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Abstract—Autism Spectrum Disorder (ASD) is a neural devel-
opment disorder characterized by specific patterns of behavioral
and social difficulties. Beyond these core symptoms, additional
problems such as absence of gender differences identification,
interactional distortions of environmental and family responses
are often present. Taking into account these emotional and behav-
ioral problems researchers and clinicians are hardly working to
design innovative therapeutic approaches aimed to improvesocial
capabilities of subjects with ASD. Thanks to the technological
and scientific progresses of the last years, nowadays it is possible
to create human-like robots with social and emotional capabil-
ities. Furthermore it is also possible to analyze physiological
signals inferring subjects’ psycho-physiological state which can
be compared with a behavioral analysis in order to obtain a
deeper understanding of subjects reactions to treatments.In this
work a preliminary evaluation of an innovative social robot-based
treatment for subjects with ASD is described. The treatment
consists in a complex stimulation and acquisition platform
composed of a social robot, a multi-parametric acquisitionsystem
and a therapeutic protocol. During the preliminary tests of
the treatment the subject’s physiological signals and behavioral
parameters have been recorded and used together with the
therapists’ annotations to infer the subjects’ induced reactions.
Physiological signals were analyzed and statistically evaluated
demonstrating the possibility to correctly discern the twogroups
(ASD and normally developing subjects) with a classification
percentage higher than92%. Statistical analysis also highlighted
the treatment capability to induce different affective states in
subjects with ASDs more than in control subjects, demonstrating
that the treatment is well designed and tuned on ASDs deficits
and behavioral lacks.

Index Terms—Autism Spectrum Disorder; Social Robot;
Human-Robot interaction; Statistics; Pattern Recognition; Scene
Analysis; Gesture Recognition; Physiological Signals

I. I NTRODUCTION

Nowadays personality disorders have become a social
plague that very often lead to segregation and social impair-
ment. Various scientists starts to affirm that it is time to reject
the notion that people with personality disorders are beyond
help. It is possible to help them to improve their social skills
through social and emotional therapies that will show them
how to deal with daily life social scenarios [1].

As demonstrated by various robot scientists [2], [3] high
quality and very realistic social robots can be used to convey

emotions and create empathic links with humans. These robots
may become an innovative tool for training people with social
and emotional disabilities such as Autism Spectrum Disorder
(ASD).

Currently, there are not yet standards for validating social
robot treatments. Hence, innovative methods are required to
evaluate how subjects with social disabilities interpret human-
like signs expressed by social robots and how they feel during
interactions with these artificial partners.

Affective therapies and Human-Robot Interaction protocols
are usually evaluated using psycho-physiological measures,
self-report annotations and behavioral observations [4]–[6].
Currently, each of all these methods is used singularly resulting
in a not sufficient understanding of the subject’s feeling
during the interaction with the social robot. A clinical step
forward in assessing the affective information and inferring
the underlying subject’s affective states can be achieved by
integrating all these methods together obtaining a multi-
parametric assessment.

In the context of the IDIA (Inquiry into Disruption of
Intersubjective equipment in Autism spectrum disorders in
childhood) project, an innovative Human-Robot Interaction
based treatment called FACET (FACE Therapy) [7] has been
developed. The underlying hypothesis of FACET is that,
using a robot capable of emotionally interact with people,
a therapist can guide subjects with ASDs in facing social
scenarios specifically designed to an affective and social
content. Consequently, the validity of the FACET hypothesis
strongly depends on the capability of the treatment to convey
affective stimuli involving the subjects and inducing in them
social related emotions.

Affective and emotional involvement induced by the robot
is the core of this therapeutic protocol but unfortunately it is
very difficult to trigger, to analyze and to asses in ASDs.

In literature, it is well known that induced emotional stimuli
elicit sympatho-vagal balance variations providing physio-
logical signal changes (e.g. Heart Rate Variability (HRV)
from Electrocardiogram (EKG) and ElectroDermal Responses
(EDR)) [8], [9].

For this reason physiological data collected during FACET



tests together with preliminary therapist’s evaluations were
analyzed to investigate if the designed protocol was able to
trigger subjects’ attention and in particular if the therapist-
driven interaction with FACE was able to induce different
reactions in ASDs and in normally developed (NDev) subjects.

