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Executive Summary
This deliverable presents the results of the task T4.2 “Empathic communication
channels”, which has been carried out in the context of the European Union (EU)
HORIZON 2020 Programme (H2020) Research and Innovation Action RAMCIP.
The deliverable has been developed in the scope of WP4 of the RAMCIP project,
responsible for developing the RAMCIP methods for “Human Robot
Communication”. Its aim is to describe the methods that have been established
through the T4.2 efforts, focusing on the development of the RAMCIP robot’s
capability to detect affective aspects of its user and also perform affect-related
robot actions.
In this line, after a brief introduction (Section 1) and a summary of related works
which were investigated in the scope of this task (Section 2), accompanied from
an outline of the key advances beyond the state-of-art that were introduced from
the present research efforts, the two core sections of the present deliverable
describe the results that were obtained in the scope of Methods for the
recognition of the user’s affect (Section 3) and the Affective outputs of the
RAMCIP robot (Section 4).
More specifically, Section 3 presents the emotion recognition methods that have
been researched and developed for the RAMCIP robot. In this respect, we
followed a multi-modal approach, by employing three modalities towards the
detection of RAMCIP target affective states (stress, sadness, anger and
happiness), following the analysis of user requirements of the RAMCIP deliverable
D2.1; facial expressions recognition, affect-related body activity analysis and
biosignals. State-of-art approaches involving the above modalities have initially
been researched and were extended with a view on improving the effectiveness
and robustness of automatic emotion recognition in the scope of the RAMCIP
target application scenarios and end users.
Emphasis was put on developing more robust affect recognition schemes by
advancing the state of art in affect-related body activity analysis; recent
advances were further extended to combine a wide range of body activity –
related features extracted from the tracked user’s skeleton. Alongside, a novel
approach integrating facial expression recognition, affect-related body activity
analysis and biosignals processing was developed, which through experimental
evaluation, led to improved effectiveness on the automatic recognition of our
target affective states, in a population taken from our target end user groups.
Thereafter, Section 4 of the present deliverable presents the research that was
conducted for developing the affective outputs of the RAMCIP robot and the
respective results. In this scope, an animated screen allowing the robot to
express emotions through facial expressions was developed, along with a
framework for the corresponding modification of the robot’s speech intonation.
Both of the above affective robot output elements are dynamically adapted in the
course of the target RAMCIP sub-Use-Cases (subUCs). Alongside, an extensive
affective robot output policy has been developed, defining the effects that
detected user affect (recognized through the ER methods of Section 3) has on the
robot’s cognitive functions towards affect-related modifications on the robot’s
behaviour during the target subUCs.
In this respect, a novel integrated framework for drawing inference on the user’s
mood based on the detected emotions and subsequently, using this knowledge so
as to augment the robot’s cognitive functions towards further personalized
assistance provision, has been developed. In our approach, long-term (on daily
basis) and short-term (on hourly basis) inference on the user’s mood is
performed. Based on the former, in case of significant deviations to the user’s
typical daily behaviour, the stimulation of robot actions involved in the subUC8.1
of the RAMCIP project (Communication with relatives and friends) are triggered.
October 2016
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Based on the latter, and in case that negative short-term user mood is detected,
a series of robot behaviours involved in the target RAMCIP subUCs are adapted,
in an effort to facilitate the user into maintaining positive affect. Among others,
this includes also adaptations to the robot behaviour in the course of subUCs, so
as to induce a more positive feeling of care to the end user and more positive
emotions.
Following the above, Section 5 describes the experimental evaluation approach
that has been followed for the algorithms and methods developed in T4.2.
Specifically, given the absence of a publicly available multimodal dataset for
emotion recognition, involving our target user groups, a corresponding data
collection experiment has been conducted, at the premises of the RAMCIP LUM
partner. This experiment involved older adults with memory problems, MCI and
early AD patients, whose facial expressions, body activity and biosignals were
monitored during the induction of our target affective states. The dataset was
used for the evaluation of the project’s emotion recognition methods. Moreover,
further experiments were conducted with MCI and early AD patients, focusing on
the RAMCIP affective outputs, so as to validate the facial expression and speech
intonation affective output modalities developed in T4.2.
Finally, Section 6 summarizes key aspects of the RAMCIP empathic
communication channels, providing further insight on how the developed modules
can serve in scenarios with the target user population in practice, while Section
7 draws conclusions on the efforts and results of T4.2, as described in the present
deliverable.
The above research efforts have led to the development of corresponding
software prototypes which are being integrated in the RAMCIP robot. More
specifically, some of the developed methods will already be included on the
RAMCIP robot V1, as their use is considered in use cases of the RAMCIP
preliminary tests, while others, will subsequently be integrated on the V2 of the
RAMCIP robot.
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1. Introduction
1.1 Scope of the Deliverable
This deliverable presents the methods that have been researched and developed
in the scope of Task T4.2 “Empathic communication channels”, towards enabling
the RAMCIP robot to sense affective aspects of its user and also establish affectrelated robot behaviours. More specifically, the purpose of this task was to
research and develop the empathic communication channels of the robot, both in
terms of affective robot input and output; i.e. user affect recognition and affectdriven robot actions respectively.
In this line, the methods and approaches reported herein, concern first of all the
recognition of the user’s affective state (affective robot input). The particular user
emotions of interest for our case, as derived from the user requirements analysis
and use case definition of the RAMCIP project (WP2, D2.1), given also the fact
that our primary aim was to detect affective states indicative of the user’s
discomfort, were defined to be stress, sadness, anger, and on the other hand,
happiness. Towards detecting the target emotions, three modalities for
corresponding data collection from the user during the robot’s operation have
been employed; in particular, facial expression recognition, body pose and
gestures monitoring and biosignals. As had been originally planned, emphasis was
put on building upon the recent advances in body pose and gestures –based
affect recognition, investigating novel, more robust recognition schemes through
the fusion to facial expression recognition, while taking into account also
outcomes of biosignals monitoring. It should be noted at this point that, although
biosignals was not a modality originally planned to be employed in the RAMCIP
robot’s operation, during the user requirements analysis of WP2 (as reported in
the deliverable D2.1 of the RAMCIP project), the need for monitoring the user’s
biosignals also emerged; therefore, biosignals processing has also been
eventually employed in the context of task T4.2. In the scope of developing the
biosignals monitoring methods of T4.2, the approach for detecting emergency
cases related to the triggering of subUC1.2 (Screening for the user’s general
condition) has also been established.
All the three employed modalities were analysed on their effectiveness to lead
into the recognition of the user’s target emotions, either separately, or being
fused, within state-of-art machine learning frameworks. To this end, data
collection experiments with persons of the RAMCIP target end users group were
performed, involving the induction of the target emotions. Following an extensive
analysis of the collected data, the emotion recognition module of the RAMCIP
robot was established.
As defined in the T4.2 description of the RAMCIP DoA, the purpose of the
detection of the target affective states is to: (a) augment the robot cognitive
functions (T3.6) toward assisting the user, (b) to facilitate the communication
decision maker (T4.4) and (c) provide the robot with feedback over the effect
that an action had on the user, populating with this information the user’s VUM
(Virtual User Model). These issues are addressed in the affective output policy of
the RAMCIP robot, which has been developed in the context of T4.2, defining
mappings between detected user affect and robot actions that aim to induce
positive affect, as well as through the primary affective output modality of the
robot, the animated screen that allows the robot to express emotional states
through facial expressions, populating this way the human-robot communication
with facial expressions of the robot.
The methods described in the present deliverable, both for the robot’s affective
input and output, have led to the realization of the corresponding functional
modules that are integrated on the RAMCIP robot.
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1.2 Relation to other Deliverables
This deliverable presents the results of the task T4.2 of the RAMCIP project,
entitled “Empathic Communication Channels”, part of the project’s WP4, which
realizes the RAMCIP robot’s Human Robot Communication methods. This task is
responsible for establishing the RAMCIP robot’s empathic communication channels
that underlie human-robot communication, by closely taking into account the use
cases and requirements defined in the deliverable D2.1, as well as the technical
specifications and overall architecture of the RAMCIP robotic system, defined in
the project deliverables D2.2 and D2.3, respectively.
The user’s affective states detected from the robot’s emotion recognition methods
will populate (and use during the robot’s operation) specific corresponding
portions of the user’s VUM; the VUM is being developed in WP3 and will be
reported in D3.5 (The RAMCIP VUMs and cognitive functions). In addition, parts
of the robot’s affective policy relate to how the monitored user emotions affect
the overall robot’s behaviour, which is orchestrated by the robot’s cognitive
functions of T3.6 (D3.5). On the other hand, the robot’s facial expressions display
(animated screen) and the speech intonation module, similarly to the other parts
of the human-robot communication modalities developed in this WP (WP4), is
handled through the Communication Decision Maker (CDM), which is being
developed in T4.4 and will be reported in D4.4.

