., ‘hit’) and were replaced with more unambiguous
ones (e.g. ‘punch’). See Fig. 6.2.2 for an example of a gesture obtained
from the pretest.

The gestures provided by the pretest subjects were replicated in
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Nao as precisely as possible. These gestures were created using the
Choregraphe software package provided by Aldebaran Robotics. Since
most gestures took significantly longer for the robot to produce than
it took for it to utter the relevant verb, gestures could not be timed
exactly to the utterance of the verb. Execution of the gestures was
therefore started at the same time as execution of the utterance.

Gaze behaviour

For the gaze behaviour in the ‘eye contact’ condition an existing library
was used, which in turn utilizes the pre-installed ALFaceTracker. This
module can detect faces in the image obtained from Nao’s camera.
Once a face is detected, Nao’s head is moved to keep the detected face
in the center of the camera image, thus giving the impression that Nao
directs its gaze towards the participant when speaking the utterances.
After completion of the experiment, we found that 15 participants out
of 19 noticed the gaze manipulation.

6.2.4 Measurements

Retention

People tend to recall the meaning of a message better than the form
of it, especially in spoken text [26]. Additionally, as discussed in the
Introduction, literature suggests that the use of concrete messages will
cause listeners to store the messages in an image-based way [27]. Al-
though imagery can aid recall of the messages’ meaning, memory of
the messages’ form will likely be relatively poor. It is therefore impor-
tant to focus on memory for meaning rather than form when rating
subjects’ message retention. Simply counting the number of exactly
correctly recalled words or complete sentences, then, seems inappro-
priate, since these methods do not allow syntactic variations or syn-
onyms. One problem was avoided by providing the appropriate syntax
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to participants using a ‘fill-in-the-slots’ answer sheet. These answer
sheets provided participants with the relevant syntactic slots, in this
case subject | verb | object | adverbial phrase. By focusing
on lexical words we ensured that only memory of content, and not of
syntactic form, was measured. To allow for synonyms without relying
on purely subjective evaluations of what is or is not a synonym, an
existing list of synonyms from a commonly used online dictionary was
used.

Each of the lexical words (adjectives, nouns and verbs) in the partic-
ipants’ answers was scored as 1 if it was identical to the original sentence
or synonymous according to the Dutch thesaurus synoniemen.net3 and
0 otherwise. This results in scores for the individual parts of each
sentence. The object and adverbial scores can range from 0 (nothing
correct) to 2 (adjective and noun correct). The subject and verb scores
can be either 0 (incorrect) or 1 (correct). For ease of comparison the
object and adverbial scores were divided by 2, so that the scores on
each of the sentence parts was between 0 and 1. An overall score for
retention of the entire sentence was also calculated by taking the mean
of the scores on the individual sentence parts.

Additional measurements

In addition to the abovementioned retention measurements, partici-
pants were asked to fill out the Godspeed questionnaire [22] (questions
are reported in Appendix C), both before and after the experiment.
This questionnaire has been used to provide indications of people’s at-
titudes toward robots. If the interactions had a large influence on the
results of the Godspeed questionnaire, this could indicate that the robot
presented a high level of novelty for subjects. The Godspeed question-
naire was therefore used as a control, to check whether novelty of the

3Synoniemen.net is an online Dutch dictionary which provides synonyms. URL:
http://synoniemen.net/
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Figure 6.2.3: Schematic of the experimental setup.

robot could have influenced results on message retention.
To ensure that everything went well (e.g., the participants were

actually looking at Nao during its presentations), participants were
observed via a live camera feed during the experiments.

A short demographics questionnaire was also included in the mea-
surements.

6.2.5 Setup

A schematic of the experimental setup can be found in Fig. 6.2.3. Par-
ticipants were seated on a chair facing Nao. Nao was placed on a small
platform. This setup ensured that a) Nao was roughly at eye level for
the participants and b) all participants had the same view of Nao’s
movements during the experiments.

6.2.6 Procedure

Upon a participant’s arrival, he/she was told that the goal of the exper-
iment was to investigate how well people can remember messages given
by the Nao robot. They were then asked to read and sign an informed
consent form to confirm that they agreed to participate in the experi-
ment under the relevant conditions. The flow of the experiment and the
answer form for the retention evaluation were then briefly explained to
the participant, after which the main experiment began. Participants
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were asked to fill out a first version of the Godspeed questionnaire.
After they finished, Nao’s program was started. Nao first greeted the
participants with a short message accompanied by a waving gesture to
give the participant a first impression of Nao’s voice and movements.
The four blocks of trials were then started. For each block, Nao first
gave a short message to indicate the start of a new block. It then ut-
tered six messages which were or were not, depending on the condition,
accompanied by iconic gestures and/or eye contact. Nao then indicated
that the participants could fill out the answer form according to their
memory of the sentences just presented. When the participant finished
filling out the answer form, the experimenter signaled Nao to continue
with the next block. This procedure was repeated four times, after
which Nao told the participant that the four blocks were over. Nao
ended the conversation by thanking the subject for their participation
and wishing them a good day. After the main experiment, another
Godspeed questionnaire was provided, as well as a short set of demo-
graphic questions. After filling these out, participants were thanked for
their participation and given their compensation of 9.50 e.

6.2.7 Data analysis

Retention scores and questionnaire results were analyzed separately.

Retention scores

To analyze the message retention scores a 2 (Gaze: eye contact/no
eye contact) x 2 (Gesture: iconic/none) repeated-measures ANOVA
was used. In addition, previous experience with Nao (NaoExperience:
yes/no) was used as between-subjects factor, to test whether or not
previous experience influenced the results.

Mutlu et al. [121] previously found that the strength of the Gaze
effect depends on the gender of the participant: only female participants
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seem to profit from eye contact, whereas the eye contact has no effect
on message retention for male participants. However, the number of
participants tested in our experiments does not allow us to draw reliable
conclusions on the influence of gender. The gender factor was therefore
not included in our analyses.

As discussed in Section 6.1.4, the Gaze and Gesture factors were
expected to have an effect on retention of both the verb and the sentence
as a whole. To test this, the retention scores of the separate parts of
the sentences (subject, verb, object, adverbial phrase; all normalized to
a range of 0 to 1) and the overall retention scores (the average retention
score between subject, verb, object, adverbial phrase) for each sentence
were used as the dependent variables in the analysis.

Due to the hypotheses of this research, it was expected that both
the Gaze and Gesture factors would have a significant effect.

Questionnaire results

The results of the Godspeed questionnaires were analyzed in a sepa-
rate repeated-measures ANOVA. The repeated-measures factor is Time
(before/after). In addition previous experience with Nao (NaoExperi-
ence: yes/no) was used as between-subjects factor. The dependent
variables were the five scales of the Godspeed questionnaire: Anthro-
pomorfism, Animacy, Likeability, Perceived Intelligence and Perceived
Safety. Scores for these scales were obtained by taking the average of
each participant’s scores on the relevant items.

6.3 Results

6.3.1 Retention scores

The mean values of the retention scores for every condition for every
part of the sentence are reported in Table 6.3.1.
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It was expected that messages accompanied by iconic, action-
depicting gestures would yield higher retention scores than those pre-
sented without iconic gestures. Statistical analysis revealed that the
expected effect was significant only for the verb (F (1, 18) = 7.23, p =

0.015, η2p = 0.287), i.e. the sentence’s part that was depicted by the ges-
ture. Overall retention scores were higher for messages accompanied by
gestures (M = 0.46, SE = 0.03) than for those presented without ges-
tures (M = 0.41, SE = 0.02), but the difference in mean values was
not statistically significant (F (1, 18) = 4.00, p = 0.061). Also retention
of the subject, object and adverbial phrase of the verbal message was
found not to be aided significantly by adding gestures to the presenta-
tion.

Table 6.3.1: Mean values of retention scores with standard error of the mean
for every condition for every component of the sentence. Conditions are la-
beled as follows: (1) No gesture/No eye contact, (2) No gesture/ Eye contact,
(3) Gesture/ No eye contact, and (4) Gesture/Eye contact

Cond. Sub. (SE) Verb (SE) Obj (SE) Ad. (SE) All (SE)
1 0.63 (0.04) 0.46 (0.05) 0.26 (0.03) 0.29 (0.03) 0.41 (0.02)
2 0.57 (0.05) 0.40 (0.06) 0.31 (0.04) 0.33 (0.04) 0.40 (0.04)
3 0.67 (0.05) 0.53 (0.06) 0.31 (0.03) 0.28 (0.03) 0.43 (0.03)
4 0.68 (0.04) 0.60 (0.06) 0.35 (0.04) 0.23(0.04) 0.48 (0.04)

As with gestures, the use of eye contact was expected to help partici-
pants remembering the verbal message. Contrary to these expectations,
the hypothesized main effect of the Gaze factor was not supported by
the data.

Beside the expected main effects of iconic gestures and eye con-
tact, both of these factors were expected to show an additive effect:
the combined effect of gestures and eye contact on message retention
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(a)

(b)

Figure 6.3.1: Average retention scores for the entire verbal message (‘over-
all’) and various parts of the message. Error bars represent standard error.
*p < 0.05.

was expected to be greater than the effect of either factor separately.
However, such an effect was not found.

Looking at the graphs in Fig. 6.3.1 there seems to be a partic-
ular pattern in the retention scores elicited by the different parts of
the presented sentences: grammatical subjects are remembered best,
followed by verbs, grammatical objects and adverbial phrases, in that
order. A set of post-hoc comparisons shows that these differences are
indeed statistically significant: retention rates for grammatical subjects
were higher than those for verbs (p < 0.001), retention rates for verbs
were higher than those for grammatical objects (p < 0.001) and reten-
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tion rates for grammatical objects were higher than those for adverbial
phrases (p < 0.001).

The participants’ previous experience with the robot was found to
have no significant effect on retention scores. It also did not interact
with the effects of gestures or eye contact.

6.3.2 Questionnaire results

As explained in Section 6.2.4, the Godspeed questionnaire was used
as a control in our experiment, to check whether novelty of the robot
could have influenced our other results. Statistical analysis of the ques-
tionnaire data showed no significant differences between participants’
ratings of Nao before and after the interactions.

6.4 Discussion

6.4.1 Effects of gestures on recall

The observed positive effect size of iconic gestures on recall of the verb
(η2p = 0.287) can be considered large, being greater than 0.138 as Co-
hen [51] suggests. This effect may be explained in a number of ways.
Firstly, gestures may simply attract attention, increasing the salience
of the accompanying verbal message. In this context, the content of
the gesture is irrelevant; any movement can attract attention, whether
it is related to the content of the message or not. If gestures simply
attract attention, one would expect that those parts of the sentence
accompanied by movement would show higher retention rates. Due to
the duration of the gestures used in our experiments, not only the verb,
but also the subject and in many cases the object of the messages were
accompanied by movement. However, only retention of the verb, which
was the only part of the sentence depicted by the iconic gesture, was
shown to be improved by the presence of the gesture. Then, it seems
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more likely, that the semantic content of the gesture had an influence
on the retention score and not just the movement itself. According
to Begg and Paivo [27] the visual nature of gestures may help the lis-
tener to store the entire message as a visual scene, again facilitating
later retrieval. Here gestures aid retention the most when they depict
some part of the verbal message, as only such a gesture would help
the receiver to form a visual representation of the scene described in
the message. However, this too would suggest that even an action-
depicting gesture, which relates only to the verb of the message, should
cause better recall of all parts of the message, not just the verb that
is depicted in the gesture, as the entire message is stored as one vi-
sual representation. The results of our research, however indicate that
action-depicting gestures have a specific positive effect on recall of the
verb. One possibility is that the semantic meaning of the depicted ac-
tion is used to aid retention, as this could explain a differential effect
of retention of verbs having the same semantic meaning. This idea is
consistent with a participant’s remark: one participant noted that in
the retrieval stage of the task (i.e., when filling out the answer form),
he tried first to remember what gestures he saw the robot making and
then inferred from these gestures the messages that went with them.