II. M ATERIALS AND METHODS

FACET is a complete therapy infrastructure based on the
integration of three main components:HIPOP (Human In-
teraction Pervasive Observation Platform), a multi signals
acquisition system installed on the FACET therapeutic room;
FACE(Facial Automaton for Conveying Emotions), an android
able to replicate human facial expressions;The therapeutic
protocol which aims at conveying emotions in subjects with
ASDs mimicking social scenarios.

A. HIPOP

HIPOP is an innovative multi-channel acquisition platform
designed to be modular and flexible. In HIPOP data syn-
chronization and integration are guaranteed by the underlying
architecture allowing experimenters to easily conduct multi-
parametric studies. Currently the platform is able to acquire
the following data:

• Heart Rate and Breath activitythrough a sensorized
wearable shirt developed by Smartex [10];

• Electro Dermal Activity signalthrough a dedicated elec-
tronic unit developed by our team [11], [12] and con-
nected using two textile electrodes to the second and third
finger of the subjects non dominant hand;

• Eye Gazeinformation through Hatcam a wearable eye
tracking system integrated with a inertial platform unit
[13];

• Facial expressions performed by FACE and its state;
• 3D scene and soundthrough SAS a Scene Analysis Sys-

tem based on the Microsoft Kinect described in Section
II-A1;

• Video of the therapeutic sessionthrough two motorized
pan/tilt/zoom cameras mounted on the FACET room
corners;

• Subject’s voicethrough a wireless microphone attached
to the Smartex E-Shirt;

• Subject’s movements and activitythrough a dedicated
inertial platform integrated in the E-Shirt electronic unit;

1) HIPOP 3D Scene Analysis and Gesture Recognition:
One of the most important module of the HIPOP platform
is the Scene Analysis System (SAS). SAS is an independent
module implemented as a standalone application that com-
municates with HIPOP or directly with the FACE android
through YARP framework [14]. SAS is based on three distinct
layers dedicated to:acquisitionof raw data from the Microsoft
Kinect sensor,extractionof the subjects’ positions and basic
parameters andcreation of the ”Meta-Scene”, that is a high
level description of the FACET room scene.

The Microsoft Kinect acquisition module manages the con-
nection with the hardware and acquires the raw data from the
Microsoft Kinect Software Development Kit (SDK). Kinect

SDK gives access to the raw RGB and Depth images acquired
by the Kinect, to the position of up to six subjects in the scene
and to the coordinates of the body joints (Skeleton) of the two
subjects closest to the Kinect [15].

Kinect RGB image is passed to the parameter extraction
module which use it as input for various video analysis
libraries. Subject’s facial features and expressions are extracted
using SHORE (Sophisticated High-speed Object Recognition
Engine) [16]. SHORE is a C++ library developed by Fraun-
hofer Institute [17] that extracts in real-time various facial
features reported in Table I) without require any calibration
procedure.

In order to identify people present in the scene, all faces rec-
ognized by SHORE are extracted and passed to a PCA-based
(Principal Components Analysis) engine [18] that compares
them with a training data set. PCA-based face identification
systems are very fast allowing training procedures to be run
at runtime to upgrade the data set with new subjects’ pictures.

Skeletoninformation are passed to a gesture recognition
library based on a Hidden Markov Model (HMM) algorithm
[19] used together with a neural network based engine [20] to
recognize gestures and upper body movements. The gesture
recognition system is currently under development and it can
only recognize basic gestures such as hand waving or similars.

Once all the scene parameters are extracted, they are elabo-
rated by the meta-scene creation module for creating a meta-
description of the environment which contains a detailed high
level description of all the subjects involved in the scene (see
picture 1). A unique ID is assigned to each subject in the
scene and associated with the names stored in the recognition
database. ID is maintained also if the subject leaves the scene
in order to avoid ID reassignments.

The meta-scene creation module also extracts other parame-
ters derived from data comparison and fusion. For each subject
thespeaking probabilityis calculated by comparing the sound
angle and beam with the subject’s 3D position. Once a speaker
is identified, a text to speech engine [21] is activated for
recognizing the words pronounced by the identified speaker.