1.3 Deliverable structure
The deliverable is structured and organized in the following sections/chapters:
Chapter 1 provides the introduction of this deliverable and outlines its scope as
well as its relation to other deliverables.
Chapter 2 presents the related work and exhibits SoA methodologies for each of
the algorithms and methods that have been developed in the context of the
present deliverable.
Chapter 3 describes the algorithms and methods that have been developed
herein, towards implementing the RAMCIP robot’s capabilities of monitoring the
user’s affective states of interest (i.e. affective robot input). Specifically, the
chapter focuses first on the methods developed in respect of each utilized
modality separately (facial expression recognition, affect-related body activity
analysis, biosignals processing) and concludes with the methods developed for
the multi-modal fusion -based recognition of the target affective states. In the
scope of biosignals processing, chapter 3 describes also the approach that is
followed for the detection of emergency cases, related to the subUC1.2
(Screening for the user’s general condition).
Chapter 4 focuses on the affective robot’s output. Specifically, it first describes
the facial expressions display and the speech intonation module of the RAMCIP
robot and thereafter, the further parts of the robot’s affective output policy. The
affective output policy comprises three main parts. The first relates to the
dynamic changes of the robot’s facial expressions and speech intonation in the
course of the project’s target use cases, which are orchestrated by the RAMCIP
CDM. The further two parts relate to the effects of the detected user affective
states on the cognitive functions of the RAMCIP robot. Specifically, long-term and
short-term user mood inferences are performed on the basis of the outcomes of
the ER (Emotion Recognition) methods described in Chapter 3, which
subsequently, affect the robot’s decisions over its proactive behaviour and
assistive scenarios defined in the project’s target use cases. Indicatively, the
long-term mood inference is strongly related to subUC8.1 (Communication with
relatives and friends), as the detection of prolonged mood related to negative
affective states (e.g. stress, sadness) during a day, drives the robot’s decisions
for stimulating the robotic actions related to this subUC. On the other hand,
short-term mood inference, apart from providing further cues to the ADM for
October 2016
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engaging the robot in the subUC8.1 assistive scenario, provides also the robot
with the capacity to modify its assistive behaviour in a series of further subUCs,
being e.g., more proactive, so as to induce a more positive feeling of care to the
user and more positive emotions when needed, following also an affect-related
assessment of the effect that some of the robot actions had on the user during
the realization of its assistive behaviours.
Chapter 5 deals with the experimental evaluation of the algorithms and methods
described in the previous chapters. Emphasis has first of all been given at this
project stage on the evaluation of the emotion recognition algorithms presented
in Chapter 3. Experimental evaluation of the RAMCIP ER methods was performed
both on public datasets and on a multimodal dataset collected during the project,
so as to better suit our needs. Specifically, given the, to the best of our
knowledge, unavailability of publicly available datasets that (a) focus on our
target affective states of interest, (b) involve all modalities utilized herein and (c)
have been created from populations of our target end users, a corresponding
multimodal dataset has been collected through an experiment that involved the
induction of the target emotions on a population of our target user groups.
Chapter 6 summarizes key aspects of the RAMCIP empathic communication
channels, providing further insight on how the developed modules can serve in
scenarios with the target user population, during the RAMCIP robot operation in
practice.
Chapter 7 provides the conclusions about the methods presented in the previous
chapters, discusses the results and summarizes the findings.
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2. Related work
2.1 Emotion, mood and models of affect
In human everyday functioning, emotions, moods and overall, affective states,
interfere and paint the unique picture of the individual’s life. In the scientific
literature, a series of major attempts can be found towards structuralizing
definitions for the above.
The main definitions of emotion and mood differ depending on the field of
research1,2,3,4,5,6,7. As well the complexity of the emotion classification differs
depending on the approach taken. In the following analysis, relevant definitions
that are typical for neuropsychology are provided. Overall, physiological
parameters of the individual accompanied by gesture recognition, facial
expression recognition and the prosody of speech can be considered as basic
indicators of the presence of particular affective states.
In the present document, emotion and mood should be understood as follows1:
Emotion:
Is caused by a specific person or event,
Lasts short (seconds to minutes)8,
Is connected with specific reactions (behavioural representations of the
emotion) like facial expressions, gestures and prosody of speech, they are
action-directed
Originates from the triggered automatic reactions causing the changes in
the autonomic nervous system
Has been developed in order to set in motion automatic patterns of
behaviour increasing the chances of survival

-

Mood:
-

The cause is general or unclear
Sometimes originates from a ‘prolonged emotion’
Lasts long (hours or days)
Is not connected with any specific external signs such as facial expressions
and gestures. Only in extreme cases of mood disorders such as major
depression, a permanent change in the facial expressions, gestures and
prosody of speech, is observed

mood
generalised response to the
situation , difficult to assess
the particular trigger

influenced strongly by the
individuals features:
temperament, past
experiences, expectations

emotion
reaction to the exact external
stimuli

behavioural representations:,
facial expression, gestures and
physiological reaction

Figure 1: Overview of relations between emotion and mood

Focusing on our three first target emotions of interest, i.e. happiness, sadness
and anger, it should first of all be noted that they belong to the six so-called
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“basic” or “universal” emotions of Ekman9: happiness (referred to also as joy),
surprise, sadness, anger, disgust and fear. These basic, discrete emotions are
considered as universally recognizable and consistent across cultures. They have
been commonly used as the detection target of a significant amount of studies
targeting automatic emotion recognition in the past. Notably, their definition is
highly relevant to facial expression recognition, as those basic emotions are
known to have a strong correspondence to specific expressions of the human face
(see Section 2.3.1).On the other hand, a large amount of research works has
studied the relation of these affective states to body activity and human
physiological responses, towards developing corresponding systems that can
detect them (see sections 2.3.2 and 2.3.3 respectively).
Alongside, another line of affective computing research focuses on affective states
that are modelled upon a coordinate system which concerns affective parameters
such as “Arousal” and “Valence” (or Pleasure)10. According to this approach, a
human’s affective state can be represented by a point in the space that
corresponds to specific valence and arousal values (Figure 2). Notably, the six
basic emotions can be represented in this space as well. The majority of emotion
recognition works that follow this modelling approach usually try to detect the
quartile at which the user’s affective state resides (e.g. high arousal - positive
valence / low arousal – negative valence) etc.121. Notably, upon the two most
commonly used axes of valence and arousal, a third axis has also been introduced
and used in past related works, the one of “Dominance”189. It should be
underlined at this point that a multitude of affective models has been proposed in
the scientific literature; the above analysis focuses on some of the key models
that relate directly to the T4.2 scope and efforts. More Extensive reviews on
models of affect can be found in recent related surveys44.
By considering the mapping of our target emotions on the VA (Valence-Arousal)
space (Figure 2), it can be observed that happiness belongs to the “high arousal –
positive valence” quartile. Sadness belongs to the “low arousal – negative
valence” quartile, while anger belongs to the “high arousal – negative valence”
quartile.

Figure 2: Affective states within Russel’s circumplex model of affect10; Horizontal
axis: valence, Vertical axis: arousal

As concerns our specific target affective state of psychological stress, it can be
considered in general to occur when an individual perceives that the
environmental demands exceed her/his adaptive ability to meet them 11. This gap
gives rise to the labelling of oneself as stressed and elicits a concomitant negative
emotional response. In physiological measures, such a response can lead to
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increased stress hormone levels, blood pressure 12, heart rate, pupil dilation, and
skin conductivity13,14. In activity-related behaviour such an emotional response
can lead to a wide range of “behavioural symptoms” 15; for example, hands and
foot trembling16, body hyperactivity17,18, compulsive movement19, and faster eye
gaze20.As further explained in Section 2.3 below, such effects can be taken into
account while developing corresponding affect recognition systems.
In a nutshell, according to the relevant literature emotions may be recognised
through21:
-

An autonomic, endocrine and immune response- possible to be measured
by biosignals
An expressive display: facial expression, gesture- possible to be measure
by the vision sensors
A subjective experience (unconscious- ‘gut feeling’ and consciousrecognition of the particular emotion)- possible to be measured by the
self-assessment questionnaires

Due to the complexity of emotions22,23,24, as well as their highly personalized
nature, their automatic recognition through computer and robotic systems is in
general a far by trivial task, which has received extensive focus from research,
especially during the last decades.
In what follows, an overview of the current state-of-art towards automatic
emotion recognition from computer and robotic systems is provided, specifically
focusing on the modalities that are of particular interest for RAMCIP, namely
facial expression recognition, biosignals and body activity –related emotion
recognition (Section 2.3). Thereafter, an overview of the relevant state-of-the-art
in the field of affective root behaviours and interfaces is also provided (Section
2.4).Prior to those, an overview of specific affect-related issues that associate
with MCI and early AD patients is provided in Section 2.2 below.