6.4.2 Effects of gaze behaviour on recall

As mentioned in Section 6.3.1, the Gaze factor was not found – contrary
to expectations – to have any significant effect on message recall. This
result may be caused by a number of factors. Firstly, it may simply be
the case that gaze cues are not an effective means of boosting message
recall. However, given the evidence in the literature for the existence of
an effect of gaze behaviour on recall, this option seems unlikely. There
are many details of our implementation of eye contact that may have
interfered with the effect of gaze on recall even though participants
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noticed that in the ‘eye contact’ condition the robot was looking at
them whereas in the ‘no eye contact’ condition the robot was staring
away. The gaze behaviour used in our experiment was based on work
by Mutlu et al. [121], who found that participants who were looked at
more by a robot while it conveyed a spoken message remembered the
message better. Looking at an interlocutor while speaking, however,
does not necessarily constitute natural gaze behaviour. In fact, Mutlu
et al. note that “speakers might look away from their addressees to
indicate that they are in the process of constructing their speech and
do not want to be interrupted, and look at their addressees to signal
the end of a remark and the passing of the floor to another participant”
[123, p. 62]. From this perspective, constantly looking at participants
during a verbal presentation, as Nao did during our experiments, may
be unnatural. This problem, however, does not seem to have affected
results for Mutlu et al. [121]. A possible reason for the differences be-
tween the work of Mutlu et al. and our research may be the differences
in the experimental setting. In the setting used by Mutlu et al [121],
two participants were present during the robot’s verbal presentation.
As a result, the robot could shift its gaze from one participant to the
other. In our research, only one participant was present during the ex-
periment. As a result, the robot could not shift its gaze toward another
person, but could only shift its gaze away from the participant. This
may have changed the way participants interpret the gaze behavior.

When a speaker looks away from a listener to look at a second
listener, this may signal that the second listener is now the intended
receiver of the speaker’s message. The first listener may then pay less
attention because the message is apparently not intended for him. If
there is no other listener, however, this argument does not hold. When
a speaker looks away without apparently looking at something or some-
one else, this may simply be understood as a contemplative stare, which
has no implications for the required attention of the listener.
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6.4.3 Differences Between Parts of the Sentence

It is clear from our results that not all parts of the sentences pre-
sented to subjects are equally difficult to remember. It seems the
grammatical subject of the sentences was easiest to remember, followed
by the verb, grammatical object and adverbial phrase, in that order.
These differences may be seen as a simple primacy effect, caused by
the parts’ positions in the sentence (i.e. earlier parts are remembered
better)[120, 126, 127]. On the other hand, the subject and verb may
be more memorable because of their function in the sentence (i.e. more
‘key’ parts of the sentence are remembered better)[113]. The latter ob-
servation hints to the possibility of using iconic gestures to depict the
object or the adverbial part of the sentence which appear to be more
difficult to memorize but they are probably more difficult to demon-
strate with gestures.

6.5 Conclusion

The effects of iconic gestures and directed gaze behavior on message
retention in human-robot interaction were investigated in a series of
experiments. A humanoid robot gave short verbal messages to partic-
ipants. These messages were accompanied either by iconic gestures or
no gestures, and during its verbal presentations, the robot either made
eye contact with the participant or looked away. It was expected that
both gestures and directed gaze would help participants remember the
content of the messages later in a free recall task.

Results show that the use of iconic gestures indeed aids retention,
but only of the verb to which the action-depicting gestures pertain.

Literature suggests that participants remember a verbal message
presented by a robot better when the robot looks at them more, but this
result could not be replicated in our research. Possibly, this indicates
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that the description “looking at the addressee” is an oversimplification
of the relevant non-verbal cue; the setting (environment, task) largely
determines how the robot’s gaze behaviour is interpreted.

In conclusion, our results show that action-depicting gestures aid
verbal communication but we found no similar effect of gaze.
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He who fails to plan is planning to fail.

Winston Churchill

7
Attitudes towards socially–assistive
robots in intelligent homes: Results

from field trials.

7.1 Introduction

In Europe life expectancy is higher than in the past, and as already
reported in Section 1.1, the number of seniors aged 65 and above con-
tinues to increase, whereas the economically productive proportion of
the population decreases [43, 80]. Elderly people need support due

This chapter was published as:
Torta, E., Oberzaucher, J., Werner, F., Cuijpers, R. H., and Juola, J. F. (2012).
Attitudes towards socially assistive robots in intelligent homes: Results from labo-
ratory studies and field trials. Journal of Human-Robot Interaction, 1(2), 76-99.
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to their declining capabilities and also to age-related illnesses. Age-
ing societies would benefit from the design of “intelligent” homes that
provide assistance [159]. Such systems can assist elderly persons ef-
fectively in everyday tasks such as communication with the external
world and provision of medicine and health check reminders in a proac-
tive fashion [46]. Furthermore, recent studies suggest that, contrary
to expectations, elderly people tend to show positive attitudes toward
existing technology in the home [116]. Elderly people often experience
reduced mobility within the home and high levels of stress and anxiety;
therefore the correct choice of interfaces between the assisting environ-
ment and the user is of extreme importance.

In the present context, the EU-FP7 project KSERA (Knowledge-
able Service Robots for Ageing) aims at designing, developing and
demonstrating a modular approach to seamlessly integrating an in-
telligent home environment, able to ubiquitously monitor the elderly
person with the small humanoid robot Nao by Aldebaran Robotics [1].
In our project, the robot serves the function of proactive interface be-
tween the intelligent environment and the user. The robot also has
the psychological function of motivating the user to adopt a healthier
lifestyle and, in general, to increase the user acceptance. Indeed, previ-
ous research suggests that people’s attitude toward robots seems to be
positive when people are shown that robots might take over household
chores such as cleaning the kitchen or the bathroom [24]. The fact
that people show a positive attitude toward the robot is of importance
because, in most scenarios, the robot is the most visible component of
the system and from a user’s perspective it is likely to determine the
level of acceptance of this assistive technology.

The present chapter describes work done within the KSERA project
to assess peoples’ attitudes toward a socially assistive robot in relevant
scenarios for the project domain. In particular, we report the results of
the first iteration of the project’s field trials.
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7.2 Related work

More and more robotic applications have been developed that can pro-
vide assistance to people in general and to older people in particular.
This assistance can be roughly divided into social and functional sup-
port. Functional support can come in the form of a proactive interface
which reminds or instructs people about a specific task such as the nurs-
ing robot Pearl [135] or the Korean robotic language teacher EngKey
[107]. Robots can also provide forms of mobility aids such as intelligent
walkers [186], wheel chairs [175], or exoskeletons [142]. Social support
typically aims at reducing social isolation and enhancing well-being.
Most successful are the artificial pets, like the PARO robot which helps
patients relax [178] and Ugobe’s Pleo robot, a small robotic dinosaur
that one needs to pet and train [94].

Although the media “equation” suggests that people tend to look at
technological artefacts as social actors [70, 105, 139], the social skills of
more serious service robots are still far from being completely effective.

Human traits, such as personality [106] or moral accountability [90],
can be attributed to robots and this raises expectations for the robot’s
social competence. A special class of social robots is the so-called so-
cially assistive robots, which provide functional help in the form of
social interaction with users [62]. In other words, the robot’s physical
embodiment and multimodal communication channels allow it to com-
municate with users (verbally and non-verbally) in a social manner so
that users benefit from communication or, more generally, from inter-
action and not just from the robot’s physical abilities, e.g., carrying
things. As a consequence, socially-assistive robots might be perceived
as companions by users. As such they can reduce the feeling of social ex-
clusion and are helpful for decreasing the level of stress, both common
problems of ageing (for reviews see [29, 38]). Autonomous socially-
assistive robots need to possess a wide range of social and cognitive
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skills that should be seamlessly integrated in order to enable them to
interact effectively [53]. The nature of these skills, social and cogni-
tive, varies according to the domain in which the robot is deployed.
Several EU-projects have addressed issues related to modelling, defin-
ing and implementing social and cognitive skills in socially-assistive
robots. Most of them focus on the domain of ageing. As an example,
the EU-FP6 project Cogniron (The COGNItive RObot companion),
presented several results related to the study of social distances between
robots and people (i.e.,[84, 161]) and on human–robot communication
(i.e.[50, 108]). Along the same line, the EU-FP7 project Companionable
focuses on integrating a companionable robot in a smart home environ-
ment for general purposes (for an overview of the project findings, see
[85]).

7.3 User needs and hypothesis

The KSERA project has followed a socio-technical perspective to define
technical features while taking into account the social aspects posed by
the field of application [138]. This has been realized through iterative
user involvement in the design process and through the identification of
their needs, objectives, and living contexts. During the initial KSERA
research phase, qualitative methods (free discussions, semi-structured
interviews, and focus groups) were used to identify central user needs
for primary (older people) and secondary users (family members, in-
formal and formal caregivers, medical professionals, and patient orga-
nizations). The results were discussed with medical experts from the
Austrian Lung Union (ÖLU), heads of the lung disease unit in Vienna
hospitals and experts at Maccabi Healthcare facilities (Israel). During
this process, the following user needs were identified as being central
for the primary users:

UN1 Users with walking difficulties need a system that has a mobile
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interface that can approach them.

UN2 Users need a solution when they feel isolated, are lonely, and
miss social contacts. Users need to be in contact with their fam-
ilies, (remotely) see and speak to them, and to talk with medical
caregivers.

UN3 Users need to be reminded to take the right medication at the
right time.

UN4 Users need motivation to do physical exercises and need positive
feedback about the accomplishment of personal goals.

UN5 Users need to know whether the outside environmental condi-
tions are safe to go for a walk.

UN6 Users need help (an emergency call) when their vital signs are
outside the normal range.

The user needs (UN1–UN6), which a combined smart home/robot sys-
tem can address, are very diverse in nature. In principle, all of them
could be addressed by dedicated solutions. As an example, the pos-
sibility of ubiquitously communicating with the user (UN1 and UN5)
can be fulfilled by a loudspeaker system distributed in a smart envi-
ronment or by a smart phone [100]. Showing healthful exercises (UN4)
can be achieved by virtual agents such as avatars [88]. However, many
solutions are infeasible: the loud-speaker system may be difficult to
hear, the smart phone can be considered impersonal, and avatars on a
screen may be out of reach because the user is in a different room. A
mobile socially assistive robot could potentially provide a large number
of services that otherwise would have to be carried out by a variety of
dedicated systems. The flexibility of robots comes at the price of ef-
ficiency and simplicity. Indeed, dedicated solutions are, by definition,
optimized for solving a specific task and, therefore, under a functional
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perspective, they are likely to show better performance. In any case,
people will likely attribute more social skills to robots than to other
devices. In turn, this is expected to lead to higher levels of accep-
tance and increased levels of likeability. Some research suggests that
people tend to attribute human-like characteristics to socially-assistive
robots [70, 105] and regard them more as companions than as tools
[20, 178]. So we expect that (H1) socially assistive robots, as interfaces
with the smart environment, should generate more positive feelings in
the user than other technological means. From a user perspective, the
robot is the most visible component of the intelligent assistive system.
Therefore it is likely that attitudes towards the robot will result in high
correlations with the attitudes towards the system. Thus (H2) if the
robot is perceived as friendly and likeable, the entire assistive system
is perceived as friendly and likeable, and users will be more likely to
accept it. When people talk to each other, they often make gestures
such as hand movements that accompany speech (see [16] for a review
of how gestures correlate with speech and speech content). Humanoid
robots have a shape comparable to ours; therefore people tend to expect
them to produce co-speech gestures or, in general, to move their faces,
arms, and bodies consistently with the task they are accomplishing.
Therefore, it seems reasonable that (H3) attitudes toward the robot
should improve when the robot uses gestures in communication.

7.4 Field trials in Austria and Israel

The aim of field trials was to evaluate the complete KSERA system
in a real–world environment with real end users. The field trials were
carried out at two test sites, one being a senior citizen home in the
“Living Lab Schwechat” (Austria) and the other being a senior citizen
home in Tel Aviv (Israel). A full-featured KSERA system installation
was undertaken in both facilities which we will describe first.
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7.4.1 Description of the KSERA system

The KSERA system consists of a smart home environment with devices
for measuring air quality and for monitoring the user’s health, a Nao
robot that acts as an interface to the system and various sensors to
support the functioning of the robot. Navigation was based on the per-
sonal space model derived from the results of the user study presented in
Chapters 2 and 3, the details of which are reported in [171, 172]. Robot
and person localization were achieved by means of a ceiling mounted
camera [185]. Details on the integration of intelligent algorithms for re-
alizing navigation in a cluttered environment and the description of the
computer vision algorithms used during interaction between the person
and the robot can be found in [184]. A ceiling–mounted microphone was
used for basic speech recognition. Two sensors were present in the envi-
ronment: a pulse oximeter (a sensor for measuring blood oxygen level)
and a temperature sensor. The camera, the robot, and the sensors were
connected to the KSERA server via blue-tooth or WiFi wireless con-
nections. Communication between processes within the KSERA server
was achieved through the Robotic Operating System (ROS) [137]. The
KSERA server was connected to the external world to derive informa-
tion about the outside weather conditions. A schematic version of the
interconnection of components within the KSERA installation is shown
in Fig. 7.4.1.