One of the key point of the SAS module is the possibility
to extract different low and high level data from at most six
subjects involved in the FACET scenarios using a completely
unobtrusive approach that is fundamental in HRI affective
studies and mandatory in ASDs oriented treatments.

B. The FACE android

As described in [22], FACE is a female humanoid head able
to mimic very realistic human facial expressions. Thanks to
the mechanical properties of its silicone-based skin and the
dedicated facial expression generation engine called HEFES
(Hybrid Engine for Facial Expressions Synthesis) [23], FACE
is capable of replicating several facial expressions in a nat-
ural way. HEFES engine allows therapists to easily create
social scenarios in which FACE expresses complicated facial
expressions. Facial expressions are selected using the ECS
(Emotional Cartesian Space) where the six basic expressions
defined by Ekman (happiness, sadness, surprise, anger, fear



TABLE I
3D SCENE ANALYSIS EXTRACTED PARAMETERS

Used Library Extracted Features

Kinect SDK library

- Subjects’ position(up to 6 people)
- 20 body joints coordinates(for only 2
subjects closest to Kinect)
- Sound direction and beam angle

SHORE library

Face, eyes, nose and mouth positions
- Eyes and mouth state(open/close)
- Gender classification(male/female)
- Age estimation(years)
- Facial expressions(”Happy”, ”Sur-
prised”, ”Angry” and ”Sad” as percent-
age)
- Face rotation (up to ± 60 degree
referred to the image plane)

PCA based engine
- Subject ID (name indicated in the
training database)

Neural network and HMM
algorithm

- Gestures and body movements(under
development)

Derived parameters
- Speaker probability(as percentage)
- Pronounced words(associated with
the identified speaker)

Fig. 1. 3D Scene Analysis System Interface.

and disgust) [24] are placed and used as input parameters to
interpolate additional complex expressions.

C. The Therapeutic Protocol

The FACET preliminary protocol described in this paper has
been developed to evaluate the effectiveness and performance
of the entire platform in engaging attention and inducing
changes in the ASDs subjects’ affective state. To achieve this
goal FACET protocol has been divided in six phases in which
the therapist gradually drives the subject-robot interaction:

• Baseline recording: the subject’s resting state is recorded
for 5 minutes acquiring a baseline for physiological signal
analysis;

• Familiarization: the subject spontaneously approaches to
the robot without the therapist’s guide;

• FACE’s expressions: the robot performs a set of facial
expressions and the subject is invited by the therapist to
observe, label and imitate them;

• Therapist’s expressions: the therapist performs the same
set of facial expressions inviting the subject to observe,
label and imitate them;

• Shared attention: subject’s shared attention capability is
tested moving the gaze direction and head orientation
of FACE in order to trigger subject’s attention towards
another object (the Robosapiens toy on the left in Figure
2);

• Free play: the subject is free to play with toy robots and
to observe the android.

Fig. 2. A child interacting during the ”Free Play” phase withthe FACE
android

D. Recruitment of Eligible Subjects

In the IDIA project 5 children with ASDs (5 males) and 15
normally developing children (11 males and 4 females), aged
6-12 years, were recruited for preliminary evaluation tests.
Children with ASDs were diagnosed according to the criteria
of DSM-IV [25] and with the validation of ADOS [26] and
ADI-R [27]. Children with mental retardation and an IQ below
80 (valued through the Wechsler Scale) were rejected in order
to test the protocol on a homogeneous population.

E. Subjects Behavioral and Interaction Analysis

Subjects’ therapies were recorded during psychologist
driven interaction with FACE using the two HD cameras
of the HIPOP platform. Videos were analyzed separately by
3 therapists and used together with annotations to identify
time references of the protocol sessions for physiological



signal analysis. Videos and annotations were also used to
evaluate subjects’ behavioral reactions and ability to classify
facial expressions performed by FACE and the psychologist.
Labeling capability was evaluated by calculating the percent-
age of correct expressions recognition. Response to shared
attention was evaluated by changing FACE’s gaze direction
from the subject to a toy robot (Robosapiens) placed on
the right of FACE android. The robot is placed outside of
the therapeutic triangledefined by the subject, the FACE
android and the therapist. Subject shared attention capability
was calculated as the number of times on which the subjects
followed FACE’s eye gaze divided by the total times on
which FACE’s gaze direction changed. Spontaneous social
interaction was evaluated by counting how mamy times the
subjects engaged spontaneous conversations with FACE and
with the psychologist divided by the total number of engaged
conversation.