2.2 Affect in MCI and AD
According to a recent systematic review with meta-analyses on MCI and mood25,
symptoms of depression and anxiety are considered to be more prevalent in
people with MCI than in people with normal cognitive function, and may also
increase the risk of progression from no cognitive impairment to MCI. Mixed
results regarding the effect of such symptoms on progression from MCI to
dementia have also been reported.
In fact mood, in particular low mood or high levels of anxiety, is considered to be
one important factor associated with MCI25,26. On the one hand, depression might
lead to reduced cognitive functioning, but on the other hand, MCI patients may be
at risk of developing symptoms of depression or anxiety27. It is possible that both
explanations could occur concurrently, indicating a circular relationship between
mood and MCI25.
Moreover, persons with AD appear to be characterized by greater current
negativity and confusion relative to cognitively healthy older adults, while, with
regards to emotional variables, persons with MCI can be considered transitional
between community-dwelling adults and persons with mild AD28. Indicatively,
persons with MCI were found to be more confused in 28 than controls but not as
confused as persons with AD; persons with MCI were more similar to persons
with AD than controls for sadness and anger but their scores for afraid were more
consistent with controls than persons with AD.
Notably, in that same study28, persons with AD and MCI were found to be capable
to report about their emotions and provide internally consistent data; it was
concluded that persons with MCI and even mild AD can report about their current
moods. Elaborating further on the capacity of such persons to self-report their
emotions and mood, it should also be noted that persons with amnesia can
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provide valid data about their current emotions, long after the source of the
emotion is forgotten29. That is, persons with amnesia can for instance validly
report that they are sad without knowing why they are sad. Whereas such work 29
has not been conducted in AD, it suggests that persons with AD, who similarly
suffer from amnestic symptoms, might be able report on their current emotions in
a valid manner.
Alongside, some emotional regulation abilities, facial expression recognition and
emotional memories are considered to be relatively preserved among early AD
patients, despite the salient declines of their cognitive functioning30. In fact, the
maintenance of high emotional functioning in older adults is a key process that
contributes to resilient aging; positive emotions are key building blocks to this
end31,32,33, while greater emotional well-being and optimism would predict higher
level of resilience among older adults, thus leading to successful aging 34.
Following the above, it has recently been argued that the preserved emotional
capacities and the strategies to maximize them will not only be beneficial to
healthy older adults, but also to patients with Alzheimer’s disease, at least those
in the early stage30.
AD patients are believed to have greater difficulties to regulate and control their
emotional responses than the healthy older adults do. Nevertheless, although as
emotion regulation is a goal-oriented process relying much on executive control
and thus, deterioration of cognitive functions hampers controlled emotional
suppression, AD patients’ automatic emotional functioning can be considered to
remain relatively intact30. Indicatively, a past study35 found that despite the
deficiency in inhibition, AD patients maintained automatic suppression in emotion
regulation as well as controls; spontaneous suppression, but not controlled
suppression of behavioural emotional expression, was found to be preserved
among patients in the early or even middle stage of Alzheimer’s disease. In
addition, like healthy older adults, AD patients at the early stage show a positivity
bias in emotional experience, expression recognition and emotional memory 36,
while they are also more likely to remember emotional rather than neutral
events37.
Given the significant role that positive emotions play in resilient aging, early AD
patients may retain abilities to achieve subjective well-being in this respect
despite the cognitive decline. In this line, rehabilitation and training programs for
AD patients may capitalize on their preserved emotional capacities to reduce or
compensate for the cognitive deterioration30. On the other hand, the provision of
more encouragement and positive responses to AD patients may serve as
complementary and alternative medicine for them, helping them to build up
resilient adaptation38; in that work, it had been concluded that laughter and
smiling associated with pleasant feelings can be of particular benefit. According to
the relevant literature28, persons with MCI may be in somewhat better emotional
health relative to persons with AD but also may be faring less well than controls;
thus, greater attention to the emotional health of persons with MCI is also
warranted. As was also noted in28, efforts to reduce negative emotions may be
potent interventions to improve well-being and life quality in persons with AD and
they may also boost positive moods.
Along this line, a series of studies have focused on the use of communicative
robots, such as the seal-type mental commitment robot, Paro, in the support and
treatment of dementia patients39, as well as on cognitively healthy older adults40,
demonstrating that robot-assisted therapy can even have potential on improving
the condition of brain activity in patients suffering from dementia41.
Following the above, some key implications for assistive robots targeting the
support of MCI and early AD patients, as well as for the research that has been
conducted in the scope of T4.2 come to light. Overall, empathic communication
channels between the human and the assistive robot, endorsing both robot
affective input (i.e. recognizing the user’s affective state) and output (i.e. affectOctober 2016
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related actions of the robot) can be important parameters towards further
supporting the user’s emotional and overall well-being, upon the robot’s
presence.
In this scope, enriching human-robot communication with affective cues (i.e.
facial expressions) stemming from the robot, can further facilitate the user to
reside in an emotionally-rich environment, even when s/he is alone with the
robot, promoting positive affect where possible. To this end, a facial expressions
interface has been developed for the RAMCIP robot in the scope of T4.2.
Moreover, detecting user emotions, especially the presence or dominance of
affect of negative valence, is essential towards robotic behaviours that try to
counteract and induce more positive outlooks to the user. In this respect,
emotion recognition methods have been researched and developed in T4.2 for the
RAMCIP robot, to enable the robot sense the user’s affect and accordingly modify
its assistive behaviour. Focusing on the latter part, an affective policy has been
developed for the RAMCIP robot, in order to map detected user affective states to
robot actions, aiming to induce more positive emotions to the user through
changes in the robot’s behaviour when needed (e.g. from stimulating the user to
contact relatives and friends through to driving more proactive behaviours of the
robot so as to induce a more positive feeling of “being cared”).

2.3 Automatic recognition of human affective states
Automatic affect recognition, a highly significant domain of the Affective
Computing field, has the aim to augment computer systems with the capability to
recognize the affective state of their human counterpart 42.
Given the importance of automatic affect recognition, a large and ever-increasing
amount of research studies have intensively worked, mainly in the last two
decades, to this end43,44,45,46. These studies typically aim the recognition of either
specific, discrete emotions (e.g. the Ekman’s six basic emotions 47), or human
affective states modelled upon some coordinate system of a number of axes (e.g.
the valence-arousal space derived from the Russel’s circumplex model of
affect10). Automatic affect recognition can be useful in a highly wide spectrum of
applications, from computer games, healthcare apps, natural human-computer
interaction (HCI) interfaces, as well as diverse HRI applications. Focusing in our
scope, an extensive review of automatic affect recognition methods specifically
dealing with social robots engaged in natural HRI can be found in the recent
survey of McColl et al48. Further extensive reviews on automatic affect recognition
methods and applications can indicatively be found in 43, in44 and in49.
Overall, it can first be noted that automatic emotion recognition (ER) is typically
attempted through audio-visual43 and biosignal44 modalities. More specifically,
image and video-based emotion recognition, focusing on the recognition of facial
expressions, has been a highly active research field for many years, leading to
significant advances, as further described in Section 2.3.1 below. Alongside, an
increasing amount of works has relatively more recently focused on emotion
recognition based on the monitoring of the user’s body activity (see Section 2.3.2
below). Notably, according to de Gelder50, by 2009, 95% of the relative research
had been conducted with face stimuli, the majority of the remaining 5% with
audio, followed by bodily expression.
Although effective in certain contexts, affect recognition based on audio and
visual channels is considered to suffer from several disadvantages in realistic
applications51. For instance, the visual modality requires that the user’s
expressions, gestures, etc., are continuously monitored by appropriate
camera(s), placed at appropriate position so as to have a clear, near frontal view
of the user, whereas the audio modality can only work when the user speaks in
order to extract features indicative of her/his emotional state. Furthermore, social
masking (e.g. “poker face” cases) in this context is an issue of great importance
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since the audio and visual modalities cannot be always guaranteed to reflect the
true human emotional state.
Automatic emotion recognition (ER) based on biosignals has also attracted much
attention in the recent years; an overview of the relevant state-of-art can be
found below, in Section 2.3.3.
In addition, section 2.3.4 provides an overview on relevant datasets that are
publicly available and can be used for the evaluation of emotion recognition
methods; some of these datasets, which were found relevant to the RAMCIP
scope, have been correspondingly utilized in the context of T4.2, as further
explained in Section 5 of the deliverable.