Experimental set-up

Participants experienced the KSERA system in an environment mim-
icking a real user environment. In addition to the KSERA system, the
home environment was equipped with additional cameras and micro-
phones for recording the user’s behaviour during interaction sessions.
A dedicated tester workstation (Fig. 7.4.1) was used for monitoring
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Figure 7.4.1: Schema of the KSERA installation and the connection of the
components.

and recording the trials. The system logs were recorded as well as the
video from three different cameras: two positioned on the walls and
one on the ceiling. The audio stream was also recorded. The data
allowed a retrospective interpretation of the test results in addition to
live observation. Fig. 7.4.2 shows the map and the test environment
and the location of the system components in the Living Lab Schwechat
in Austria.

7.4.2 Participants

The field trials involved a group of 16 elderly people (ages 71–90, mean
age 77 years; 2 male, 14 female). Exclusion criteria were cognitive
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(a) (b)

Figure 7.4.2: 7.4.2a Test room floor plan of the Living Lab Schwechat
—dark grey: researcher components and user positions; light grey: KSERA
system components; white: robot starting position. 7.4.2b Camera images
from the Living Lab Schwechat

impairments and physical impairments that prohibited conducting the
physical training scenarios.

7.4.3 Design

During the trials, users experienced three different test cases
(TC1–TC3), which addressed some of the user needs described in Sec-
tion 7.3.
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Test Case 1 (TC1).

The first test case, TC, (see Fig. 7.4.3), addresses the user needs UN1
and UN3. The robot navigated to the participant and stopped when it
reached the target point (UN1). The robot then checked whether the
person was paying attention to it using head pose estimation, see [174].
For attracting attention, the robot first used speech, saying “Please look
at me”; if this was not enough (indicated by the person not looking at
the robot), it waved its hands and blinked its eyes. The sequence was
chosen based on the results of the user study reported in Chapter 5,
there we saw that speech generated the shortest reaction time when a
robot tried to get a person’s attention, followed by waving the arms and
blinking the eye-LED. When the user paid attention to the robot, the
latter asked the user to measure the blood-oxygen level (UN3) using the
pulse oximeter, a wireless measurement device. The robot then con-
nected to the KSERA database, read the measurement and, according
to its value, uttered a speech message as feedback on the measurement.

Figure 7.4.3: Flow chart of Test Case 1.

Test Case 2 (TC2).

The second test case, TC2, addressed UN1 and UN4, and its flow chart
is reported in Fig. 7.4.4. The robot navigated toward the exercise posi-
tion (UN1) and, when it reached the destination, started demonstrating
the health exercise (UN4). Exercises were based on a physical training
video usually used at Maccabi Healthcare Center (Israel) and consisted
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of typical physical training exercises for older people. When the exer-
cise terminated the robot provided feedback to the user and the test
case ended.

Figure 7.4.4: Flow chart of Test Case 2.

Test Case 3 (TC3).

The third test case addressed UN5. The robot informed the user about
the weather conditions, gathered through the KSERA system from a
web service provider. The flow diagram is shown in Fig. 7.4.5.

Figure 7.4.5: Flow chart of Test Case 3.

7.4.4 Procedure

Participants entered the test facilities and were welcomed by the exper-
imenters. Participants received a general explanation of the technology
present in the test setting (robot, camera, pulse oximeter, and temper-
ature sensor) and signed the informed consent form. This phase was
conducted without the robot being visible. Participants then entered
the test room. Two experimenters were seated out-side the test room
and one experimenter was standing at the door of the test room. Par-
ticipants then experienced the three test cases. The order of the test
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cases was fixed: TC3, TC2, and TC1. At the end of the third test
case, participants evaluated their experiences by answering some ques-
tionnaires. These consisted of (Q1) the Godspeed questionnaire [22]
and (Q2) the KSERA Quality of Life questionnaire [128] (both ques-
tionnaires are reported in Appendix C). Furthermore, specific questions
(Q3) were asked concerning the use of the robot as a personal assistant
during physical training. Answers were given on a Likert scale from
“very much” to “not at all much”. The questions were as follows:

3.1 How much is Nao motivating me to do the task?

3.2 Is Nao motivating me more than a human trainer?

3.3 Is Nao motivating me more than a standard training-plan?

Each participant took part in the experiment twice. The time between
two iterations was 2 weeks. During the second iteration, participants at
the Schwechat test site performed each test case first with the robot and
then with a stationary touchscreen to allow for a comparative evalua-
tion. The touchscreen is a smart home user interface (GUI) developed
for the ICT-ISP project Long Lasting Memories1. The test cases with
the touchscreen had the same flow of events as the test cases with the
robot Nao, except from the initial phase in which the robot walked to
the user. Instead, the touchscreen was already placed close to the user.
At the end of the last test case (TC1), participants at the Austrian test
site (n=8) filled an additional questionnaire (Q4) in order to compare
their impression of the robot Nao with the impression of the touch-
screen. For each item of the questionnaire, participants had to choose
between the robot, the GUI or both. Questions were of the form “which
system do you think is better for... ? ” :

4.1 motivating you to do a task.
1http://www.longlastingmemories.eu/
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4.2 informing you.

4.3 raising your attention.

4.4 explaining exercises.

4.5 motivating you for doing exercises.

4.6 using in your own home.

4.7 receiving important information.

4.8 easily informing you.

The language of the experiment (including questionnaires and lan-
guage spoken by the robot) was English in Israel and German in Aus-
tria.

7.4.5 Results

The analysis of the answers given to Q1 and Q2 (16 participants at
both test sites), shows that the KSERA system and the robot were
both rated as likeable. Indeed, the mean scores were all significantly
greater than 3, the middle point of the Likert scale from 1 to 5 (p < 0.01

for both the system and the robot). The score for the likeability of the
robot Nao was higher than the score for the likeability of the system and
reached a mean value of 4.28 (mean = 4.28, SE = 0.16). The KSERA
score for likeability reached a mean value of 3.68 (mean = 3.68, SD =
0.23). The perceived enjoyment (PE) of the KSERA system was also
rated positively (mean = 4.32, SD = 0.19). The results are graphically
reported in Fig. 7.4.6.

The attitude toward the robot presents a high correlation with the
attitude towards the system which is not surprising considering that
the robot is the most visible component of the KSERA system. Indeed,
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Figure 7.4.6: Users mean ratings of Nao likeability, KSERA likeability, and
KSERA perceived enjoyment (PE). Error bars represent standard deviations

Nao likeability was significantly correlated with KSERA likeability (r =
0.64, p < 0.01) and with KSERA perceived enjoyment (PE) ( r = 0.66,
p < 0.01). In both cases the correlation is positive. The distribution of
the data points in both cases is shown in Fig. 7.4.7.

The analysis of the answers given to Q3 (16 participants at both
test sites), which is shown in Fig. 7.4.8, shows that 71% of the trial
participants reported that Nao was motivating them “very much” or
“a lot”. As an expected result about 75% of the participants reported
that a human trainer would motivate them more than Nao. However
82% of the participants rated Nao to be a better motivator than stan-
dard training plans they use in daily life. The analysis of the answers
given to Q4 (8 participants only at the Schwechat test site), which is
graphically reported in Fig. 7.4.9, allows a comparative evaluation of
the Nao and of a stationary touch screen (GUI) as an interface. The
results show that the robot is preferred for motivating the user to do
a task (71%), for raising attention (62%), for motivating to do exer-
cise (50%) and for explaining the task (62%). Participants also reported
that the robot would be the preferred system for use in their own homes
(50%). However, the traditional touch screen interface was preferred
for retrieving information (86%), for very important information (88%)
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(a)

(b)

Figure 7.4.7: Comparison of the likeability of the robotic component vs. the
likeability of the system (a) and vs. the PE of the whole system (b).
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Figure 7.4.8: Results of the questionnaire Q3. Percentages are reported in
the graphs.

and for easily providing information (62%).

7.5 Discussion

In the present chapter, we presented the results of the first iteration of
the KSERA field trials. In the field trials, we evaluated with real end
users in three real–world scenarios a system which integrates a robotic
artefact with a smart home. The first hypothesized added value that
we addressed was that (H1) “socially assistive robots, as communica-
tion interfaces, generate more positive feelings in the user than other
state–of–the–art smart home interfaces”. The results of the KSERA
field trials show that participants tended to prefer conventional inter-
faces (touch screen) for receiving information. So our results suggest
that, in terms of efficiency of information transfer, conventional systems
seem to be better. This is not so surprising, however, because conven-
tional systems are designed to do this and only this. Another factor
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Figure 7.4.9: The pie charts indicate the relative percentages of participants
who preferred the Nao robot (blue), the GUI (red), or who were indifferent
(green).

that may have played a role is that robotics systems are still frailer than
conventional user interfaces. This might have induced users to prefer
more robust technological artefacts for receiving information because
they required lower levels of mental efforts. Indeed, previous research
on attitudes of elderly people toward conventional home technology re-
ports that people tend to have negative attitude toward technology that
demands increasing efforts or higher levels of mental efforts [116]. Nev-
ertheless, during the field trials participants reported that Nao would
motivate them more than a standard touch-screen for accomplishing
a task. Therefore, according to our results from field trials and user
studies, robots appear to be more likeable than state–of–the–art smart
home interfaces and, thus, they generate more positive feelings. The
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second assumption (H2) that we formulated is: “If the socially assistive
robot is perceived as friendly and likeable, the entire assistive system is
perceived as friendly and likeable and users will tend to accept it”. The
results of the field trials show that there is a significant positive corre-
lation between the scores related to the likeability of the robot Nao and
the scores related to the likeability of the overall KSERA system. Al-
though the correlation analysis does not show which variable causes the
observed correlation, it is reasonable to say that the likeability of the
KSERA system is caused by the Nao as the robot embodies the KSERA
system and it is its most visible component and the main user inter-
face. The third assumption (H3) that we have formulated states that
“the attitude towards the robot improves when the robot shows hand
gestures”. The results of the user study reported in Chapter 5 showed
that people tended to judge a waving gesture as a more friendly way
of attracting attention when looking at TV news. This effect might be
due to the expectations that users may have about how the Nao robot
moves. If the robot gesticulates like humans, user’s expectations are
more likely to be met. This in turn is expected to improve likeability.
Also, results of the field trials suggest that the robot is better perceived
when it moves its limbs consistently with the tasks to be accomplished.
This hypothesis was not evaluated directly during the field trials, but
results showed that participants, in general, preferred the robot for
physical training as opposed to standard training platforms.

