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Abstract—This white paper describes an experiment on having
a robot inhabiting a typical indoor human environment. The
goal is twofold, namely, fitting statistical models to a set of
performance indexes, and assess those indexes on a human
population inhabiting a test site.

The experiment use the networked robotics facilities at the
ISR/IST research institute and it amounts to have a single robot
moving around either in autonomous or semi-autonomous mode
in the spatial areas used by the human population without forcing
the interaction with humans.

The evaluation of the experiment uses an online survey based
on a Likert questionnaire from which a number of hypothesis
formulated on the behavior of the inhabiting human population
are tested. The survey got a total of 39 answers from a population
with a variety of cultural/technical background from which a set
of 5 indexes were tested using standard hypothesis tests.

In a sense, the paper validates an empirical modeling strategy
through multiple known statistical techniques.

The results obtained validate the use of the empirically defined
indexes that are representative of a typical human population.
Moreover, in addiction to the specifics of the experiment, the
paper discusses typical arguments beyond exact science, in the
overlapping with what is other form of structuring a paper, that
may mask interesting conclusions.
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I. INTRODUCTION

Recently, robotics research focus on the inclusion of robots
in human societies in a social perspective, that is, the robots
have to interact with people as entities able to behave accord-
ing to the established social rules. This raises questions on the
identification of the factors that influence human perception
and hence the importance of being able to define metrics
that represent valid, numerically coded, perceptions. Current
research is commonly centered on experiments that force
the interaction between robots and humans. In this paper a
different approach is followed, namely that of not forcing
interaction and thus reducing potential biases induced by
expectations of humans towards robots. A set of indices is
used to characterize the perception of the population. Such
indices can be used as a priori information robots can use
while making decisions in real time. Therefore, it is important
to assess that they are consistent with the specific population
the robots are interacting with.

Statistical analysis on measurement indexes is the natural
way to determine the validity of the indexes designed.

These indexes can be used for multiple purposes, namely
decision making. If a robot is to integrate a social space then
it must be aware of the effects its decisions will have in the
environment (in a sense, it will not be desirable to cause large
disturbances in the social model the robot is to integrate itself
into)

Direct assessment of human-robot interaction with situated
robots has been discussed in [3], with wheeled robots interact-
ing with autistic children, whereas [13] used spherical robots
to interact with toddlers. However, the design/identification of
perception metrics has not been addressed explicitly. Instead,
they rely of the segmentation of the observed data in a set of
behaviors, without explicit concerns on whether the data could
fit any model e.g., that can be used for control purposes.

The effect on human perception of anthropomorphic fea-
tures in a robot was among the first research in social robotics.
The Uncanny Valley is a well known model that relates
robot anthropomorphic features and the emotional response
of human observers. A significant number of robots has been
developed targeting the effects caused by their similarities with
humans (see for example [6]). A number of variations on
the original Uncanny Valley paradigm have been proposed,
namely that in [2], claiming that the emotional response by
the humans tends to flatten out as the human likeliness of the
robot increases beyond the valley region.

Still, perception is highly dependent on the characteristics of
the observing population. Results in [16] suggest that autistic
children tend to prefer robots with a plain aesthetics to doll-
like robots.

Besides the appearance of the robots and their behaviors
(see [8] on embedding spatial models in robots), expectations,
physical and social background factors, e.g., gender and age,
have been reported to influence the perception and attitude of
the humans towards the robot, [18], [19], [14]. In the case
of the pet robot PAROS (see [20]), [18] also report that the
authors conclude that a pet robot modeled as an unfamiliar
animal may foster interactions.

Negative judgements about robots by a specific human
population when questioned on a number of high level social
issues were reported in [5].

Frameworks to deploy social robots have been proposed
by multiple authors, namely [10] based on software design
patterns, [20] with the architecture used in the PAROS robot,



[17] for a personal assistant robot, and [11] for a home service
robot. However, the influence of the framework itself on the
perception of the observers has not been addressed in the
literature and hence it seems relevant to perform experiments
were the results can be coupled to a minimum with architec-
tural principles and assess that the human population models
obtained are reasonable.