2.3.1

Facial Expression Recognition

The ability to interpret and recognize facial affect is considered as a key feature
for social robots, towards establishing empathic interactions with humans 48,52.
Facial expressions involve the motions and positions of a combination of facial
features, which together can provide an immediate display of affect 53. They can
be considered as the primary mode of communication of affective information due
to the inherently natural face-to-face communication in human-human
interactions54.
Face to face communication relies significantly on the implicit and non verbal
signals expressed through body and head posture, hand gestures and facial
expressions for determining the spoken message in an non-ambiguous way55.
Facial expressions in particular are considered to be one of the most powerful and
immediate means for humans to communicate their emotions, intentions and
opinions to each other and this is why much effort has been devoted to their
study by cognitive scientists and lately computer vision researchers 56,57. Notably,
following the assumption that there is a distinctive facial expression associated
with each basic emotion, the majority of affect detection research can be
considered to have focused on detecting the basic emotions from the face44.
Several approaches have been reported towards automatic facial expression
recognition from 2D static images or video sequences 57 .In all of these works,
after the face has been detected, facial features that are relevant to the display of
expressions are extracted and classified into a predefined set of facial actions or
furthermore to emotion related expressions. The majority of facial expression
recognition research is limited to the 6 basic emotions, i.e. happiness, sadness,
anger, fear, surprise and disgust, due to their universal properties, their marked
reference representation in our affective lives, and the availability of the relevant
training and test material58. However, there is a growing number of approaches
59,60,61,62,63
, which instead try to detect a set of facial muscle movements known
as Facial Action Units, which are more subtle but their combinations may describe
effectively any facial expression 56.
Cohn 64, indicated that the most commonly used method for manually labelling
facial behaviour is the Facial Action Coding System (FACS) proposed by Ekman et
al. 65. FACS is a comprehensive and anatomically based system that is used to
measure all visually discernible facial movements in terms of Facial Action Units
(AUs). Since they are independent of interpretation, they can be used for any
high-level decision-making process, including the recognition of basic emotions
according to Emotional FACS (EMFACS) rules66, the recognition of various
affective states according to the FACS Affect Interpretation Database
(FACSAID)67,and the recognition of other complex psychological states such as
depression 68 or pain69. AUs of the FACS are very suitable to use in studies on
human naturalistic facial behaviour, as the anatomically possible facial
expressions can be described as combinations of 27 basic AUs and a number of
AU descriptors.
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Facial features used for expression recognition may be roughly classified into
geometric, e.g. distances between facial points70, appearance-based such as
Gabor filter responses 71, or holistic such as optical flow fields72. Classification
methods can be roughly divided to static and dynamic ones.
Static classifiers use feature vectors related to a single frame to perform
classification. In the case of image sequences, this frame corresponds to the peak
of the depicted expression. Probabilistic as well as rule-based techniques are
popular70,73. Temporal classifiers on the other hand try to capture the temporal
pattern in the sequence of feature vectors over subsequent frames 74,75.
A problem with existing techniques is that the subtle skin deformations that
characterize facial expressions are difficult to capture by a 2D camera. Moreover,
2D techniques are prone to illumination changes and pose variations that affect
the perceived geometry and appearance of facial features.
To handle problems caused by pose variations, some researchers proposed the
use of multiple views of the face 73, deformable 3D models fitted on 2D images 76
or 3D images. Works that use a single 3D image 77,78,79,80 while a sequence of
range images is used in81,82,83,.
All the above techniques have shown some success in controlled conditions and
when expressions are rather pronounced. Yet, accurate spontaneous facial
expression recognition in an uncontrolled environment remains an open challenge
(see 84 for a recent survey). Except from the problems of face appearance
variation due to pose and illumination variations, there are also further difficulties
in making classification person independent, such as the lack of datasets of
significant size and the lack of a methodology for labelling these datasets, since
emotion labelling remains quite subjective.
A series of research efforts utilizing facial expression recognition, focusing
specifically on HRI, can be found in the relevant literature85,86,87,88,89. Indicatively,
in89, a real-time system for recognition and imitation of facial expressions was
developed for the robotic head Muecas. The robotic device was equipped with an
on-board camera to capture images of a person’s face for facial expression
recognition. The five facial expressions recognized were: fear, happiness, anger,
sadness, and neutral. Facial expression recognition was accomplished in three
steps: face detection, invariant facial feature extraction, and facial expression
classification. Face detection was achieved using the Viola-Jones method90. Noise
and illumination effects were improved by using a series of filters, including a
Gabor filter for easier extraction of edge-based facial features. Invariant edgebased features were then extracted using a set of AUs. The features points were
selected based on the FACS91coding system. These features were, then, used as
inputs into a DBN classifier, which was used to categorize facial expressions into
the five target emotions. Experiments were conducted with 20 participants
performing the facial expressions randomly five times. Results showed a detection
rate of over 90 % for all the target facial expressions.
It can be noted at this point that also, a number of research efforts have used
both facial expression recognition and speech-based features towards emotion
recognition, specifically focusing on HRI applications.
Indicatively, in92 , a multimodal affect detection system using voice and facial
expression information was implemented on the social robot Maggie, a doll-like
robot capable of moving its head and arms. The affective states that were
classified were happy, neutral, sad, and surprise. The two modalities were
combined using a decision rule based on calculating the degree of confidence
using Bayes Theorem. The preliminary performance of each modality was tested
on 40 undergraduate students posing the affective states using voice and facial
expressions while standing in front of a mobile Pioneer robot equipped with a 2D
camera and an omnidirectional microphone. Through voice-based information, an
average success rate of 57.10% was obtained for the target affective states.
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Through vision, a rate of 75.55% was obtained. Using both modalities, the
average success rate was reported to increase to 83 %. In an HRI experiment
with the robot Maggie, 16 participants were asked by the robot to express one
affective state at a time. Results using both modes showed an overall success
rate of 77% for the detection of the target affective states.

2.3.2

Body activity –related emotion recognition

The use of automatically extracted activity-related parameters has also been
examined
during
the
recent
years
towards
automatic
emotion
recognition49,93,94.Activity-related behaviours suggest a clear aspect of continuous
regulatory actions, observable in movement qualities, contours, expressions, and
also perceived in vocal tonality95. In this respect, the body attitude is related to
the constant shape of the body, its general pose and the distinct location of its
parts96,97. This concept recalls the so-called “background emotion”95 or “state of
mind” that considers how one perceives oneself and how this affects others.
In a more general view, gesture and posture are considered as parts of a wider
semiotic system that underlies human communication. Along this line, it has been
reported that attitude, intention, and, in general, meaning, are expressed only in
part by verbal content, and as much or even more so through nonverbal
channels98,99,100,101. In this perspective, nonverbal behaviours could be interpreted
to indicate the “unsaid” elements representing our internal states.
Human gestural parameters have been extracted from monitoring video
sequences in the study of Glowinski et al102; it was shown that they have
interesting potential towards automatic affect recognition. Prior to that study, in
the work of Wallbott et al.103 the degree of dependence between body movements
and postures and emotions like joy, happiness, anger, etc. had been investigated.
Moreover, Giakoumis et al 15 proposed a series of activity-related behavioural
features that can be extracted through computer vision and can lead into
effective automatic stress detection. Specifically, that work extracted a large
amount of body activity –related features from 2D videos of persons recorded
during a stress induction experiment and analysed the effectiveness of using
these affect-related cues along with biosignals-based features, towards automatic
stress detection.
Along this line, a more recent work104extracted body posture and activity –related
features from 3D videos, specifically focusing on features extracted from the
user’s tracked skeleton in 3D, towards the adaptive real-time recognition of
emotions (happy, angry, sad, fear) from body movements. In that work, the
authors combined low-level 3D postural features and high-level kinematic and
geometrical features, which were fed to a Random Forests classifier through
summarization (statistical values) or aggregation (bag of features). The MoCap
UCLIC affective gesture database (labelled with the above four emotions)105 was
used to train the Random Forests classifier, which led to an overall recognition
rate of 78% using a 10-fold cross-validation.
Recently Kaza et al.106 proposed an emotion recognition approach utilizing deep
neural networks. They presented an emotion recognition methodology that
utilized body motion information to inference the affective state of a user during
gameplay scenarios. They extracted both kinematic and geometrical features
from skeleton tracking data. The resulting features were fed to a deep learning
network classifier. They evaluated their methods performance, on a dataset of
body motions expressing the five basic emotions (anger, happiness, fear, sadness
and surprise) created with Microsoft Kinect. The selection of the targeted
emotions was based that these emotions are likely to appear in a gameplay
scenario. They achieved an overall recognition rate of 93 %, however the dataset
used consisted of only acted emotion sequences, where the subjects were
instructed to perform exact predefined movements and not of spontaneous
emotional expressions.
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By considering works more directly related to HRI, the following should also be
mentioned; in the study of McColl et al of 2014107, the robot Brian 2.1108 was
used to provide social assistance to elderly residents of a long-term care facility
during meal eating. A KinectTM sensor, mounted on the robot’s chest, was used to
identify natural dynamic body language displays by the users during the meal in
order to determine their affective valence and arousal levels. A 3D upper body
model was used to track dynamic body displays of a user utilizing the depth data
obtained from the KinectTM sensor. The depth data of the user was segmented
using a GMM of the background, connected component analysis and head and
shoulders contours. The upper body model was fit to the depth data of the user
utilizing a dynamic Bayesian network with a ray-constrained iterative closest point
measurement model109. The following body features were, then, extracted from
the depth data: the bowing/stretching of the trunk, distance of the hands from
the trunk, head position, forwards/backwards and vertical motion of the body,
expansiveness of the body and speed of the body. These features were utilized as
inputs into seven different learning techniques in order to classify the displayed
valence and arousal levels. Experiments were conducted at a long-term care
facility with eight elderly participants, aged 83–92, interacting one-on-one with
Brian 2.1 during two lunch meals. The results illustrated that the Radial Basis
Function Network (RBFN) learning technique obtained the highest recognition rate
for valence at77.9% and both the Adaboost with Naive Bayes (ANB) base
classifier and Random Forest techniques obtained the highest recognition rates
for arousal at93.6%.