Both shared attention and social interaction capability data
were averaged for the two groups (ASDs and control).

F. Physiological Signals Analysis

Physiological signals analysis aimed at:
• Asses the protocol capability to evoke different Auto-

nomic Nervous System (ANS) reactions in NDev and
ASDs subjects;

• Identify pattern of features and/or their combinations able
to discriminate the two populations (NDev and ADS);

• Use identified features to asses, through statistical anal-
ysis and pattern recognition techniques, the treatment
capability to evoke different ANS reactions among the
various protocol phases in the two populations.

Statistical analysis was performed on two stages. The first
stage was aimed to study the homogeneity of the two groups
of subjects while the second stage was aimed to detect if there
were statistical significant differences in the physiological
modifications induced by the elicitation protocol sessions. Af-
ter the normalization of all features with the baseline acquired
during the rest session, non-parametric methods were adopted
due to the non-Gaussian distribution of the data. In particular
in the first statistical stage, Kruskal-Wallis (KW) test wasused
to compare the features extracted from the subjects belonging
to the same group to confirm its homogeneity. The second
statistical stage was carried out using Mann-Whytney (MW)
test for calculating if there were statistical differencesbetween
the two above mentioned sessions for each feature derived by
EDR and HRV.

Before applying pattern recognition methods, a feature
projection methodology was performed using PCA [28] to
reduce the large amount of extracted features. PCA is a linear
transformation of variables in principal components able to
explain the90% of the total variance (15 components). Finally,
a pattern recognition was performed on the reduced features
using the non-parametric classifier K-Nearest Neighborhood
(K-NN). This neighborhood concept-based classifier statesthat
a sample, in a n-dimensional space, belongs to the nearest
class. The K-NN classifier was used with two goals: the

first goal was referred to all the population of the recruited
subjects and consisted of detecting how much was the ability
of discerning NDev vs. ADS, the second goal (within each
group) was determining the capacity of recognizing two pro-
tocol sessions (Familiarization and FACE’s expressions). All
of the results were expressed as percentage of recognition.
The classification analysis was performed using 40-fold cross-
validation steps.

TABLE II
HRV AND EDR EXTRACTED FEATURES

Signal and Domain Extracted Features

HRV Time domain

Mean RR (ms)
STD RR (ms)
RMSSD (ms)
NN50 (count)

pNN50 (%)
HRV tri index

HRV Frequency domain

VLF (Hz)
LF (Hz)
HF (Hz)

VLF (ms
2)

LF (ms
2)

HF (ms2)
LF/HF ratio

LF (normalized unit,n.u.)
HF (n.u.)

HRV Non linear

Mean line length (beats)
Max line length (beats)

Recurrence rate, REC (%)
Determinism, DET (%)

Shannon entropy
Div

alpha1
alpha2

SampEn
Correlation dimension, D2

EDR

AUC @ 2Hz
AUC @ 0.2Hz

MeanAmp @ 2Hz
MeanAmp @ 0.2Hz

PeakN @ 2Hz
PeakN @ 0.2Hz

Derivative PeaksN @ 2Hz
derivative PeaksN @ 0.2Hz

III. R ESULTS

The aim of this preliminary data analysis was to demonstrate
the FACET protocol capability to trigger the subjects’ attention
and to be focused on ASDs deficits. Physiological signal
statistical analysis confirmed the homogeneity of the two
groups. In particular, EDR features had a p-value greater than
0.7 and HRV features had a p-value greater than0.05.

Statistical results of the MW test applied to compare data
coming from the two sessions showed a p-value< 0.05 for
all of the EDR extracted features and a p-value> 0.05 for all
of the HRV-features.

Classification results highlight the FACET capability to
discriminate the two population with a recognition percentage
of the classifier greater than92%.