The experiment in this paper addresses a basic concern,
namely, how to measure a population’s feelings when having
to live in a social space also inhabited by robots that move
not necessarily aiming at interacting with people. In this
mixed human-robot society, humans and robots interact only
in spatial terms, e.g., avoiding collision with each others, as
if each of them mind their own business. In a sense, this
corresponds to testing the basic social survival level that is
to be expected when developing more complex human-robot
societies. It can be argued that failing to pass this basic test,
i.e., not being able to fit statistical models to empirically
defined indices, implies an additional design effort in more
sophisticated levels of a social architecture. The results in
this paper show that, at this basic level of social interactions,
positive judgments can be expected.

The results obtained with the experiment suggest that simple
statistical models can be used to characterize the human
population in terms of empirically defined perception indexes.
Such models can then be used as reference for decision
systems managing more complex interactions between robots
and humans.

II. EXPERIMENTAL SETUP

The experiment in this section took place at IST/ISR
premises, using a network of cameras covering the corridors
linking the offices, common rooms, labs, and elevator lobbies.
The environment extends by three floors, connected by two
elevators and stairs. Figure 1 shows a map of the environment,
including the positioning of the cameras. All floors have
similar layouts, namely in elevator lobbies and corridors.
Currently, the lower floor contains only camera 1 whereas
the middle and upper floors contain 5 cameras each. For the
purpose of the experiment only the upper floor was used, i.e.,
cameras 2 to 6 in figure.
Figure 2 shows snapshots of the environment taken from a
subset of the actual cameras. Cameras are sampled at 0.5 Hz
average.

The robot is a standard unicycle (Figure 3) that moves either
teleoperated or autonomously. This human operator can not be
seen by anyone in the scenario.

Legal constraints impose that high visibility signs are dis-
played indicating that the facilities are being monitored by
surveillance cameras. It is worth to note that such constraints
may influence the expectations of people regarding the en-
vironment and hence may have an important effect in their
behaviors.

People moving around knew about the cameras installed but
was not aware that the robot was moving using the information
provided by the images from the cameras. It was uncommon

Figure 1. Global map of the environment

Figure 3. The robot used in the experiments

to have robots wandering in the corridors. Also, they had no
knowledge of any ongoing experiment.

The human population was composed by academic people
including faculty, researchers, and students, most of whom
acquainted to this particular class of robots, and administra-
tive people without background in robotics. Even people not
directly acquainted with robots and robotics in general, knew
about their existence as they are used to see robots either
parked in lab areas or being used during short periods and
always under human supervision (if not present at least directly
recognizable). The aesthetics of the robot is unambiguous and
it is unmistakenly classified as ”a robot” by a wide majority
of humans.

III. EXPERIMENT

The experiment was composed by two stages. In the first
stage the robot was launched in the environment at sparse
intervals for a period of nearly 1.5 months. During this period
the robot was active twice a day, on average, for periods from
10 to 45 minutes.

During the experiment the robot was either stopped or was
made wandering back and forth along the whole area covered



(a) Camera 3 (b) Camera 4

(c) Camera 5 (d) Camera 6

Figure 2. Snapshots of the environment

by the cameras either in autonomous or semi-autonomous
mode. When in semi-autonomous mode, the operator of the
robot was not in sight, that is none of the bystanders knew that
the robot was being teleoperated. The linear velocity varies
between 0 and 250 mm/s. Under fully autonomous mode
sometimes the linear velocity was set to 50 mm/s and the
operator was sometimes acting as a regular bystander.

For the duration of the first stage the following behaviors
were observable. Some people stopped and stared at the robot
for a few seconds before continue moving. Some people
completely ignored the robot. A few people stopped, staring
at the robot for a long time while maintaining a safe distance.

Figure 4 show a set of snapshots with aspects of the
observed behaviors

Figure 5 shows the space covered by the robot during one
typical activity period.

Given the background of the population and the fact that the
robot has neither aesthetic resemblance with humans nor any
other anthropomorphic feature is involved one can conjecture

that the curiosity shown by people is due to the motion of the
robot.