2.3.3

Biosignals-based emotion recognition

Automatic emotion recognition (ER) based on biosignals has attracted much
attention in the recent years. The Jamesian theory 110 emphasizes the importance
of peripheral signals in affect recognition, as it suggests there are specific
patterns of physiology that relate to different emotions. In this line, biosignalbased approaches have been typically applied for the detection of emotions,
especially ones that have a strong arousal component.
The most commonly used biosignals in ER studies can be considered the Skin
Conductance (SC), also known as Galvanic Skin Response (GSR) 111,112,113 and the
Electrocardiogram (ECG)114 or instead, the Blood Volume Pulse (BVP)111. The ECG
or BVP modalities are commonly utilized for the extraction of features from interbeat-intervals (IBI) time series114,115, expressing the heart rate variability
(HRV)116. Further signals have also been used towards the recognition of affective
states, such as electromyogram (EMG)111,117, respiration (RSP)111, skin
temperature118and Electroencephalogram (EEG)119.
These biosignals are known as capable to depict emotion-driven changes in the
autonomic nervous system (ANS) activation. ANS responses have proved so far
as a reliable measure towards automatic emotion recognition 44. A series of
research studies extracted various sets of features from monitored biosignals
during the induction of target emotions120,121,115,114, which were then fed into
classifiers that tried to predict the emotions that were experienced from the
studied subjects. Especially in the case of single-subject datasets (i.e. ER system
trained and tested on data of the same person), remarkable accuracies have been
reported for the biosignals-based recognition of affective states; indicatively,
recognition accuracy of eight emotions, at the level of 81.25% 120 and 95%
accuracy for recognizing the four quartiles of the valence-arousal space121 have
been reported in the past.
Far less trivial however is the case of biosignals-based subject-independent
emotion recognition, towards the development of ER systems that are trained and
tested on data from multiple subjects. The human physiological baselines as well
as the physiological responses to emotion-related stimuli, are well known to
suffer from high inter-subject variability120. As a consequence, effective automatic
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ER systems are typically subject-dependent120,121,51; i.e. they are trained with
data derived only from the human they are bound to monitor. On the contrary,
subject-independent ER systems (trained over multi-subject data sets), even if
they are capable of detecting emotions among different individuals up to an
extent, they are well known to suffer from limited efficiency compared to the
subject-dependent ones121. Since they are trained with data derived from
different individuals, between-subject variability does not allow them to be
adequately effective114,122.
In order to reduce between-subject variability, biosignals and features extracted
from them are commonly normalized on the basis of each subject's baseline
recordings; in past subject-independent ER studies, baseline feature values are
typically subtracted111 from (or used to divide112) the respective measurements
taken during emotion induction. Combined statistical measures (e.g. average,
standard deviation, min, max) of signals are also used 115,123, as well as further
approaches investigating subject-dependent features114,so as to bring the data
taken from different individuals to a more common basis.
Compared to the multitude of research efforts utilizing audio-visual data towards
ER in the context of HRI, relatively fewer works can be found in the relevant
literature, which have utilized biosignal measurements towards ER specifically for
robotic applications. As described below, the main aim in such studies has been
the detection of the user’s psychological stress, which would in turn drive
modifications in the robot’s behaviour.
Rani et al.124 proposed a theoretical, computational and experimental approach
focusing on biosignals-based stress detection, to develop a human-robot
interaction framework that is affect-sensitive and capable, upon user stress
detection, to drive a robot behaviour that would help the user. Specifically, upon
user stress detection, the robot was defined to enter an affect mode, within which
the robot would ask the human companion if s/he is anxious or needs assistance
of any kind, or raise an alarm and send feedback regarding the state of the user
to a base station. For stress detection, the authors used ECG, BVP, GSR and EMG
biosignals. They conducted an experiment for data collection where stress was
induced to participants through the playing of computer games and solving of
mathematical problems at varying levels of difficulty. From these data, a series of
features were extracted from the monitored biosignals and were used to train a
fuzzy logic –based stress detection system, using as ground-truth the subjects’
self-reported stress. Alongside, and through a different experiment, the obtained
results from the above system on the above-mentioned data, were used so as to
simulate the triggering of the robot’s affect mode through the proposed
architecture.
Itoh et al.125 developed a bioinstrumentation system to measure human stress
when interacting with a fixed humanoid robot that had only an upper body.
Through their wearable system, ECG, respiration, EDA (changes in skin
resistance), pulse wave transit time, blood pressure, and upper body movements
were monitored. The experiments relied heavily on IBI derived from ECG to
measure the activity of the sympathetic (LF-HRV) and parasympathetic (HF-HRV
or RSA) divisions of the ANS. If participants' stress level increased past a certain
threshold then the robot would modify its actions to decrease participants' stress
levels by shaking the participants' hand.
Lui et al.126 performed a study in which a robot modified its behaviour based on
the psychophysiological responses of the person with which it was interacting. In
this study 14 participants performed two different versions of robot-based
basketball (RBB), counterbalanced. In one version, the game difficulty was based
on participants' performance and in the other version the game difficulty was
based on participants' psychophysiological readings for anxiety. As participants'
anxiety level increased the difficulty level would decrease and vice versa. The
modification of the game occurred in real-time in response to participants' anxiety
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levels obtained from psychophysiological data collected. The study used selfreport questionnaires of anxiety in addition to measuring cardiovascular activity
(IBI, relative pulse volume, pulse transit time, and pre-ejection period), SCR
(tonic and phasic), and EMG activity (from the corrugator supercilii (eye-brow),
zygomaticus (corner of the mouth), and upper trapezius (shoulder) muscles).
Average accuracy of the anxiety prediction system at the level of 70% was
reported, while the experimental results indicated that 11 out of 14 participants
had lower anxiety levels playing the psychophysiological-based version of RBB
that adjusted difficulty by participants' measured anxiety levels.
In127, the above system was expanded to detect multiple affective states of a
child diagnosed with autism spectrum disorder (ASD) during the basketball
game; anxiety, liking, and engagement. The same set of physiological
features was used as inputs into SVMs. Ground truth ratings were obtained
from a combination of participant, parent, and therapist ratings. Experiments
consisted of six participants (aged 13 to 16). An average recognition rate of
79.5% for anxiety, 85% for liking and 84.3% for engagement, were reported.
In128, a mobile nurse robot was designed to deliver medicine to elderly residents
in a long-term care facility. Twenty four participants wore a Polar heart-rate
monitor and an iWorx GSR-200 amplifier used to monitor GSR using electrodes on
the index and ring fingers. These biosignals were used to estimate a user’s
valence and arousal levels defined as low, medium, and high. Each subject
received a bottle of medicine from the robot during each trial, with each trial
having a different physical robot configuration; i.e. robot facial features (abstract
or android), speech capability (synthesized or digitized voice), and different
modes of user interaction (i.e., visual messages or physical confirmation of
receipt of medication with a touch screen). Participants rated their own valence
and arousal levels utilizing self-assessment manikins. Baseline physio-logical data
was normalized for each participant prior to the experiments. Through a NN
classifier applied on the features extracted from the above biosignals, and by
utilizing 80 % of the data for training and 20% for testing, recognition rates of 82
% for arousal and 73 % for valence were obtained respectively.
When considering the fusion of biosignals-based features to ones derived from
other user monitoring modalities, it can be noted that although some recent
approaches can be found utilizing both biosignals and hand gestures, as well as
eye-gaze direction (in a specifically, assistive robotics-oriented work)129, or
biosignals and speech130,131, or biosignals and overall body activity15, this is not
the case when considering the fusion of biosignal modalities to facial expression
recognition.

2.3.4

Public datasets

In this section, an outline of publicly available datasets relevant to the research
and development of the T4.2 ER methods is provided. As further explained in
Section 5, some of these datasets have been utilized during the development and
evaluation of the RAMCIP emotion recognition methods described in Section 3.