7.6 Conclusion and future perspectives

The present chapter reported work related to the EU-FP7 project
KSERA, a project that aimed at introducing a socially assistive robot
in a smart home environments. In particular, the chapter gave an
overview of the results of the first iteration of the project’s field trials
carried out in senior citizen centers in Schwechat (Austria) and Tel Aviv
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(Israel). Beyond the functional results, related to the realization of an
intelligent environment, with a distributed sensory network (robot and
sensors), the results of the field trials suggest that socially assistive
robots, as embodied agents, positively affect user experience compared
to standard smart environment interfaces such as touch-screens. Even
though already existing communication interfaces might still provide a
more functional way of communication, robots appear to be perceived
as better motivators. But it still remains a challenge to assess whether
this effect holds for interactions that span a longer period of time.
Perceiving robots as better motivators suggests that socially assistive
robots can act as persuasive agents [68] in smart home environments
more than standard interfaces. The persuasive power of robots might
be used to trigger healthier behaviours. Nevertheless, socially assis-
tive robots are still far from being robust technological artefacts, and
users are still more efficient and experienced with standard technol-
ogy as a tool for communication and information exchange. However,
our results confirm the great potential of embodied systems to interact
with people in a wide variety of tasks. People tend to have positive
feelings towards the socially assistive robot, and because the robot is
the most visible component of the system, such attribution is likely
to steer the acceptance of the entire assistive environment in a posi-
tive way. The robustness and safety of assistive technology, that uses
socially assistive robots as communication interfaces, still need to be
improved, but perhaps more importantly the social skills of robotic
agents need to be developed so that they can tap into this great poten-
tial of embodied systems. This chapter presented results of field trials
that spanned two interaction sessions, therefore the results should be
interpreted in a short range perspective. Nevertheless our results can
provide hints, indications and specifications to other researchers when
designing smart homes with the inclusion of socially-assistive robots
for the care of elderly people. Ideally, long term effects are studied in
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longitudinal experiments where the user is exposed to the system for an
extended period of time. For the inclusion of socially assistive robots
in smart homes this would imply deploying a system that includes the
robotic artefact in the homes of the elderly people for at least a couple
of weeks. With the current state of the art this is extremely difficult as
robots are still not robust and safe enough for long term autonomous
operation with naïve users. Indeed many successful field trials which
include socially-assistive robots are severely constrained in terms mo-
bility of the robot and functionalities of the system. As an example
[178] reported the results of long term interaction session with the seal
robot PARO, but the robot cannot move autonomously around and did
not provide any functional help other than company.

In the next iteration of the KSERA field trials, participants will
interact with the socially assistive robot in an intelligent home for a
longer period of time and for more sessions. This will likely allow us to
get a better understanding of how users’ attitudes towards the robot
change over time. We will also extend the test cases of the KSERA
system to address UN2 and UN6 which was not possible to address
in the current iteration. The test scenarios presented in this chapter
did not address user needs UN2 and UN6. The functionalities of the
KSERA system have been further extended for including test cases that
address also these user needs.

In the KSERA project as well as in any cross-cultural human–robot
interaction project the cultural background of the developers, the ex-
perimenters, and the trial participants have an influence on the research
results [31, 55, 56]. In order to minimize this influence during the field
trials, several measures were undertaken. Scenarios shown were prese-
lected based on the comparability between Austria and Israel in a way
that circumvented known issues such as differences in the acceptance
of passing personal data, differences in living situations at home (e.g.,
having an air conditioning system or not), and differences in the un-
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derstanding of robot behaviour. Regarding robot behaviour, relevant
parts of the interaction between the robot and the human (e.g., speech
generation, content) were customized to the local setting. Gestures per-
formed by the robot were adapted to ensure the correct comprehension
of gestures by all trial participants. During the trials, the researchers
and trial participants always had the same cultural background in order
to avoid misunderstanding, which is also stressed as one of the major
problems in cross–cultural human–computer interaction testing [176].
Nevertheless, it is possible that differences in cultural socialization of
the trial participants have influenced the results of the field trials, but
this is hard to ascertain and avoid. In our project, cross-cultural teams
analyzed the quantitative and qualitative data to identify trial site and
culture–dependent results in, e.g., questionnaire data. Regarding the
results presented in this chapter, no cross-cultural influence could be
found.
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The First Law of Robotics:
A robot may not injure a human being or,
through inaction, allow a human being to come
to harm.

Isaac Asimov, I, robot

8
Evaluation of a small

socially–assistive humanoid robot in
intelligent homes

8.1 Introduction

Recently, a number of robotic research projects have attempted to de-
ploy and evaluate assistive robotic solutions in real home settings. Such

This chapter was submitted as:
Torta, E., Werner, F., Johnson, D.O., Juola, J. F., Cuijpers, R.H., Bazzani, M.,
Oberzaucher, J., Lemberger, J., Lewy H. and Bregman J. (2014). Evaluation of
a small socially–assistive humanoid robot in intelligent homes for the care of the
elderly (in press). Journal of Intelligent and Robotic Systems.
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solutions are especially designed for the care of the elderly whose num-
ber is expected to increase to 1.5 billion people by 2050 [7].

By “care for the elderly” we mean a broad set of services which
can be provided by technology in general, and robotics in particular,
spanning from home chores to interactive cognitive training and com-
panionship. Even though the aims of the research are similar, the
methodologies differ with respect to the robot being deployed and its
level of autonomy, the integration with other types of assistive devices,
the scenarios in which interaction between the robot and the person is
evaluated and the time span of interaction.

The majority of the projects that evaluated user acceptance of
robotic solutions in home environments deployed wheel based mobile
platforms with a touch screen that functions as a User Interface (UI).
The robot could be designed to be autonomous (e.g., Kompaï [5] used
in the Domeo Project [3] and ScitosG3 [6] used in the Companion-
able project [2]) or to be a Mobile Remote Presence (MRP) device
(e.g., Giraff [4] used in the Excite Project [44] and Texai from Willow
Garage [8]).

Positive evaluations of MRP robots by elderly people and care givers
have been reported by a number of authors with short–term [25] and
long term trials [45, 75]. Beer and Takayama [25] asked 12 elderly
people to steer the robot Texai in a remote location and to receive a visit
from a confederate through the robot Texai. Thus elderly people could
experience the MRP robot from a pilot and a primary user perspective.
Results were gathered through semi-structured interviews and indicated
that the elderly people appreciated visualizing other people through
the robot and found it convenient not to move from their house to have
a meeting. Observations during the study also reported that, when
steering the robot, participants had difficulties in navigation due to
poor spatial information. Positive evaluations of MRP robots appear
to persist over longer periods of time too. Within the context of the
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Excite Project [44], Cesta et al. [45] and Gonzalez et al. [75] evaluated
user acceptance of the MRP robot Giraff over one year by introducing it
in the homes of two elderly people in Italy [45] and three elderly people
in Spain [75]. Results of semi structured interviews showed that the
participants rated the use of a MRP robot positively. However, both
studies showed that different levels of autonomy of the MRP robot are
needed, especially with respect to difficult operations such as navigation
to the docking station. Results from Cesta et al. [45] also showed that
forms of ambient intelligence are needed when, for example, the pilot
steering the robot needs to approach the user, but no information is
given on where to find the user.

Research has also investigated users’ acceptance of autonomous
robots in home settings, but for shorter periods of time (one to five days)
in contrast to the one year evaluation reported by Cesta et al. [45] and
Gonzalez et al. [75]. Pineau et al. [135] were one of the first to evaluate
the acceptance of autonomous socially–assistive robots by older adults.
They conducted five days of experiments in a retirement community
located near Pittsburgh in the USA. In each scenario, the robot was
required to provide a timed reminder (e.g., a scheduled appointment)
to the participant, lead the participant between locations in the facil-
ity, and verbally interact with the participant. Post-experimental de-
briefings were used to evaluate acceptance of the robot. More recently,
Schroeter et al. [149] presented results on the realization and evaluation
of a socially–assistive robot deployed in a smart-home environment. Six
pairs of elderly people were asked to spend two days (day-time hours)
in a smart-home in Belgium and the Netherlands. One person of the
couple was elderly with mild cognitive dementia whereas the other was
an informal care giver. Each day they experienced five to six sporadic
interactions with the robot including cognitive training and a video
call. Data were gathered with observations and interviews at the end
of the day. Qualitative results showed that people perceived the robot
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as a social entity, attributing to it traits such as personality and mood.
Results from the interviews also revealed that the primary user rated
the robot as highly enjoyable whereas the informal care giver stressed
its usefulness.

On the other hand, research on users’ acceptance of autonomous
humanoid socially–assistive robots in smart-home settings has received
little attention. Much work has focused on deploying humanoid robots
in home settings to accomplish just one single task such as stimulating
users to perform physical activity [60, 93, 182].

This is the case of the robot Autom by Kidd and Breazeal [93] which
was developed to function as a weight loss coach. Participants inter-
acted with Autom twice a day (for three to five minutes each session)
during one month. The robot provided them with suggestions on how
to burn more calories in that day. The relationship between Autom
and the participants was evaluated with the Working Alliance Inven-
tory (WAI) [83] (a questionnaire that tracks the development of trust
and believing in common goals between a therapist and a patient).
Weight loss was also measured at the end of the month. Compared
to control groups, who only had a paper log or laptops, participants
who interacted with the robot were engaged with their coach signifi-
cantly more. However, weight loss did not change significantly between
groups.

Results of Kidd and Breazeal [93] are in line with previous research
by Bickmore and Picard [36] who were one of the first to deploy an intel-
ligent (virtual) agent that could establish a long term social-emotional
relationship with people for longer periods of time. Also in their re-
search, the goal of the agent was to stimulate people to exercise more
and the evolution of the relationship between participants and the agent
was evaluated with the WAI questionnaire. A comparison between the
WAI scores of a group, who experienced interaction with the relational
avatar, to control groups, who experienced non-relational avatars or a
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simple graphical interface, showed that the bond between the partic-
ipants and the agent was significantly better in the case of the social
avatar. However, no significant change in physical activity behavior
could be found between groups.

The present chapter reports results of the EU-FP7 project KSERA
(Knowledgeable SErvice Robots for Ageing) short–term and long–term
field trials that evaluated how elderly people accept a small humanoid
robot that acts as communication interface with smart-home technol-
ogy that is developed to complement the work of care givers. Unlike
the study of Kidd and Breazeal [93] and Fasola and Mataric [60] the
robot is the main communication interface between the smart-home
and the user and moves in the environment. Furthermore the capa-
bilities of the robot are not designed to interact with the user just in
one particular scenario (i.e. physical training) as reported in Kidd and
Breazeal [93] and Fasola and Mataric [60]. The robot interacts with
users in different scenarios which are similar to the ones reported by
Schroeter et al. [149]. In Schroeter et al. [149] six couples interacted
with the robot for two full consecutive days whereas in the trials pre-
sented in the present chapter, the interaction spans two to eight sessions
over a period of three months. Furthermore the robot used in the this
study differs from ScitosG3 used by Schroeter et al. [149] in two as-
pects: (1) ScitosG3 is not a humanoid robot and (2) ScitosG3 is larger
than the robot used in the present study. This paper is structured as
follows: Section 8.1 introduces the topic of user evaluations of domestic
socially–assistive robots and the research questions evaluated in this
paper. Section 8.2 defines the requirements upon which the assistive
system was developed. Section 8.3 reports the experimental method
used to test users’ acceptance. Section 8.4 reports experimental results
and Section 8.5 discusses the results and reports their interpretation.
Finally, Section 8.6 draws general conclusion and presents guidelines
for future work.
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8.1.1 Research question and hypotheses

In order to investigate user acceptance of a small humanoid so-
cially–assistive robot in real–world scenarios we formulated the follow-
ing main research question from which hypotheses were derived:

“How do older people accept a small humanoid robot that acts as a
communication interface with smart-home technology that is developed
to complement the work of care givers?”

In order to answer the research question we formulated the following
research hypotheses:

H1: Elderly people perceive the small humanoid robot as a com-
panion and social actor that does not generate feelings of anxiety.

H2: The positive effect of the robot persists over time.

8.2 Requirement specifications

In order to understand how we could design the intelligent assistive sys-
tem, we conducted three focus groups with primary users (n = 17, age
63–89) in Schwechat (Austria) who were recruited from local clubs for
older people. The focus of those meetings was to identify the general
needs of the older population and how they deal with disease man-
agement. Secondary user needs were gathered from interviews with
medical and care experts from the Austrian lung union. Needs and re-
lated system requirements for primary and secondary users are reported
in Table 8.2.1.

8.2.1 Mapping of user requirements on the system archi-
tecture

Based on the requirements reported in Table 8.2.1, we developed the
KSERA system whose architectural overview is represented in Fig-
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Table 8.2.1: Users’ needs and system’s requirements that were used to de-
velop the experimental scenarios. The table provides a description of the type
of user, the need, the system requirement derived from the need and the sce-
nario that shows how the assistive system provides a solution for the need.
The table also links the system’s components depicted in Fig. 8.2.1 to the
users’ needs.

ID Type of
user

Need/ Problem System requirement Scenario System
com-
po-
nents
(see
Fig. 8.2.1)

R1 Primary Difficulties walking Ubiquitous interface
between environment
and user

S3 C, B1

R2 Primary Feeling of isolation
and loneliness

Video communication
interfaces. Intelligent
social agents.