For the second stage of the experiment an online survey was
conducted. The survey was composed by 3 groups of questions
(see Table I). Following the ideas that spatial features may
influence human perception (see the notions in proxemics de-
veloped by [7]) and constrain interactions, the survey includes
questions on spatial knowledge.

Of course, the selection of the questions in the survey is far
from clear.

The survey was available for approximately 1 week, during
which the robot continued to have the same activity periods
normally as before, in stage 1. The duration of the survey
was chosen so to give the population enough time to answer
the survey. Moreover, if the experiment were stopped before
starting the survey there would be people that would forgot
their own perception of the robot during the period the survey
was online (an analogous situation is reported in [21] where
answers by participants in a proxemics study would sometimes
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Figure 4. People and the robot

(a) (b)

Figure 5. Examples of the area covered by the robot



Id
Question Possible answers

General knowledge

KE1 Have you noticed a robot wandering around the corridors
at floor 8 ?

Yes, No

KE2 On average how often do you go to floor 8? Always at floor 8, More than 5 times a day, Between 2 and 4 times per day, Between
0 and 1 times per day, Never

KE3 How do you rate your knowledge about floor 8 ? Very good, Good, Average, Poor, None
KE4 How do you rate your knowledge on robotics ? Expert, Good, Average, Poor, None

Knowledge on robotics

KR1 How do you rate your knowledge on human-robot inter-
action issues ?

Expert, Good, Average, Poor, None

KR2 Have you ever programmed a robot ? Yes, No
KR3 Select the components you are familiar with among the

following list
Control architectures, Low level control, Path planning, Kinematics, Trajectory gen-
eration, Obstacle avoidance, Motor control, Dynamics, Communications, Sensors,
Actuators, None

Knowledge on the experiment

EK1 How do you rate the motion of the robot ? Steady/precise motion, Cautious motion, Vague/ambiguous motion,
Jerkey/shakey/trembling/imprecise motion, Don’t know, No answer

EK2 How do you rate the velocity of the robot Very fast, Fast, Normal, Slow, No answer
EK3 How do you feel about the motion of the robot ? Safe, Unsafe, Other, No answer
EK4 How do you feel about the intention of the robot ? Understand where the robot was going, Not sure where the robot wanted to go, Missed

completely the idea, No answer
EK5 What do you think about the aesthetics of the robot ? Would prefer a more human-like appearance, Feel comfortable as it is, Looking forward

for improvements, Indifferent, No answer
Table I

SURVEY QUESTIONS; 3 GROUPS ASSESSING GENERAL, ROBOTICS, AND EXPERIMENT RELATED KNOWLEDGE LEVELS

be at odds with their recollections and conscious perceptions).
Still, the experiment provided qualitative evidence (direct
observation from the video cameras) that knowing that a
survey was running influences the perception of the target
population with several people explicitly testing the obstacle
avoidance capabilities of the robot. Table II details the raw
data. The total of answers corresponds to approximately 2/3
of the total population with regular access to the premises.
A total of 41 people submitted the survey, of which 39 were
considered valid and 4 were not completed. (the dimension of
the sample population is comparable to other studies in the
literature, e.g., [14]). The ”Ai” and ”SQ0ij” codes are ordered
as the ”Possible answers” in Table I.

Answers that were not completed were still selected for
processing. In fact, not completing a survey can be considered
as an expected behavior by a typical population and hence it
is relevant data for modeling purposes. Therefore, all the 39
answers that completed the first group of questions were thus
selected for processing.

The symbolic data from the survey was first converted
to numerical format for processing. In general, when Likert
type questionnaires such as the one used in this study are
translated into a numerical format descriptive statistics need

to be carefully interpreted as their numerical values depend
on the scales used to translate the raw data. Even though
the order relation between the raw data may be preserved
by the coding, the values obtained from the statistics may
be meaningless. Figure 6 shows boxplot charts with mean and
standard deviation statistics, clamped to min and max values
(plot a), and 1st and 3rd quartile statistics (plot b). One can
obtain information on the dispersion of the samples around the
mean and in some cases quantitative conclusions. For example,
the plot shows that questions KE1, KR2, EK1, EK2, and
EK4 exhibit a large dispersion which may indicate that they
will not be useful to extract strong conclusions though it is
still worth assessing how statistical inference methods perform
under such disturbances.