Even though the above statistical results showed significant
differences between the two sessions for both groups, session
classification analysis provided that the step 2Familiarization



and 3FACE’s expressionswere discernible with a classifica-
tion percentage greater than85% for ASDs subjects and only
61% for normally developing subjects.

Concerning the subjects’ labeling capability, as shown in
Figure 3, emotions like Happiness, Anger and Sadness were
labeled without errors by ASDs and control subjects if per-
formed by the therapist or by FACE. On the contrary both
ASDs and normally developing children showed difficulties
in recognizing Fear, Disgust and Surprise performed by both
the therapist and FACE android.

Behavioral analysis showed a higher social attraction for
FACE from ASDs subjects than from the control group. All
ASDs subjects against only60% of control subjects sponta-
neously followed the FACE’s gaze moving their gaze towards
the Robosapiens toy.

Moreover subjects with ASDs interacted with FACE estab-
lishing spontaneous conversation with android in55% of the
cases demonstrating a higher interest in the android than the
control subjects (30% of the cases).

Fig. 3. Expressions labeling of ASDs and control subjects for facial
expressions performed by FACE and by the therapist

IV. CONCLUSION AND DISCUSSION

In this preliminary study the capability of the FACET
protocol to evoke different reactions in normally developing
and ASDs subjects has been validated. Homogeneity of each
group has been demonstrated by the statistical analysis in
agreement with the IDIA project medical diagnosis. The clas-
sifier accurately distinguished the two classes of subjectswith
a percentage greater than92%. Our statistical results showed
that EDR derived features were able to discriminate ASDs
and normally developing psycho-physiological reactions better
than HR. Demonstarting that EDR may be a good candidate
for ASD treatment protocols and therapies evaluation.

Concerning the two protocol phases discrimination (Famil-
iarizationandFACE’s expressions) with K-NN classifier a per-
centage greater than85% was obtained for ASDs group while
< 66% was obtained for NDev group. These statistical results
highlight that the phases 2 and 3 of the FACET protocol were
well designed and tuned on behavioral peculiarity of ASDs
evoking in them discernible psycho-physiological changesnot
identified NDev subejcts.

Concerning facial expressions interpretation similar per-
formances have been found within the two groups. ASDs
and control groups recognized without problem Happiness,
Anger and Sadness. Emotions like Fear, Surprise and Disgust
were difficulty labeled by both groups, in particular by ASDs
in agreement with [29], [30]. These similar performances
between the two groups could be explained by the subjects’
age (6 to 13 years). According to some authors [31]–[34], the
ability to recognize emotions develops from childhood to ado-
lescence. Young children can identify simple emotions (Hap-
piness and Sadness) better than more complicated expressions
(Fear, Anger and Disgust). These facial expressions could
be recognized correctly from 11 years old. Therefore ASDs
and control groups showed better performance in recognizing
facial expressions represented at100% intensity (Happiness,
Sadness and Anger) which may also have produced ceiling
effects while they failed to recognize expressions of mixed
intensities (Fear, Surprise, Disgust) in agreement with Smith
[35].

Despite the low number of subjects, these preliminary
results show that the protocol had different effects on the
two groups and that the FACET platform is able to actively
involve subjects with ASDs. ASDs group uses non-verbal and
verbal communication to make create social links with FACE
which looks to be considered as anactive partnerin the social
interaction as demonstrated by the high number of spontaneous
conversations started by ASDs with the android.

Thanks to its predictable and stereotyped nature FACE
perfectly fits ASDs behavioral attitude presenting them expres-
sions in an understandable and consequently accepted way.

Looking at these preliminary results FACE is well accepted
by ASDs triggering in them interest and active participations
to the treatment without induce stress or embarrassment due
to expressions incomprehension.

The results allow us to consider FACE as acommunication
tool that can be used in human-robot social interaction studies
with subjects with ASDs.

Certainly, this preliminary results need an increased number
of subjects in order to achieve a higher statistical significance.
Moreover, systematic protocol administration errors thatcan
affect the results could be avoided randomizing the order ofthe
sessions. Future works could aim at investigating the long-term
effect of the protocol analyzing the two groups of subjects for
longer period and the possibility to use FACET as continued
therapy.
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