2.3.4.1

Facial expressions related datasets

The Cohn-Kanade facial expression database132 is the most widely used database
for facial expression recognition in research for automatic facial image analysis
and synthesis and for perceptual studies. Cohn-Kanade database is available in
two versions.
The first version includes 486 sequences from 97 posers. Each sequence begins
with a neutral expression and proceeds to a peak expression. The peak
expression for each sequence in fully FACS coded65 coded and given an emotion
label. The emotion label refers to what expression was requested rather than
what may actually have been performed. All sequences in this version were only
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for acted emotions and not for spontaneous emotional expressions. The second
version133, referred to as CK+, includes both posed and non-posed (spontaneous)
expressions and additional types of metadata. For posed expressions, the number
of sequences is increased from the first version by 22% and the number of
subjects by 27%. As with the first version, the target expression for each
sequence is fully FACS coded. In addition, validated emotion labels have been
added to the metadata. Thus, sequences may be analysed for both action units
and prototypic emotions. The non-posed expressions are from 134.Additionally,
CK+ provides protocols and baseline results for facial feature tracking and action
unit and emotion recognition.
The BU-3DFE database of Yin and colleagues135 contains 3D range data of six
prototypical facial expressions displayed at four different levels of intensity. The
FABO database of Gunes and Piccardi136 contains videos of facial expressions and
body gestures portraying posed displays of basic and non-basic affective states
(six prototypical emotions, uncertainty, anxiety, boredom, and neutral). The MMI
facial expression database137,138contains both posed expressions and spontaneous
expressions of facial behaviour as the CK+ database.

2.3.4.2

Affective body activity analysis related datasets

With respect to publicly available data, several corpus exist that take account of
bodily expressions in the modalities for affective analysis. For example, the
GEMEP (Geneva Multimodal Emotion Portrayals) corpus 139 provides audio-video
recordings of 10 actors portraying 18 affective states. The face, the frontal upper
body, and the lateral body, were captured in each acted sequence using three
different digital. In the FABO corpora facial expressions and upper-body gestures
(in a sitting position) were captured by colour cameras for 23 participants posing
for nine different emotions140.
The SEMAINE database141 employed Sensitive Artificial Listener (SAL) to record
audio and visual data of 150 participants, within the context of conversational
interactions. They used five colour and grayscale cameras to record frontal and
profile views. Within the SEMAINE database five affective dimensions have been
annotated.
The HUMAINE database142 consists of a collection of both natural (non-acted) and
induced emotional data from different sources, such as TV chat shows, TV
interviews, gestural games, etc. In the annotation procedure both global and
face/gesture descriptors were used.
The UCLIC database143 is originally an acted corpus featuring body sequences of
freely portrayed emotions from 13 participants, from different cultural regions.
The participants were asked to act four emotions (i.e., anger, fear, happiness,
and sadness) with their own body language without any constraint. A MoCap
setup was used to recorded a total of 183 sequences using 32 markers in order to
acquire the 3D skeletons. Manual annotation was used in order to extend the
initial database with non-acted emotional postures. The non-acted sequences
were subsampled from MoCap sequences where the participants were playing
body-controlling video games144.
More recently, “close-to-natural” body expressions were recorded by the MPI
body expressions database under the context of monologic narrations. MoCap
devices were used also in this case in order to capture the skeleton sequences 145.
The MPI database provides both the intended emotions (reported by the actors)
and the crowd-vote emotion categories.

2.3.4.3

Biosignals related datasets

Several databases with publicly available data exist that can facilitate in affective
and social behaviours recognition and classification through biosignals. The vast
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majority of them consist of EEG and ECG data, and very few provide GSR/ EDA
recordings.
Indicatively, the RECOLA database146 provides multimodal recordings of
spontaneous collaborative and affective interactions in French. Audio, video, ECG
and EDA, were continuously and synchronously recorded from 23 subjects who
were completing in dyads and by video conference a task requiring collaboration.
Emotion and social annotation is provided from self-reports and by manual
annotation from experts.
The DEAP database147 (Database for Emotion Analysis using Physiological Signals)
is a multimodal dataset for the analysis of human affective states. It provides
EEG, GSR, respiration amplitude, skin temperature, electrocardiogram, blood
volume by plethysmograph, electromyograms of Zygomaticus and Trapezius
muscles, and electrooculogram (EOG) of 32 participants. The biosignals were
recorded as each participant watched 40 one-minute long excerpts of music
videos.
MAHNOB-HCI148 is a multimodal database recorded in response to affective
stimuli with the goal of emotion recognition and implicit tagging research.
Twenty-seven participants engage in two experiments. In the first experiment,
the subjects watched 20 emotional videos and self-reported their felt emotions
using arousal, valence, dominance. In the second experiment, short videos and
images were shown once without any tag and then with correct or incorrect tags.
Agreement or disagreement with the displayed tags was assessed by the
participants. GSR, respiration amplitude, skin temperature, and ECG peripheral
nervous system signals are available through the MAHNOB-HCI database.
To the best of our knowledge, there are currently no publicly available datasets of
affect-related biosignals recordings (EDA, IBI) specifically focusing on older
adults, and more specific, ones diagnosed with MCI and early AD.

2.4 Affective robot expressions
Staying on the topic of Affective Computing, another important domain is the
simulation and expression of human emotion in robots. This "emotion synthesis"
includes several channels of expression, such as facial animation, speech, gesture
and others. While there is previous research on robotic gestures as a means of
affective output149, the physiology and scope of the RAMCIP robot do not allow for
this type of emotion expression. Instead, RAMCIP focuses more on facial
animation and, to a lesser extent, speech output, for providing an interface for
emotion synthesis.
Facial animation has been used extensively in past projects and can be either
expressed using hardware or software. In the first case150,151,152,153, the whole
head of the robot needs to be specially designed and constructed and provides
many challenges, including lip synchronization. The other solution is to use a
standard computer screen that can display either a three-dimensional model 154,155
of a face or a two-dimensional one156,157. RAMCIP follows the second approach.
There are two reasons for this. First, the main objective of RAMCIP is to
proactively and discreetly assist older persons, having advanced cognitive
functions. To achieve this goal, more emphasis has been put on assistive
functionalities, leaving limited resources on implementing a sophisticated robot
head with advanced hardware facial expression capabilities. Second, having a
simpler robot head with a screen allows for more flexibility in the platform design
and with the appropriate facial expressions it can be more pleasant and less
intimidating to the RAMCIP target group.
Speech synthesis has not been researched as much as facial expressions and
animation as a means of affective output, but can be another relevant channel for
emotion expression. The current state of research on emotion effects on voice
and speech has been reviewed 158 and proven to be of importance to the domain
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of emotion synthesis. The speech synthesis technology used on RAMCIP allows for
small changes in voice volume, rate and pitch and their impact on speech
intonation has been investigated and reported in Section 4.

2.5 RAMCIP advancements
Within the context Task 4.2, the RAMCIP consortium has given emphasis on the
development of robust solutions both for the affective robot input and output,
taking into account that the RAMCIP robot should operate within realistic home
environments, in use cases that focus on assistance provision to older adults with
MCI and at early AD stages.
Focusing first on the robot’s affective input, the development of the subordinate
software components has been conducted based on a strict methodology.
Specifically, state-of-art algorithms stemming from recent advances on facial
expression recognition, affect-related body activity analysis and biosignals-based
emotion recognition have been initially implemented and tested, first on
benchmark datasets where possible, and then on data more closely related to our
target application scenarios, acquired through the T4.2 efforts from populations of
our target end user group. Our core research part in this respect focused on
building upon those recent advances and investigating further, more robust
recognition schemes, including multi-modal fusion.
In this context, the first key advancement derived from our work concerns the
progress of the state of art in body activity –based emotion recognition. Herein,
we extracted for the first time a series of affect-related parameters from the
user’s skeleton in 3D, extending related recent approaches that so far focused on
2D human silhouette processing. By augmenting further existing 3D feature sets
used for emotion recognition with the above features, enhanced effectiveness in
the automatic recognition of our target affective states was obtained, verified
through experimental evaluation.
Alongside, we investigated the fusion of the above feature sets not only to facial
expression recognition, as had been originally planned, but also to biosignalsbased feature sets. In this respect, we present here, to the best of our
knowledge, the first study that focuses on the fusion of all these three modalities
towards emotion recognition. Experimental evaluation showed that our
multimodal fusion –based ER approach was capable to lead to the detection of our
target affective states, on populations of our target end user groups, at improved
levels compared both to the modular use of the individual employed modalities,
as well as to the use of body activity combined only with facial expressions or
only with biosignals. Moreover, our multimodal approach allows for modality
compensation, so as for instance stress to be still detected through the
biosignals-based ER module, even if the user is not at a pose relative to the robot
that allows the accurate monitoring of her/his face and body activity.
Moreover, a further contribution of the T4.2 efforts concerns the development of,
to the best of our knowledge, first affective dataset that involves the modalities of
facial expressions, body activity and biosignals, taken from older adult
populations with memory problems, with MCI and early AD, during the induction
of stress, happiness, sadness and anger. As has already been described in the
project’s Data Management Plan, a part of this dataset can be made publicly
available so as to further support and stimulate future research efforts specifically
focusing on our target end user groups.
Focusing the on the T4.2 part of affective robot outputs, our core contributions
can be considered two-fold. First, a facial expressions display has been designed
as an animated screen that allows the RAMCIP robot to express emotions through
facial expressions, in the course of the RAMCIP subUCs and the overall robot’s
operation. This is also augmented by changes to the robot’s speech intonation.
The facial expressions display and speech intonation modalities were carefully
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designed, taking into account the specificities of our target end users and use
cases, while validation within an experiment involving populations of our target
user group was also performed.
Second, a novel extensive affective policy has been developed for the RAMCIP
robot, translating the recognized user emotions into estimates of the overall
user’s mood, establishing also mappings between recognized user affect and
effects on the robot’s cognitive functions that subsequently drive the robot’s
assistive behaviour. As a result, our developed policy enables the robot to modify
its assistive behaviour in the scope of the target RAMCIP subUCs in a user-centric
way, so as to help the user maintain positive affect where possible, while having
a clear focus on the specificities of our target populations.
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3. Affect Recognition methods for the RAMCIP robot
3.1 Facial expression recognition
Our proposed facial expression classification pipeline addresses non-cooperative
recognition of subject’s facial expressions. The non-cooperative factor means that
the subjects will not be always at an ideal position in front of the camera, but we
assume that during the interaction with the robot an interval where the face of
the subject is mostly frontal can be detected. For this reason our approach is
broken into several distinct steps which are performed continuously (i.e. in real
time): a) face detection, b) facial landmark detection, c) face alignment and
cropping, d) facial action unit classification, e) temporal score fusion and emotion
classification.
We have used an open source implementation of a state-of-the-art 2D frontal
face detector159 on the input image that returns one or more candidate face
boxes. Some examples of the face detection with the candidate face box
highlighted can be seen in Figure 3 below.