Comparing the left and right plots one can conclude that for
some questions it is not easy to fit first and second order
moments. This is the case of questionsKE4, KR1, KR2, and
EK3 were the dispersion of the observations do not show a
clear agreement with that obtained from mean and variance
statistics estimated from the data.

Typical statistical analysis for ordinal datasets include
the Mann-Whitney, Wilcoxson, and Kruskal-Wallis non-
parametric statistics which basically test the hypothesis that



Id Answers Totals

KE1 A1 A2
22 17 39

KE2 A1 A2 A3 A4 A5
12 0 3 21 3 39

KE3 A1 A2 A3 A4 A5
21 9 7 2 0 39

KE4 A1 A2 A3 A4 A5
10 21 5 2 1 39

KR1 A1 A2 A3 A4 A5
0 9 20 6 1 36

KR2 A1 A2
32 4 36

KR3 SQ001 SQ002 SQ003 SQ004 SQ005 SQ006 SQ007 SQ008 SQ009 SQ010 SQ011 SQ012
26 18 20 24 20 19 17 17 16 23 11 2 -

EK1 A1 A2 A3 A4 A5 NULL
0 12 4 0 6 13 35

EK2 A1 A2 A3 A4 NULL
0 0 5 15 15 35

EK3 A1 A2 A3 NULL
16 2 1 16 35

EK4 A1 A2 A3 NULL
0 10 8 17 35

EK5 A1 A2 A3 A4 NULL
1 9 6 4 15 35

Table II
TOTAL ANSWERS BY QUESTION

(a) 1σ dispersion around the mean (b) 1st and 3rd quartile dispersion around median

Figure 6. Raw results from the survey

a number of samples came from the same population. For the
present case there is only one sample from a single population
and each of the groups of questions came from the sample
population so the analysis technique chosen is different. The
key argument that justifies that a single sample was obtained
is the aforementioned strong evidence that the behavior of the
population changes as they know that a survey is being carried
on. Therefore taking further samples (and surveys) may not
lead to meaningful results if the goal, as in this paper, is to
establish a baseline.

The first analysis performed is the assessment of a number
of hypothesis (see Table III) that combine multiple questions
in the survey. Each of these hypothesis is related to a number
of the questions in the survey.
The numerical value of each hypothesis is obtained by (i)
normalizing the raw values of each answer to the interval [0, 1]
to remove scaling differences introduced by the coding, and

H0 The population is somewhat knowledgeable about robotics
H1 People knowledgeable about robotics is concerned with aesthetics
H2 People knowledgeable about robotics tend to accept better the motion

of the robot
H3 People knowledgeable about the space and robotics tend to be con-

cerned with aesthetics
H4 People not knowledgeable about the space tend to be concerned with

motion
Table III

HYPOTHESIS UNDER TESTING FROM THE SURVEY DATA

(ii) use a linear combination of a subset of the questions in
the survey to represent each hypothesis to test as follows,



H0 = KE1 +KE4 +KR1 +KR2 +KR3

H1 = KE1 +KE4 +KR1 +KR2 +KR3 + EK5

H2 = KE1 +KE4 +KR1 +KR2 +KR3 + EK1 + EK4

H3 = KE1 +KE2 +KE3 +KE4 +KR1 +KR2 +KR3 + EK5

H4 = KE1 + (1−KE2) + (1−KE3) + EK1 + EK2 + EK3,

and (iii) assess the likelihood that each of the hypothesis values
were obtained from a normally distributed population. The
normal distribution model has a natural drawback, namely if
the dispersion is high there will be a large probability mass
that is meaningless as it falls outside the admissible range.
Though data can be tested against other distributions, normal
models are commonly used as they tend to simplify formal
analysis and hence they will be used in the paper.