S2,
S3, S5

C, D

R3 Primary Compliance to
medication treat-
ment

Ubiquitous Sensing
Technology

S3 A

R4 Primary Physical activity Intelligent agents able
to show and monitor
physical activity.

S3 C

R5 Primary Knowledge of in-
ternal/external en-
vironmental condi-
tions

Temperature sensors
and weather web
services

S1, S4 A

R6 Primary Help in case of
emergency

Emergency sensors,
mobile interfaces,
change detection

S5 C

R8 Secondary Availability of
users’ present
and past health
information.

Storage of information
and remote connection

S3 A, B3

R9 Secondary Communication
with users

Video communication
interfaces

S5 D

R10 Secondary Receive alert when
measurements
are out of range
Change detection.

Medical rules data
base.

S3, S4 B2,
B3,
B4
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Figure 8.2.1: Outline of the KSERA system architecture. Each block
(marked with a capital letter) is developed to address one or multiple user
needs.

ure 8.2.1. The need for a ubiquitous interface that provides solutions
to R1 and R6 leads naturally to the use of a mobile robot. However,
if we want the robot to be perceived as a social agent (R2) and to be
able to show and monitor physical exercise (R4), employing a humanoid
robot appears to be one of the better solutions. Therefore the KSERA
system uses the humanoid robot Nao by Aldebaran Robotics [1] as the
main robotic platform. The robot is small and has limited sensory
capabilities, therefore localization is based on the image stream of a
ceiling-mounted camera (Fig. 8.2.1 block C) see Yan et al [185] for de-
tails. Employing a ceiling-mounted camera also allows for ubiquitous
localization of the person (R1). Compliance with medical treatment
(R3) and knowledge of environmental conditions (R5) is realized via
a distributed sensor network (Figure 8.2.1, block A). Input data from
medical sensors are stored in the central KSERA server (Figure 8.2.1,
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block B3) and are interpreted (Figure 8.2.1, block B2) according to
medical rules (Figure 8.2.1, block B4). This allows establishing when
measurements are out of range (R10) and lets the robot approach the
user (R1). Data are stored (Figure 8.2.1, block B3) and made avail-
able to care givers (R8). Video communication functionalities allow
connection between family members, care givers and the user (R9),
see Figure 8.2.1 block D. A description of the hardware components
deployed during the field trials is given in Appendix B.

8.2.2 Scenarios

We implemented five different scenarios to show elderly people the po-
tential of smart-homes and the small humanoid robot. Scenarios are
generated to cover the user needs presented in Table 8.2.1.

Scenario 1 (S1): Request environmental information.

The user requests the robot to check environmental conditions
and the robot informs the user about the current indoor and
outdoor environmental parameters.

Scenario 2 (S2): Play music and handle external calls.

This interaction flow simulates a recreational activity where the
user is listening to music being played by the robot and the robot
handling an external video call while playing music. Within this
scenario the robot localizes the user, places itself close to the user
and plays music for entertainment in front of him/her. A call from
a medical professional (technical experimenter sitting outside the
test environment) interrupts the music.

Scenario 3 (S3): Measuring blood oxygen level and physical
training.

The KSERA system detects that the user has not performed
a scheduled measurement. The robot goes to the user asking

155



him/her to perform the oxygen measurement. If the measure-
ment is interpreted as good the robot motivates the participant
to do physical exercises, otherwise a video connection with the
care center is activated (see Figure 8.2.2a).

Scenario 4 (S4): Critical environmental conditions.

The system warns the user of a possible danger if the user wants
to go outdoors (see Fig. 8.2.2b).

Scenario 5 (S5): Outgoing video call to a secondary user.

An outgoing video call is activated to a secondary user. If the
secondary user accepts the video call, the call starts. At the end
of the call the robot returns to an idle state (see Figure 8.2.2c).

8.3 Experiment

8.3.1 Participants

Eight older people (mean age 77 years, range (70 – 95)) were recruited
in Austria and took part in the experiment. Participants had to be
cognitively healthy and to be able to perform simple physical exercises
in a sitting position (assessment of the physical status together with
experts and employment of “Timed Up and Go”-Tests [136]). Further
their experience in technology was assessed by means of an ad-hoc
technology acceptance questionnaire and highly experienced users were
excluded since high technologic experience influences the acceptance of
technology positively (see also Broadbent et al. [37]).

Participants signed an informed consent form and agreed with the
audio and video recording of the trial. Most participants (n=6) took
part in two trial iterations; two quit the trials after the first iteration for
reasons of time schedule and because they lost interest in participating.
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(a) The robot shows physical
exercises and the participant
mimics them.

(b) The robot reports to the
participant that environmental
conditions are critical.

(c) The participant
calls a secondary user.
A beamer mounted on
the robot’s back projects
the video conference in-
terface on the wall.

Figure 8.2.2: Screen shots from the KSERA field trials from scenario 3 (a),
scenario 4 (b), and scenario 5 (c).
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Figure 8.3.1: Time schedule of the field trials. The sequence of interaction is
reported with the number of participants. Iterations during which participants
evaluated the robot are highlighted with a circle.

Two were randomly selected from the group to become “long–term”
participants. Each long–term participant took part in four additional
trials. In total 22 trial iterations were conducted 8 (participants) x
1 (trials) + 6 (participants) x 1 (trial) + 2 (participants) x 4 (tri-
als). A schematic representation of the trial’s time line is shown in
Figure 8.3.1. Participants were asked to fill in a questionnaire mea-
suring their acceptance after the first (S1) and second iteration (S2).
Long–term participants filled in the questionnaire after the first (S1),
third (S3), and sixth (S6) iterations.

8.3.2 Set-up

The evaluation was conducted in a usability laboratory mimicking a
room of a real-life user apartment located in a senior citizen center in
Schwechat, Austria. The room was equipped with the KSERA proto-
type system as described above. The layout of the experimental setting
is visible in Fig 8.3.2. The test environment was equipped with the fol-
lowing components:

1. A pulse-oximeter “Nonin 9560” which was used as an example of
a medical measurement device.

2. A ceiling cam used for localization of the robot and the user and
for navigation of the robot.
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Figure 8.3.2: Layout of the experimental room in the Schwechat senior cen-
ter where the KSERA field trials took place. The position of the robot and
the other components of the KSERA system is reported.
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3. Indoor environmental sensors for temperature and humidity.

4. The KSERA server running the KSERA system and a router
hosting the wireless private network used to connect the robot to
the system.

5. A dedicated personal computer used to simulate the care centre
during video communication.

6. Alternative UI (see Torta et al. [171] for details) displayed on a
touch screen used for comparison with the robot.

7. Domotic control system used to switch the light on and off within
a test.

Although participants could decide for themselves where they would
prefer to stay during the test, most participants chose to sit on the couch
as indicated by the label ”Typical User Position” in Figure 8.3.2. The
robot started all test cases at the spot marked alongside the entrance
door. Figure 8.3.3 shows the trial site. The picture gives an impression
of the real life condition (concerning furniture, arrangement, light and
sound conditions.)

8.3.3 Measurements

We used selected constructs of the Almere Model to evaluate the accep-
tance of the small humanoid robot. This questionnaire was specifically
developed for this application by Heerink et al. [79] to test the accep-
tance of assistive social agents by older users. It was adapted from
the Unified Theory of Acceptance and Use of Technology (UTAUT)
model [177] to fit the context of assistive robots and screen agents
technology and addresses older adults in a (care) home rather than
an office environment. The statements in Table 8.3.1 were presented

160



(a) (b)

Figure 8.3.3: Screenshots from the KSERA testing environment (Schwechat
senior center).

Figure 8.3.4: Relations between constructs of the Almere Model by Heerink
et al. [79]. Black: constructs evaluated during the trials. Grey: other con-
structs of the model that were not evaluated during the trials. A detailed de-
scription of the constructs of the Almere model is reported in Table 8.3.1.

to the participants in random order. Participants were asked whether
they agreed or disagreed to the statement using a 5-point Likert scale
ranging from 1 to 5 (totally disagree - disagree - don’t know - agree -
totally agree). The link between the constructs of the Almere model
are represented in Figure 8.3.4.
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Table 8.3.1: The table presents the constructs of the Almere model that
were evaluated during the KSERA field trials. For each item a general expla-
nation is given. The list of questions per dimension is reported in Appendix C.

ID Construct’s description

ANX Anxiety (ANX) measures whether or not the system evokes anxious or
negative emotional reactions during usage and influences perceived use-
fulness and perceived ease of use (see Figure 8.3.4).

PAD Perceived adaptability (PAD) measures how the conditions and the abili-
ties (e.g. mobility, sensory abilities, effects of medication) of users change
over time. Assistive technology, and in particular robots that support
the ecology of ageing, need to adapt to these changes [69]. If people
perceive the system to be adaptive towards their needs, they will find it
more useful and will accept the system more easily in their own living
circumstances.

PEOU Perceived Ease of Use (PEOU) measures the degree to which one believes
that using the system would be free of effort.

PS Perceived sociability (PS) measures the perceived ability of the system to
perform sociable behavior. Related studies have found that the construct
is a determining influence on social presence and perceived enjoyment,
which further influences future intentions to use the system (see Fig-
ure 8.3.4). Hence, a socially–assistive robot that supports vulnerable
target groups needs social abilities to function as an assistive device.

SP Social presence (SP) can be described as the feeling of being in the
company of a social entity: the perceptual illusion of non-mediation [109,
150]. If the technology is shaped like an animal or even humanoid this
effect gets even stronger. The social presence of a system has a direct
influence on the perceived enjoyment in using the system, which further
has an influence on the intention to use the system (see Figure 8.3.4).

TRUST Trust measures the belief that the system performs with integrity and
reliability. Having high level of trust is important in the case the robot
works as a helper in daily life and gives advice to the user. The con-
struct also provides an indication about the future compliance of the
user with the robot’s advice and is therefore essential for a successful
and satisfactory human–robot interaction. Trust is claimed to have a
direct influence on Intention to Use (ITU) (see Figure 8.3.4) and is re-
lated to social abilities or social behavior: a robot or screen agent with
more social abilities is supposed to gain more trust by its users.
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8.3.4 Procedure

During the preparation phase, the robot and test environment were
introduced to the participant. The KSERA project was explained to
the participant, his/her role during the tests was discussed and then
the participant signed the informed consent form. During the first
iteration, scenarios were presented in the same order (from 1 to 5) to
all participants (n=8). The experimenter introduced each scenario with
a story in order to let people imagine a typical day at home with the
robot and the assistive system.

• Scenario 1: Getting up in the morning and asking the weather
conditions to the socially–assistive robot.

• Scenario 2: Preparing breakfast while listening to music. A re-
quest for video connection is received while the music is playing.

• Scenario 3: Doing some physical exercises after breakfast.

• Scenario 4: Receiving an environmental warning after the train-
ing.

• Scenario 5: Calling a friend to make plans for the evening.

The second iteration of the short–term trials had a similar test flow
as used during the first iteration. The sequence of scenarios was cho-
sen by participants (n=6) who received a handout with information on
how to trigger each scenario. During this iteration the navigation of the
robot was completely simulated by the experimenter to assure more re-
liable performance. At the end of the trials, test participants answered
the acceptance questionnaire. During the long–term trials participants
(n=2) experienced only Scenario 3. Iterations of the long–term trials
spanned three months. After each iteration participants had a de-
briefing interview during which specific comments were recorded and
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Figure 8.4.1: Mean values of the constructs of the Almere model in the first
and second iteration of the KSERA field trials. The error bars indicate the
standard error of the mean.

used for qualitative analysis A single test with one trial participant
took about 90 minutes for each iteration (short–term trials).

8.4 Results

8.4.1 Results of short–term trials

The mean values with standard error of the mean for the constructs
of the Almere model Anxiety (ANX), Perceived Adaptability (PAD),
Perceived Sociability (PS), Social Presence (SP), Trust and Perceived
Ease of Use (PEOU) measured at the end of the first iteration and at
the end of the second iteration are shown in Figure 8.4.1.