Figure 3: Examples of the face detection algorithm results. Candidate face boxes
are depicted with a highlighted red box.

Within the largest of these boxes we perform facial landmark detection using a
publicly available landmark detector160. The detector finds 68 landmarks around
the main facial features (face boundary, eyebrows, eyes and month). It can
withstand moderate head yaw rotation (about 20 degrees). Sample results of the
landmark detection process can be seen in Figure 4 below.

Figure 4: Example of landmark detection algorithm result.
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We use three landmarks (eyebrows and mouth centre) to perform affine rotation
and centering of the image and then resize and crop the image to a standard
dimension (96x120).
The normalized face image is then fed to a set of facial feature extractors. We
employ three facial feature extractors, each one operating on a subset of the
input image (upper, lower and global). Features are computed either densely i.e.
on each point of a regular grid covering the image (8x12), or only over detected
landmarks. Experiments indicate that best results for each action unit are
obtained for a different combination of face region and sampling strategy. This is
determined by cross validation on the training dataset. The feature that we use at
each point is Local Gabor binary pattern histograms (LGBPH) 161, which has been
shown to be discriminative and robust to misalignment errors. We obtained the
best results by using 18 Gabor channels (3 octaves, 6 orientations). An LBP
histogram is then computed for each Gabor channel. All histograms of all points
are then concatenated in a high-dimensional feature vector. We use PCA to
perform dimensionality reduction on the feature vector. The PCA dimension is
selected thus to retain the 90% of the total energy of the original signal. Finally
we train a binary SVM classifier for each facial action unit and emotion that
classifies the specific expression from all other expressions including neutral.
Training is based on the extended Cohn-Kanade dataset133. This contains more
than 500 sequences of dynamic facial expressions for more than 100 subjects.
Each sequence has been annotated by experts using the FACS (facial action
coding system). We select the images of the expression apex plus 2 images
around it as positive examples and the first image (corresponding to a neutral
expression) is included in the negative dataset. The trained classifier is an SVM
with RBF kernel and parameters obtained through cross-validation.
The per-frame facial expression recognition results are fused within the 1-minute
long processing intervals employed in our overall affect recognition approach. As
further explained in Section 5.2, this is achieved by following two approaches, (a)
majority voting, disregarding the neutral detections and (b) frame-wise results
fusion through an exponential discount function, where neutral facial expressions
are included. Along with the core facial expression recognition method described
above, these two fusion approaches have been experimentally evaluated in the
RAMCIP affective dataset as described in Section 5.2, yielding similar results.

3.2 Affect-related body activity analysis
In order to add the body activity modality in our affect recognition methodology,
we drew upon the skeleton features proposed in a recent work of by Wang. et
al.104 and in addition, we extended the work of Giakoumis et al.15 that focused on
activity monitoring in 2D to the third dimension, utilizing herein all x, y, and z
coordinates provided by skeleton data captured with Kinect cameras.
We combined features from both approaches using both low-level postural
features and high-level kinematic and geometrical features in order to extract an
inference about the user’s affective state.
In what follows, the low-level and high-level features that derived from104 are first
described in Sections 3.2.1 and 3.2.2 respectively. Given that our overall affect
recognition approach concerns the processing of 1-minute long intervals,
statistical measures for all of these features (26 low-level and 10 high-level) are
calculated through the “temporal dynamics” approach described in Section 3.2.3.
Thereafter, the stress-oriented behavioural activity features that were extracted
by extending the approach of15 are described in Section 3.2.4. The concatenation
of all these features provided us with the initial, extended body activity-related
feature set, which was then experimentally evaluated as described in Section 5.3,
over its capacity to lead into the effective recognition of our target affective
states.
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As further explained in Section 5, each type of body activity features (low-level,
high-level, stress-oriented) were evaluated modularly and in combinations, as
well as through their fusion with the further modalities (facial expressions,
biosignals), towards the recognition of our target affective states, within the
RAMCIP affective dataset. We evaluated all body activity feature types using two
types of classifiers, a random forest classifier, and an SVM classifier, and finally
kept the classifier that achieved higher recognition rates for our examined cases.

3.2.1

Low level postural features

In order to depict the postural patterns of the body, we used the spatial distances
among hands, elbows, and shoulders in each of the three dimensions, as well as
the Euclidean angles of the two elbows and the orientation of the shoulders. All
these calculations lead to 26 postural features extracted for each skeleton in the
video sequence following104, as detailed in Table 1 below.
Feature Description
Feature Description
1) Euclidean Distance of Two Hands
2) Euclidean Distance of Two Elbows
3) Euclidean Distance of Left Hand and 4) Euclidean Distance of Right Hand and
Head
Head
5) Angle of Left Elbow
6) Angle of Right Elbow
7) Orientation of Shoulders on X-Y Plane
8) Orientation of shoulders on X-Z Plane
9) Right Hand - Right Shoulder in Z
10) Left Hand - Left Shoulder in Z
11) Right Hand - Right Shoulder in Y
12) Left Hand - Left Shoulder in Y
13) Right Hand - Left Shoulder in X
14) Left Hand - Right Shoulder in X
15) Right Hand - Right Elbow in X
16) Left Hand - Left Elbow in X
17) Right Elbow - Left Shoulder in X
18) Left Elbow - Right Shoulder in X
19) Right Hand - Right Elbow in Z
20) Left Hand - Left Elbow in Z
21) Right Hand - Right Elbow in Y
22) Left Hand - Left Elbow in Y
23) Right Elbow - Right Shoulder in Y
24) Left Elbow - Left Shoulder in Y
25) Right Elbow - Right Shoulder in Z
26) Left Elbow - Left Shoulder in Z
Table 1: List of low level postural features.

3.2.2

High level features

The high level features proposed in104were designed to depict the high-level
characteristics of the bodily expressions. In this category of characteristics reside
the movement activity and power, body spatial extension, and body bending.
Some of these features correspond to the movement quality of Wallbott103. We
calculated these features within two different time windows. For the first
approach, all features were calculated for non-overlapping windows of 1 second
duration, using only the first and last skeleton in each window. For the second
approach, we applied the same procedure, but within the context of a shorter
time window, of 0.2 seconds. Finally, the 10 high-level kinematic and geometrical
features described in Sections 3.2.2.1, 3.2.2.2, 3.2.2.3 and 3.2.2.4 below are
extracted, and together with the 26 postural features already described in the
previous section, formulate the frame-based 36-dimensional feature vector.

3.2.2.1

Body Movement Activity and Power

In the literature, the body movement power has often been modelled as Quantity
of Movement, Moving Speed, and Moving Acceleration. For example, Sanghvi et
al.162 considered as quality of movement the difference between adjacent image
frames, in contrast to Glowinski et al.163 who only examined the translation of two
hands and the head. Herein, we investigated the body movements by considering
that the different body parts make diverting contributions in the body movement.
Human motions can be analysed as the compositions of the motions of different
physical segments. Each segment is considered to be able to move independently
and thus exhibit an independent degree of activity 164. The different body
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segments are considered to have a hierarchical structure, when we divide the
human body in its comprising parts, as shown in Figure 5 below104. This approach
allows the estimation of the body movement activity and power (which are
composed of three parameters: Force, Kinetic Energy, and Momentum) to be
calculated hierarchically, from the bottom to the top of the body structure (refer
to Kahol et al.165 for further details):
𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝐹𝑜𝑟𝑐𝑒 = 𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑀𝑎𝑠𝑠 ∗ 𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝐴𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛, (1)
𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝐾𝑖𝑛𝑒𝑡𝑖𝑐𝐸𝑛𝑒𝑟𝑔𝑦 = 0.5 ∗ 𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑀𝑎𝑠𝑠 ∗ 𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑉𝑒𝑙𝑜𝑐𝑖𝑡𝑦2 , (2)
𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑀𝑜𝑚𝑒𝑛𝑡𝑢𝑚 = 𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑀𝑎𝑠𝑠 ∗ 𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑉𝑒𝑙𝑜𝑐𝑖𝑡𝑦, (3)
where segmentMass is estimated according to ergonomic definitions, which relate
the body weight to the masses of different body segments (refer to Kroemer et
al.166 for details). Subsequently, the Force, Kinetic Energy, and Momentum of the
full body could be extracted at the top level of the hierarchical body structure.