From Table II, question KE1 suggests that only 22 people
actually saw the robot moving around. However, this does not
mean that only 22 records are validated as it is possible that
some people misunderstood the question or have deliberately
fake the answers. In a sense this is a bias noise that is expected
when having humans answering a survey (including the wrong
planning of the survey that may also bias the results).
H0 to H3 use data from questions KE4, KR1, KR2, and

EK3. The dispersion shown in Figures 6 provide qualitative
information that can be used to choose the parameters for the
normal distribution the data is to be fitted to.

High values for hypothesis H0 are expected to be obtained
from a population highly knowledgeable in robotics. For H1,
the high values would be from a population knowledgeable in
robotics and favoring the interaction with human-like appear-
ance robots. H2 evaluates the perception of the population
on the intention of the robot while moving. H3 adds the
knowledge of the space where the experiment occurred to H1

to evaluate the importance of the knowledge of the experiment
site on the perception. For H4, the lack of knowledge on the
experiment area and the concerns on the motion of the robot
yield high values.

Following standard methodological recommendations (see
[12]) multiple analysis strategies were used. Table IV shows
(i) the results of a χ2 test of each Hi against the hypothesis
that the sample has a priori specified N(µ, σ2) distribution,
and (ii) a Lilliefors test for undefined µ and σ2 (see [4], [1]).
Both tests use a significance of 0.01.

χ2 tests Lilliefors tests
µ σ2 T (χ2)−1

1,0.99 D Crit. val.
H0 4 12 0.816 6.635 0.129 0.165
H1 4 0.92 6.882 6.635 0.117 0.165
H2 6 32 0.816 6.635 0.154 0.165
H3 4 32 0.017 6.635 0.150 0.165
H4 2.5 1.52 2.266 6.635 0.223 0.165

Table IV
NORMALITY TESTS FOR THE Hi INDEXES

The T values represent the χ2 statistics and for all Hi show
very good accordance with the null hypothesis, i.e., each of
the combinations of answers can be interpreted as having been
generated by normal populations.

Though the clearly positive answer by the χ2 test on the
acceptance of the null hypothesis for all the Hi, according to
Lilliefors test H4 is to be rejected,as the D statistics values are
above the critical value. It is worth to note that the χ2 test uses
well defined reference distributions with what to compare the
observed data, whereas Lilliefors’ creates its own estimates
directly from the dataset. Also, the relatively small size of
the population may have an influence and no outlier removal
is used on the raw data (note that some authors suggest that
outliers are removed prior testing, [15] whereas others suggest
the opposite, [9]).

Despite the rejection of H4, the results suggest that the
normality assumption can often be used when combining data
from different questions, i.e., normal population models can
often be obtained under such assumption.

The final stage of the analysis uses the Kruskal-Wallis test
to test to assess the overall consistency of the survey (and of
the Hi chosen) with the null hypothesis that all the Hi came
from the same population. Each of the Hi has its own range
of values and hence before applying the test it is necessary
to normalize the Hi to avoid that different scalings biases the
test. Table V shows the data from the Kruskal-Wallis test.

Total
samples

Sample
size

Kruskal-Wallis
H statistics

(χ2)−1
4,0.99 P-value

5 23,26,27,
27,21

4.533 13.276 0.339

Table V
KRUSKAL-WALLIS TEST DATA

Since H < (χ2)−1
4,0.99 one concludes that the null hypothesis

is accepted at 0.01 significance.

IV. CONCLUSIONS

The results suggest two main conclusions. The first is that
meaningful indexes to assess perception can be empirically
constructed from questionnaire data. Moreover, as a second
conclusion, these indexes are consistent in the sense that the
different indexes preserve statistical properties of the original
dataset.

The statistical analysis of the results obtained with the
experiment suggest also that simple statistical models can be
used to characterize the human population in terms of simple
perception indexes.

The set of indexes form a model of the human population
that can be used as reference for decision systems managing
complex interactions between robots and humans as in mixed
societies. In a fully integrated experiment, some of the terms in
the Hi can be drawn from a database as the robot recognizes
the persons, e.g., their knowledge on robotics. Other terms
can be estimated in real time, e.g., the rating of the robot
velocity as a function of the distance to the robot maintained
by people. The observations can then be compared with the
reference statistical models and the result used, for instance,
to adapt the motion policies of the robots.
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