System performance was, in general, higher during the second it-
eration because navigation problems were avoided by having the ex-
perimenter drive the robot remotely. However, a multivariate analysis
of variance (MANOVA) with the constructs of the Almere model as
dependent variables and iteration (first or second) as independent vari-
able shows no significant difference for any construct F (6, 7) = 1.04, p =
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0.48.
The mean value of the construct Anxiety (ANX) was 4.89 ± 0.07

with respect to all short–term iterations (n=14). It can be argued, by
looking at the participants’ debriefing comments, that interaction with
the robot did not elicit feelings of anxiety in the participants because
of its small anthropomorphic shape:
“As long as he is smaller than me, I am not scared.”
“I like the light in his eyes – he seems to be nice.”
“I simply think he looks nice.”

Perceived adaptability (PAD) was rated lower than perceived anx-
iety. This construct achieved a mean of 3.9 ± 0.326 when taking both
trial iterations into account (n=14). During the second iteration in
which the users were allowed to freely trigger scenarios in the order
they wished, this construct was rated slightly more positively. Partici-
pants thought the system could potentially adapt to their needs, as we
can argue from their comments:
“It would be nice if he would be able to adapt to how I am currently
feeling and give me some advice like drinking more or lying down for a
while.”
“I can imagine that he can adapt to my personal needs, if he is pro-
grammed like that.”

Nevertheless some of the trial participants recognized problems in
adaptability of the system.

Participants tended to perceive the robot as a social entity as we can
see from the mean value of Perceived Sociability (PS) (µ = 4.34±0.15,
n = 14). Differences in technical reliability of the system between the
first and the second iteration did not seem to influence the construct
(µ = 4.28±0.25 (first iteration) and µ = 4.21±0.22 (second iteration)).
Participants related the robot’s social abilities to its ubiquitous presence
and to its ability to communicate verbally:
“It is nice always having someone around to talk to.”
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The robot’s rating on Social Presence (SP) differed between the
first and second iteration. During the first iteration (µ = 2.88 ± 0.21)
the abilities of the robot were influenced by a higher rate of technical
problems whereas during the second iteration (µ = 3.23 ± 0.21) the
technical problems were avoided by having the experimenter navigate
the robot. Participants’ comments related to social presence show con-
trasting opinions on the role the robot can have (conversational partner,
animal-like entity or machine):
“I can imagine that he will be perceived like a pet or a stuffed animal.”
“If he looks at me, I have got the feeling he understands me.”
“For me it is still a machine.”
“I would rather be together with real humans.”
“He is a nice conversational partner – he does not talk back, but listens
to me.”
“Although you know that it is not a real person I think maybe I grow
accustomed to it after some time and when I am lonely maybe it is
like a real person for me.” Participants perceived the robot as easier to
use in the second iteration than in the first. The construct Perceived
Ease of Use (PEOU) scored a mean value of 4.13±0.29 during the first
iteration and a mean value of 4.70 ± 0.13 after the second iteration.
Participants’ comments when they experienced technical failures dur-
ing the first iteration show that technical malfunctions influenced the
perceived ease of use:
“I do not think I could use him in the current state.”
“Currently he works in a kind of restricted state.”
“If I have someone around that helps me to use the robot why would I
need it?”

The construct Trust scored a mean value of 4.04 ± 0.39 (n=14)
and presented higher levels of variance when compared with the other
constructs. Participants were willing to trust the robot when they saw
the benefit of using it. Some participant’s comments were:
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Figure 8.4.2: Acceptance results of long–term users after first, third and
sixth iteration. The bar chart shows the mean over all questions within a con-
struct. The error bars indicate the standard error of the mean.

“I would trust the advice of the robot as long as it seems useful and
reasonable.”
“I would trust him, but before I follow his advice, I would think about
it, if it makes sense.”
“I would trust him. If I wouldn’t, it would not make sense at all.”
“I do not even trust a doctor, everyone gives another advice”

8.4.2 Results of long–term trials

The mean values of the constructs of the Almere model for the
long–term trial (n=2) are shown in Figure 8.4.2. The Almere ques-
tionnaire was filled out after the first, third and sixth iterations (see
Figure 8.3.1).

The construct parameters seem not to be negatively influenced over
time; no signs of fatigue or loss of interest could be measured. Looking
at Figure 8.4.2, it is interesting to note how longer use of the robot
leads to a higher rate of perceived ease of use (PEOU). The potential
improvement in the perceived ease of use over a longer period of time
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can also be found by looking at the participants’ comments:
“If I could use him longer, I believe I could learn how to use him without
help”
“You have to get accustomed to it, to the interaction and to the (slow)
speed of the system”

Nevertheless, general comments, related to perceived enjoyment of
the system, showed that participants enjoyed the system during the
long–term trials but expressed doubts whether this affect would re-
main with more prolonged usage. Relevant participants’ comments on
perceived enjoyment are:
“Currently I find him funny, but this could change if I have him for a
long time.”
“For me this is not a long–term solution, currently I find it interesting
because it is new.”

Participants’ comments on perceived sociability show that partici-
pants might engage in a relationship with the robot if the interaction
spanned a longer period of time:
“Although you know that it is not a real person I think maybe I will
grow accustomed to it after some time and when I am lonely, maybe it
is like a real person for me.”
“I can imagine that people who are alone could build up a friendship
with the robot over time.”

8.4.3 Cross-cultural comparison

Trials were also conducted at a Senior Center home in Tel-Aviv1. Par-
ticipants (n=8) were recruited using the guidelines reported in Sec-
tion 8.3.1. Experimental methods and materials were comparable to the
ones described in Section 8.3.1 used at the senior center in Schwechat.
Data from the Tel-Aviv test site were used for comparison to data from

1KSERA trials were also conducted in a senior center home in Tel-Aviv, a struc-
ture belonging to Maccabi Health Care Services
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the Schwechat trial site. In order to assure that data were homogeneous
between Schwechat and Tel-Aviv we excluded data from participants
that experienced technical malfunctions in either of the two facilities
(i.e. failures in navigation, face detection, etc.). Technical malfunc-
tions were annotated by the experimenter during the trial or during
retrospective analysis of video footage. This left data from eight trial
runs in Schwechat (two from the first iteration and six from the second
iteration) and six trial runs in Tel-Aviv (three from the first iteration
and three from the second iteration). The restricted data set allowed us
to remove possible confounds in the data due to differences in techni-
cal performance between Schwechat and Tel-Aviv. Differences in results
are therefore most likely due to differences in cultural backgrounds. Af-
ter the completion of the scenarios, experimenters answered yes or no
to questions regarding the system’s technical performance. Questions
were clustered into four groups:

• Overall performance: Percentage of functioning/non functioning
system parts.

• General robot movements: navigation, gesture, correct perfor-
mance of the health exercise.

• Human robot communication: speech output, the speech intelli-
gibility and face detection.

• Timing and task sequence: ability of the system to execute se-
quence of actions in the right order and with the right timing.

Results from the technical performance questionnaire show that tech-
nical performance was high in both test sites when considering the
restricted data set, see Table 8.4.1.
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Table 8.4.1: Evaluation of system’s performance in Austria and Israel for the
restricted data set. The table reports the total number of evaluation ques-
tions, the questions evaluated positively (no technical malfunctioning) and the
percentage of positive evaluations

Cluster Test Site # questions # pos. eval. % pos. eval.
Overall Austria 194 192 99%
performance Israel 150 144 96%
General robot’s Austria 41 40 98%
movements Israel 46 46 100%
Human – robot Austria 69 69 100%
communication Israel 42 37 88%
Timing and task Austria 70 69 99%
sequence Israel 56 55 98%

Figure 8.4.3: Mean values of the six constructs of the Almere model eval-
uated at the two test sites: Schwechat (Austria) and Tel-Aviv (Israel). Error
bars represent standard error of the mean.
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The mean values of participants’ answers to the constructs of the
Almere questionnaire are shown in Figure 8.4.3. Differences between
evaluations in Austria and Israel were tested using a Multivariate Anal-
ysis of Variance (MANOVA) with the constructs of the Almere model
as dependent variables and the trial site as independent variable. Re-
sults show a significant difference between the means F (4, 6) = 14.69,
p = 0.01. The construct that showed the most significant difference
is PEOU which scored significantly lower at the test site in Israel
t(9) = 3.55, p = 0.006 (two-tailed). The reason for such a difference
could be linked to the language spoken by the robot. Experimenters in
Israel noted that, for 43% of the test scenarios, users had problems un-
derstanding the robot’s sentences whereas problems were reported only
in 6% of the Austrian test scenarios. The difference in understandability
could be due to the language spoken by the robot: German in Austria
and English in Israel. Although English is not the native language of
participants in Israel, it was considered to be well understood by all
Israeli participants prior to the start of the trials. This could also ex-
plain the lower technical performance of human–robot communication
in Israel (see Table 8.4.1).

8.5 Discussion

8.5.1 Short–term trials

The small humanoid shape of the robot used during the trials appeared
to have a direct influence on the lack of anxiety that participants ex-
perienced. Participants stated that they did not think the robot could
harm them and they appeared to display low levels of anxiety during
interaction. This result is in line with the results of a survey conducted
by Giuliani et al. [72] in which elderly people express preferences for a
small robot to help them. Furthermore, the robot was perceived as a
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social actor for its ability to address the user. Thus, results hint to the
validity of our first research hypothesis. The high level of trust shows
that using a small social humanoid robot, which is perceived as nice
and safe, is beneficial.

Social presence showed the lowest results of all. Interestingly,
Heerink et al. also suggested that social presence and perceived so-
ciability are correlated [79]; in fact in the Almere model Perceived So-
ciability (PS) is the only direct influence on social presence SP (see
Figure 8.3.4). When analyzing this construct in detail it shows that
one question was rated particularly low: “I often think the robot is not
a real person” (µ = 1.71, SE = 1.16). One observation is that the small
size of the robot had a negative influence on this part of the construct
since a real person is taller than the robot (55cm). This is also un-
derpinned by certain qualitative comments where users compared the
robot with a pet or stuffed animal rather than a real person.

Perceived ease of use appears to be the only construct influenced
by the technical malfunctions that were present during the first itera-
tion. Qualitative analysis of the participants’ comments indicates they
perceived a lack of robustness of the system in the first iteration. The
results of the second iteration were based on a working system with-
out any major malfunctions. From these observations, it appears the
difference in technical reliability between the two iterations affected
perceived ease of use.

8.5.2 Long–term trials

Participants of the long–term trials reported no signs of fatigue or tired-
ness after the sixth iteration pointing to a confirmation of our second
hypothesis: the beneficial effect of the robot persists over time. Par-
ticipants stated that the usage of the system would become easier over
time; in particular after getting accustomed to the speed and behav-
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ior of the robot. Future studies might look at how perceived ease of
use (PEOU) of the assistive system and the robot changes over time
hypothesising that PEOU increases with time. Participants gave posi-
tive comments about the robot’s social abilities and suggested that the
relation with the robot might turn into friendship with long–term in-
teraction. Future studies might look at how the perceived sociability
(construct PS of the Almere Model, Table 8.3.1) evolves over time hy-
pothesising its increase with time. Participants commented negatively
with respect to their enjoyment in interacting with the robot. At the
end of the sixth iteration, participants still considered the robot to be
a new technology and remarked that the novelty effect would wear off
with longer use. Hence we expect that the robot’s perceived enjoyment
(construct PENJ of the Almere Model [79]), which was not quantita-
tively analyzed in the present study, would decrease with longer usage.
Support for this conclusion can be found in Fernaeus et al. [63] who
measured the usage of a robotic toy for children over a longer period
of time also found this effect.

8.5.3 Cross-cultural comparison

No significant cultural differences could be found between the test sites
in Austria and Israel. Although results were derived from the restricted
data set, statistical analysis shows that differences in the acceptance of
a small humanoid socially–assistive robot between Austria and Israel
due to different cultural background of participants are unlikely.

8.6 Conclusion

The present paper reported results related to the introduction of a
small humanoid socially–assistive robot into an assistive environment.
Tests were conducted in a senior center home in Schwechat (Austria)
and involved short–term as well as long–term trials. Results suggest
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that participants who were exposed to interaction with the robot for
a short–term (2 sessions) did not feel any anxiety during interaction
mostly due to the shape and small size of the robot. Similar results
were obtained for trials conducted in Israel and suggest that the lack of
anxiety and the high level of trust are not due to the particular cultural
background of the participants. Qualitative data from long–term par-
ticipants suggest that people could potentially build forms of emotional
relationship with the robot, however, their enjoyment might decrease
over time. As a result future work should focus on enabling the robot
to maintain high levels of participants’ enjoyment for prolonged periods
of time.
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Experience is what you get when you didn’t get
what you wanted. And experience is often the
most valuable thing you have to offer.

Randy Pausch

9
General conclusion

9.1 Independent living with robots

In recent years, we have seen the first contributions on the introduction
of (autonomous)robots in elderly people’s homes with the purpose of
helping them living independently for longer time [45, 75, 93, 135, 149,
178].

In the present thesis we investigated how to improve a so-
cially–assistive robot’s functional and social abilities to increase the
quality of human–robot interaction in the context of smart environ-
ments.

In particular we looked at the areas of robot navigation, non-
verbal human–robot communication and integration and evaluation
of socially–assistive robots in smart environments. Results reported
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throughout the thesis could lie in one or multiple of these areas giving
an indication of the multidisciplinary nature of research in robotics and
human–robot interaction.

In Chapter 2, we presented novel results on human–robot prox-
emics. In particular, the set-up of the user studies was an extension of
work by Takayama and Pantofaru [162] because we considered multiple
directions of approach and multiple participant’s conditions. Also, re-
sults reported in the chapter refer to mutual distancing between a small
robot (the Nao) and users. Therefore they extend existing knowledge
on mutual distances between humans and robots since previous stud-
ies, mainly reported in [162, 180], consider mutual distancing between
humans and robots which are much taller than the Nao.

Results of the user study were also used to define a novel model
of personal space that could be integrated in robotics navigation algo-
rithms. The model was general in its formulation whereas the param-
eters were related to results of the user studies.

In Chapter 3, we proposed a way to include the personal space
model, derived in Chapter 2, in robot navigation algorithms. We de-
fined the problem of estimating the robot’s final target pose as a filter-
ing problem and applied a particle filter for the recursive estimation.
The method we proposed is novel because, although particle filters
have been used in a variety of domains (i.e., tracking problems [19, 77],
econometrics [65]) they were never used before for combining results of
psychometric studies with robot navigation algorithms. Often, models
of personal space are treated as cost functions in navigation algorithms
(as an example see [11, 133]), they are also not dynamic, in the sense
that their formulation seldom changes with time. The use of the par-
ticle filter allowed us to treat information provided by the model in
a dynamic way. Due to the nature of the particle filter, the model
we proposed can allow easy integration of multiple cues to define the
filter’s dynamic.
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In Chapter 4, we improved the coordination of navigation behaviors
by employing a recurrent neural network, inspired by the property of
lateral inhibition that can be observed in human cortical tissue. We
started examining the behavior–based reactive navigation algorithm
proposed by Bicho [32] which poses the problem of coordinating be-
haviors that could be conflicting. We then introduced the recurrent
neural network in the navigation algorithm between the stage of be-
havior generation and the actuation of the control commands. Results
have shown that the lateral inhibition property of the recurrent neural
network can select between conflicting behaviors or merge non con-
flicting behaviors such that the robot’s overall navigation trajectory is
context dependent.

Verbal and non–verbal communication cues can influence the qual-
ity of human–robot interaction. In Chapters 5 and 6, we examined the
impact of robotic verbal and non–verbal communication cues during
two interconnected moments; a robot attracts a person’s attention and
a robot conveys verbal messages to the user. In particular, in Chap-
ter 5, we investigated the effects, on reaction time and user’s evaluation,
of different robotic communication channels for attracting a person’s
attention. The scenario chosen was naturalistic and connected to the
domain of robotic assistance for elderly people: users were watching
TV.

Results showed that actions which involved sound generated the
shortest reaction times followed by actions of pure visual nature. The
results of this user study were used to choose the sequence of actions
with which the robot attracted a person’s attention during the KSERA
project’s field trials.

In Chapter 6, we investigated the effects of robotic gaze and ges-
tures on message retention in human–robot communication. Message
retention was used as a measurement of communication’s quality and
scored significantly higher when the robot was accompanying speech
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with action depicting gestures. However, we have not found a signifi-
cant improvement of retention scores when the robot was gazing at the
person.

Results of the evaluation of assistive environments which use robots
as main communication interfaces were reported in Chapters 7 and 8.
The design of such systems was based on requirements gathered through
the analysis of the needs of elderly people and (partially) on the results
of the work presented in Chapters 2, 3, 5 and 6. Once the system had
been designed, it was tested to understand which functionalities were
beneficial to the user and what were the weak points to be improved.
Results of users’ evaluation of robots in the designed smart environment
showed that elderly people perceive robots as better communication
interface than touch screen based user interfaces. Long term results
also showed that people could potentially develop an emotional bound
with the robot.

To conclude, robots have the potential, in combination with smart
environments, to assist elderly people living independently for longer
time. People can build emotional relationships with the robot if the
robot is able to meet expectations about its functional and social com-
petences. The present thesis reported results related to the improve-
ment of such competencies in robots.

9.2 Future work

The complexity related to the introduction of robots in elderly people’
homes calls for further development of the work reported in the present
thesis.

9.2.1 Error detection and recovery

Mobile robots employed in people’s home have to carry out a variety of
functions in a dynamically changing environment. The differentiation
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of functions and the constant change of context of operation increase
the chances of faults in task execution. As an example, the robot can
choose a wrong path for approaching a user or the action that the
robot chooses to execute might be wrong given the current context. A
variety of errors in navigation, context understanding, or task execution
has been reported by the majority of projects that deployed robots in
assistive environments for short [149] and long term [45, 75] trials and
for autonomous [149] as well as MRP robots [45]. Much research
effort has been put into developing robust algorithms and methods to
enable a robot to deal better with dynamic conditions. Such algorithms
look into specific functions such as navigation (i.e. [111, 151]) or object
detection (i.e. [101, 156]). Nevertheless, state of the art robotic systems
deployed for assisting people are still subjects to faults in one or multiple
functions (i.e. speech recognition detects the wrong utterance and the
robot goes to the wrong spot in the environment). Since the occurrence
of faults is unavoidable, research is needed to develop error detection
and error recovery models specific to the domain of robots for assisting
people. Frameworks for error detection and recovery can be inspired
by the processing principle of the human brain (i.e. Bicho et al. [35]).

9.2.2 Learning and adaptation

Robots that live with people for a long time should be able to adapt
their behavior by learning from human feedback. In the context of
socially–assistive robots, learning can serve two different purposes (1)
changing a robot’s behavior to match user’s preferences and (2) mas-
tering new skills. Learning from human feedback to adapt a robot’s
behavior is a research topic that has been treated in several works
(i.e. [76, 99, 115, 166, 167]). The robotic behaviors which are adapted
over time are related typically to proxemics (i.e. Tapus et al [164]),
gaze (i.e. [115]), motion speed and impedance (i.e. Gribovskaya et
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al. [76]). A robot can also use human feedback to master skills that it
learned from the human (e.g., [10, 17, 42]). Skills that a robot could
learn from human demonstrations are often related to motion trajec-
tories (e.g., [10, 42]). Human supervision might provide the robot
with examples of erroneous behaviors that can be used to learn to
detect errors. Classifying erroneous behaviors is a prerequisite for er-
ror recovery. The topic of erroneous behavior classification based on
human feedback has, however, received little attention. Detection of
erroneous robotics behavior through human feedback in conjunction
with error recovery strategies might enable long term deployment of
socially–assistive robots at people’ homes.

9.2.3 Long term trials

The last years have seen many attempts to deploy and evaluate so-
cially–assistive robots (e.g., [45, 93, 149, 179]). Short term evalua-
tion of socially–assistive robots have been reported by several authors
(e.g., [73, 149, 168]) but relatively less work has been done on long
term evaluation of socially assistive robots [45, 93, 179]. Long term
trials have mostly been performed with robots that displayed low lev-
els of autonomy (e.g., MRP robots [45]) or robots that could not move
in the environment [93, 179]). Results from long term trials showed
that people appreciated living with the robot and that they could de-
velop forms of relationship with them [93, 178]. The observation that
an emotional bound could be established between people and the so-
cially–assistive robot is also supported by results reported in Chapter 8
of the present thesis. Nevertheless, research has not provided a strong
evidence that the interaction with socially–assistive robots improves
functional outcomes such as adherence to health check schedules or
weight loss [93]. Wada and Shibata [178] are some of the fews who have
reported improvement in a functional outcome after a long term trial.
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They reported that longer term interaction with the robot Paro (see
Figure 1.2.1a) had diminished significantly the level of stress in elderly
residents of a nursing home. At the moment of writing, studies which
reported improvements in functional outcomes have not conducted tests
for periods longer than one month. It is then necessary to study how in-
teraction evolves over longer periods of time and to estimate the area in
which interaction with the robot improves functional outcomes. Testing
interaction with robots for longer time requires much technical efforts
especially in the domain of error detection and recovery, learning, and
adaptation.
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A
Verbal messages spoken by the

robot

The messages used for presentation by Nao can be found in Table 1.
For each sentence both the original Dutch sentence and an English
translation (between brackets) are provided. The action depicted in
the accompanying gesture is also given.

Table 1: The messages presented by Nao during the experiments.

# Sentence Dutch (English) Gesture
1 Het slachtoffer stompte de vluchtende dief punch

in de smalle steeg.
(The victim punched the fleeing thief
in the narrow alley.)

2 Het meisje stompte de grote kerel punch
op de drukke dansvloer.
(The girl punched the big guy
on the busy dance floor.)

3 Het kind trapte de gemene leraar kick
op de lege speeldplaats.
(The child kicked the mean teacher
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in the empty playground.)
4 De voorbijganger schopte een leeg blikje kick

op de verlaten weg.
(The passer-by kicked an empty can
onto the abandoned road.)

5 De oppas wenkte de boze peuter beckon
naar de kleurrijke slaapkamer.
(The babysitter beckoned the angry toddler
to the colorful bedroom.)

6 De docent wenkte de lange leerling beckon
naar het bedompte kantoor.
(The teacher beckoned the tall student
to the stuffy office.)

7 De moeder droeg de zware deken carry
naar het slapende meisje.
(The mother carried the heavy blanket
to the sleeping girl.)

8 De opa droeg een zwaar pakket carry
naar de houten tafel.
(The grandfather carried a heavy package
to the wooden table.)

9 De dame omhelsde de bebaarde man hug
op het rumoerige station.
(The lady hugged the bearded man
on the noisy station.)

10 De vader omarmde het opgewekte kind hug
op het gezellige feestje.
(The father embraced the cheerful child
at the fun party.)

11 De chauffeur poetste de vieze voorruit scrub
voor het dure hotel.
(The driver cleaned the dirty windscreen
in front of the expensive hotel.)

12 De schoonmaakster schrobde het vuile raam scrub
in de felle zon.
(The cleaning lady scrubbed the grimy window
in the bright sunshine.)

13 De kok hakte de geurige kruiden chop
voor de hartige soep.
(The chef chopped the fragrant herbs
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for the savory soup.)
14 De keukenhulp hakte het dure vlees chop

met een scherpe keukenbijl.
(The kitchen aid chopped the expensive meat
with a sharp cleaver.)

15 De klant nuttigde een feestelijke cocktail drink
in het chique café.
(The customer had a festive cocktail
at the fancy bar.)

16 De miljonair dronk de dure wijn drink
uit een kristallen glas.
(The millionaire drank the expensive wine
from a crystal glass.)

17 De sporter gooide de zware waterfles throw
in de begroeide berm.
(The sportsman threw the heavy water bottle
at the bushy road side.)

18 De coach wierp het plastic balletje throw
naar de onoplettende sporter.
(The coach cast the plastic ball
at the inattentive sportsman.)

19 De onderzoeker typte een uitgebreid rapport type
voor de strenge teamleider.
(The researcher typed an extensive report
for the strict team leader.)

20 De buurman typte een lange brief type
aan het imposante bureau.
(The neighbor typed a long letter
at the imposing desk.)

21 De vrouwen grepen de felbegeerde tas grab
van het overvolle rek.
(The women grabbed the popular bag
from the overflowing rack.)

22 De dronkaard greep het bijgevulde glas grab
van de gepolijste bar.
(The drunkard grabbed the topped-up glass
from the polished bar.)

23 De geliefde verscheurde de gehavende brief tear
bij het flakkerende kaarslicht.
(The lover tore up the tattered letter
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in the glimmering candle light.)
24 De actrice verscheurde het vernederende krantenartikel tear

met een woedende blik.
(The actress tore up the humiliating newspaper article
with a furious look on her face.)
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B
Main components of the KSERA

system

In this appendix we describe the main KSERA system hardware and software
components. Referring to Figure 1 in Block A smart sensing and smart
actuation we have the following devices: Medical Sensors:

• Medical Sensors

– Nonin 9560 Wireless bluetooth pulse-oxymeter used to measure
O2 concentration in the blood. Figure 2a.

– Caretek Adamo Assistive wrist watch with emergency button.
Figure 2b.

• Environmental Sensors

– Connection to a service data center to provide PM10 and PM25
data.

– Sensrion SHT71. Wireless sensor used to measure air tempera-
ture and relative humidity. Figure 2c.

• Domotic Platform
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Figure 1: Outline of the KSERA system architecture. Each block (marked
with a capitol letter) is developed from one or multiple user needs.

– E-home system: Multi-Sensor-Box with connection to external
power outlet used to turn the light on and off. Figure 2d.

• Sensor Gate way

– Caretek Adamo. This Base Station is used as gateway to gather
data from the pulse-oxymeter and the temperature sensor and
forward to the KSERA DB. Figure 2e

Referring to Figure 1 in Block B KSERA intelligent Server we find the
following components:

• Data Base that can be accessed by external software (disease manage-
ment software) via a secure connection trough an xml interface:

– Personal Data Memory: MySQL database with tables for storing
sensors data (O2 saturation, hearth rate, temperature and PM10
level).

– Knowledge base: MySQL database with tables to relate sensory
data to medical rules to interpret those data.
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(a) Oxy
pulsemeter

(b) Assis-
tive Wrist-
watch

(c) Temperature
Sensor

(d) Power socket (e) Base Station

Figure 2: Main hardware and software components of Block A.

(a) Nao
robot

(b) uEye camera

Figure 3: Main hardware components of Block C.

• Rule Engine: The rule engines implements the rules in the knowl-
edge base and interprets the sensory data stored in the data memory
according to the medical rules. The different Robot’s behaviors are
selected according to the outcome of the rule’s interpretation.

• Robot Controller: the robot controller implements the robot behaviors
which, for convenience of description we have divided into navigation
behaviors and interaction behaviors.

Referring to Figure 1 in Block C Robot mobile and interaction behaviors
we find the following components:

• Nao Robot: mobile robot used as interface. Figure 3a.

• GigE uEye UI-6210SE, VGA (640x480) camera mounted on the ceil-
ing. Figure 3b

Referring to Figure 1 in Block D ”Video communication with family
members and care-givers” we find the following components:
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Figure 4: Pico beamer.

• Disease management application: remote software with user interface
that can access the data stored in the personal data memory.

• Video Communication: Video conferencing software that connects a
remote care giver to the local patient. Video stream is realized with a
pico beamer , Samsung SP-H03. Figure 4.
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C
Questionnaires

The questionnaire used during the evaluation of interaction between partic-
ipants and the robot are reported in the present appendix.

C.1 Godspeed questionnaire

The Godspeed questionnaire by Bartneck and colleagues [22] was developed
for assessing how people perceive a robot in terms of anthropomorphism,
animacy, likeability, perceived intelligence and perceived safety. Each item
is evaluated using a 5 point Likert scale from 1 to 5. The dimensions and
items are listed below:

• Anthropomorphism: The extent to which the robot is “humanlike”.
The items for this group are:

– Fake - Natural
– Machinelike - Humanlike
– Unconscious - Conscious
– Artificial - Lifelike
– Moving rigidly – Moving elegantly
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• Animacy: The extent to which the robot is “alive”. The items for this
group are:

– Dead – Alive
– Stagnant – Lively
– Mechanical – Organic
– Artificial – Lifelike
– Inert – Interactive
– Apathetic - Responsive

• Likeability: The extent to which the robot is liked. The items for this
group are:

– Dislike - Like
– Unfriendly – Friendly
– Unkind – Kind
– Unpleasant – Pleasant
– Awful - Nice

• Perceived Intelligence: The extent to which the robot is perceived as
intelligent. The items for this group are:

– Incompetent – Competent,
– Ignorant – Knowledgeable
– Irresponsible – Responsible
– Unintelligent – Intelligent
– Foolish - Sensible

• Perceived Safety: The extent to which participants feel during the
interaction. The items for this group are:

– Anxious – Relaxed
– Agitated – Calm
– Quiescent – Surprised
– Unsafe – Safe
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C.2 Evaluation of actions to attract attention

The robotic actions for attracting attention were evaluated with the ques-
tionnaire presented below. For each action, participants rated five items
with a 5 point Likert scale from 1 to 5. The items are listed below:

• Clear - Vague

• Friendly - Mean

• Calm - Wild

• Present - Subtle

• Pleasant – Annoying

C.3 KSERA quality of life questionnaire

The following questionnaires were filled in by the trial participants after the
completion of the first iteration of the KSERA field trials. The statements
are reported below.

• User acceptance questionnaire: participants rated on a 5 points Likert
scale from 1 to 5 whether they would answer yes or not at all to the
proposed questions

– Was it difficult to learn how to use and interact with the KSERA
system?

– Was it difficult for you to use and interact with the system with-
out help?

– Were the instructions given by the system (NAO) clear, under-
standable and easy to follow?

– Do you think the KSERA System is able to help you in case of
an emergency?

– Did you feel being observed by the system and especially NAO?

• Feeling towards the KSERA system: participants were asked to eval-
uate their feelings when using the KSERA system on a 5 point Likert
scale from not at all to very much.

– It is fun.
– It is unpleasant.
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– I am feeling cheerful.
– I am feeling tired.
– I am feeling refreshed.
– I am feeling stressed.
– I am feeling calm.
– I am feeling bored.

• General satisfaction: participants were requested to answer on a 5
point Liker scale to the following questions:

– How beneficial do you believe is KSERA for you? (not beneficial
at all/very beneficial)

– How often would you use KSERA if you had it at home?
(never/always)

– Did KSERA make you feel more confident about using new tech-
nologies? (Not at all confident/Very confident)

– KSERA was amusing and I enjoyed interacting with it. (Strongly
agree/strongly disagree)

– I prefer spending my time by doing something else than inter-
acting with KSERA. (Strongly disagree/Strongly agree)

– Using KSERA was boring and did not interest me. (Strongly
disagree/Strongly agree)

– KSERA has met my expectations. (Strongly disagree/ Strongly
agree).

C.4 Almere model

Interaction between elderly people and the KSRA system was evaluated with
selected constructs of the Almere model [79]. Each dimension was evaluated
with a group of 5–point Likert scale questions. The questions per dimension
are reported below:

• ANX

– If I should use the robot, I would be afraid to make mistakes
with it.

– If I should use the robot, I would be afraid to break something.
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– I find the robot scary.
– I find the robot intimidating.

• PAD

– I think the robot can be adaptive to what I need.
– I think the robot will only do what I need at that particular

moment.
– I think the robot will help me when I consider it to be necessary.

• PEOU

– I think I will know quickly how to use the robot.
– I find the robot easy to use.
– I think I can use the robot without any help.
– I think I can use the robot when there is someone around to help

me.
– I think I can use the robot when I have a good manual.

• PS

– I consider the robot a pleasant conversational partner.
– I find the robot pleasant to interact with.
– I feel the robot understands me.
– I think the robot is nice.

• SP

– When interacting with the robot I felt like I’m talking to a real
person.

– It sometimes felt as if the robot was really looking at me.
– I can imagine the robot to be a living creature.
– I often think the robot is not a real person.
– Sometimes the robot seems to have real feelings.

• TRUST

– I would trust the robot if it gave me advice.
– I would follow the advice the robot gives me.
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Summary

Approaching Independent Living with Robots

Robots are moving from industrial to social environments like museums,
hospitals and private homes. They have the potential to perform a variety of
tasks that have been traditionally carried out by humans, which makes them
attractive for assisting elderly people at home. In recent years, we have seen
the first contributions on the introduction of (autonomous)robots in elderly
people’s homes with the purpose of helping them living independently for
longer time.

Research work presented in the current thesis addressed the introduc-
tion of a small–humanoid robot in elderly people’s homes providing novel
insights in the areas of robotic navigation, non–verbal cues in human–robot
interaction, and design and evaluation of socially–assistive robots in smart
environments.

The results reported throughout the thesis could lie in one or multiple of
these areas giving an indication of the multidisciplinary nature of research
in robotics and human–robot interaction. In Chapter 1, we introduced the
topic of socially assistive robotics. In Chapter 2 and 3, we have treated
the topic of robotic navigation in the presence of a person. Work combined
results from user studies of Chapter 2 with the design and implementa-
tion of an algorithm to incorporate those results in robotic navigation, see
Chapter 3. In Chapter 2, we presented user studies during which a robot
approached a seated or standing person from five directions. Participants
were requested to stop the robot when the distance was considered optimal
and to rate the direction of approach. Results allowed to study spatial re-
lationships between the robot used in the experiment and participants and
to define a personal space model that could be integrated in robotic navi-
gation algorithms. The model derived is general in its formulation whereas
its parameters are related to results of the user study. The definition of
a personal space model posed the problem of integrating it in navigation
algorithms. In Chapter 3, we proposed a way to include the model derived
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in Chapter 2 in an already existing navigation algorithm. We defined the
problem of estimating the robot’s final target pose as a filtering problem
and applied a particle filter for the recursive estimation. The method we
proposed is novel because, although particle filters have been used before
in a variety of domains (i.e., tracking and econometrics) they were never
used for combining results of psychometric studies with robotic navigation
algorithms. Attempts to implement personal space models in robotic navi-
gation algorithms have been made before but such models were treated as
cost functions and were not dynamic. The use of the particle filter allowed
us to treat information provided by the model in a dynamic way.

Reactive navigation algorithms pose the problem of coordinating behav-
iors that in certain conditions can be conflicting. Human biology can provide
examples and inspiration for robotic navigation algorithms. In Chapter 4,
we applied a recurrent neural network, inspired by the property of lateral in-
hibition that can be observed in human cortical tissue, to the robot’s control
loop between the stage of behavior generation and actuation. Results have
shown that the lateral inhibition property of the recurrent neural network
can select between conflicting behaviors or merge non conflicting behaviors
such that the robot’s overall behavior is context dependent.

After reaching a target position and before starting communicating with
the user, a robot needs to attract a person’s attention. In Chapter 5 we
examined how a robot could use one of its multiple communication channels
for attracting a person’s attention while the attention of the user is focused
on something different; a TV screen. Watching TV is a common activity
for an elderly person living at home. Results showed that actions which
involved sound generated the shortest reaction times followed by actions
of pure visual nature. The results of this user study were used to choose
the sequence of actions with which the robot attracted a person’s attention
during field trials.

When a robot has attracted a person’s attention it will need to convey
a message. If the robot has a human–like shape, it can use non–verbal
communication cues, namely gaze and gestures to accompany utterances. In
Chapter 6 we investigated the effects of robotic gaze and gestures on message
retention in human–robot communication. Message retention was used as
a measurement of communication’s quality and scored significantly higher
when the robot was accompanying speech with action depicting gestures.

The development of smart environments with robots that act as com-
munication interfaces with elderly people is based on system’s requirements.
System’s requirements are derived from the study of the needs of elderly
people but also of the other actors in elderly people’s life such as family
members, formal and informal care givers, technicians and friends. Based
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on system requirements, one needs to define the sensors and actuators that
will be deployed and the system’s functionalities that will be developed.
It is also important to integrate components to achieve complex function-
alities. Once the system is designed, it needs to be tested to understand
what is beneficial to the user and what are the weak points to be improved.
Chapters 7 and 8 were dedicated to the description of the design of smart
environments that complement the work of care givers in assisting elderly
people. Results of users’ evaluation of robots in the designed smart en-
vironment showed that user perceived the robot as better communication
interface than touch screen based user interfaces. Furthermore, results from
long term trials showed that people could potentially develop an emotional
bound with the robot. Finally, in Chapter 9, we reported conclusions and
outlined future research directions.
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