Figure 5: Hierarchical representation of human body104.

3.2.2.2

Body Spatial Expansion

As presented in103 and104, in order to extract such features, we first have to
estimate the body’s bounding box ([X, Y, Z].max, [X, Y, Z].min); then three
spatial extent indexes can be calculated:

3.2.2.3

𝑆𝐸𝑋𝑌 =

𝑋. max − 𝑋. 𝑚𝑖𝑛
, (4)
𝑌. max − 𝑌. 𝑚𝑖𝑛

𝑆𝐸𝑌𝑍 =

𝑌. max − 𝑌. 𝑚𝑖𝑛
, (5)
𝑍. max − 𝑍. 𝑚𝑖𝑛

𝑆𝐸𝑋𝑍 =

𝑋. max − 𝑋. 𝑚𝑖𝑛
, (6)
𝑍. max − 𝑍. 𝑚𝑖𝑛

Symmetry

In order to extract an inference regarding the relaxing attitude of a human, there
have been indications167 that the upper body asymmetry can be used as a
manifestation of relaxation. In addition, it can also be helpful in differentiating
between single and double arm actions. It is also an indication of reverse arm
movement168. Having these under consideration, spatial symmetric indexes for
both hands can be computed. In order to ensure independency considering the
position of the body, a relative coordinate system is used:
𝑆𝑦𝑚𝑚𝑒𝑡𝑟𝑦𝑋 =

𝐿𝑒𝑓𝑡𝐻𝑎𝑛𝑑. 𝑋 − 𝐵𝑜𝑑𝑦𝐶𝑒𝑛𝑡𝑒𝑟. 𝑋
, (7)
𝐵𝑜𝑑𝑦𝐶𝑒𝑛𝑡𝑒𝑟. 𝑋 − 𝑅𝑖𝑔ℎ𝑡𝐻𝑎𝑛𝑑. 𝑋

𝑆𝑦𝑚𝑚𝑒𝑡𝑟𝑦𝑌 = 𝐿𝑒𝑓𝑡𝐻𝑎𝑛𝑑. 𝑌 − 𝑅𝑖𝑔ℎ𝑡𝐻𝑎𝑛𝑑. 𝑌, (8)
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𝑆𝑦𝑚𝑚𝑒𝑡𝑟𝑦𝑍 = 𝐿𝑒𝑓𝑡𝐻𝑎𝑛𝑑. 𝑍 − 𝑅𝑖𝑔ℎ𝑡𝐻𝑎𝑛𝑑. 𝑍, (9)
in which BodyCenter is defined as the central point between the two hips.

3.2.2.4

Body Bending

The body bending feature is designed to capture forward movements or backward
bending.
𝐵𝑒𝑛𝑑𝑖𝑛𝑔 = 𝐻𝑒𝑎𝑑. 𝑌 − 𝐵𝑜𝑑𝑦𝐶𝑒𝑛𝑡𝑒𝑟. 𝑌, (10)

3.2.3

Temporal Dynamics

Following the per-frame extraction of the aforementioned features, in order to be
independent from the per-frame base, we modelled the temporal dynamics of
bodily movements. To capture the temporal characteristics of bodily expressions
Griffin et al.169 used the min, max, and range of several postural features within
the whole sequence of each expression, which required manual segmentation.
Instead of that, herein we calculated, within a fixed-size time sliding window, six
statistical cues (mean, standard deviation, min, max, kurtosis, and skewness), for
each of the 36 aforementioned features as proposed by Wang et al.104, so
segmentation is not necessary. Using the features produced from the temporal
dynamics analysis, we create the first 36 features of our feature vector using
features FL1 – FL156 produced from the statistical cues of the low level features,
and FH1 – FH60 produced from the statistical cues of the high level features
previously described.

3.2.4

Stress-oriented behavioural body activity features

In a past study of 201215, a stress recognition framework was proposed,
composed by features describing body activity, based on 2D motion history
images (MHI). Within the T4.2 efforts, we extended that work by utilizing all
three dimensions provided by the skeleton data captured by Kinect devices, thus
extracting corresponding behavioural body activity analysis features from the 3D
user’s skeleton data. The proposed features are used to describe the following
five different categories: global activity level, sharp activities energy, activity
symmetry, position and movement of subject’s head and body barycenters,
putting emphasis on behavioural correlates between body activity and stress.
Notably, in our present approach, and given that a series of the features
proposed in15can be considered capable to correlate to the user’s arousal level,
endorsed through further emotional states than psychological stress, we
examined their capability to lead into further improved recognition of stress, as
well as of our further target emotions, i.e. happiness, sadness and anger.
Herein, feature extraction was implemented similarly to the rationale of15, but in
order to use skeleton sequences instead of MHI data, we implemented the
following core changes in our approach:
-

A 1 second MHI is represented as a sequence of 10 skeletons (MHI/Skel),
of a total duration of 1 second. The Kinect camera framerate is 30fps, but
since in Giakoumis et al.15 the frame rate was 10 fps, we decided to
subsample our skeleton sequence data in order to match the one in the
aforementioned study.

-

All features were calculated for overlapping windows with duration of 1
second.

-

Any value corresponding to the MHI is calculated as the sum of the values
of each skeleton in the sequence.
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All three dimensions (x,y,z) were used when calculating the various
features.

In what follows, the features that were extracted herein from the user’s skeleton
data towards affect recognition, following the stress detection framework of15 is
presented.

3.2.4.1

Activity Level

The average and standard deviation (SD) of global upper-body activity level
within a time period were calculated as it was found15 that they are indicative of
stress occurrence. The specific features followed the rationale of Glowinski et
al.93, where the overall energy spent by a subject was found to be useful for
affect recognition. This was approximated by the total amount of displacement in
her/his hands and head. Also, in103, it was found that dynamics/energy/power of
movements can significantly vary in the context of different emotional states.
Thus, the amount of joint displacements in a given time period is expected to be
a powerful indication of stress, given that stressed persons will probably move
nervously (and arbitrarily), and more frequently than calm ones. In this respect,
the sum of the displacement of all the joints between consecutive skeletons was
calculated as:
10 𝑁_𝑗𝑜𝑖𝑛𝑡𝑠

𝑘 = ∑ ∑ ‖𝑠𝑘𝑒𝑙[𝑡]. 𝑗𝑜𝑖𝑛𝑡[𝑗𝑡] − 𝑠𝑘𝑒𝑙[𝑡 − 1]. 𝑗𝑜𝑖𝑛𝑡[𝑗𝑡]‖, (11)
𝑡=1

𝑗𝑡=0

Using as base the mean (Avg) and standard deviation (SD) of k within a time
window, several affect-related features were extracted for three different cases.
When k>0, when k>l, and when k>ls, where l and ls are experimentally set
thresholds:
 For all the cases: F1 = Avg(k), and F2 = SD(k)
 For the cases where k> 0: F3 = Avg(k > 0), and F4 = SD(k > 0)
 For the cases where k>l (l = 0.1):F5 = Avg(k >l), and F6 = SD(k >l).
In these cases the signal ‘‘Increased Movement Detected’’ was triggered.
This way, only executed movements above an energy threshold composed
a new subset of the original skeleton sequence. By this, small-scale
movements of the hands or head where discarded.
 For the cases where k>ls (ls = 0.02): F7 = Avg(k >ls), and F8 = SD(k
>ls). Similar to the previous case, in this occasion only the skeletons
where the activity level exceeded a threshold smaller than the one used
for ‘‘Increased Movement’’ detection (k>ls, 0<ls<<l) where considered in
the calculations. By this, we discarded only micro-movements of extremely
small scale (e.g. movement of the mouse of a PC).
Moreover, the frequency of the detected ‘‘Increased Activity Level’’ movements
within the given time window was also extracted as a further stress-related
feature, F9 which was defined as the number of non-overlapping seconds within
the time period considered, for which existed at least one case of ‘‘Increased
Movement’’. By expressing the frequency of activities that produced sequences of
increased activation within the examined time period we got a further indication
of the subject’s activity level.
3.2.4.1.1. Sharp Activities Energy
Following the approach of15, a sharp activity is defined as an activity occurring
between two consecutive recorded frames. The difference of the features
explained in this section, compared to features F1–F5, is the restriction of the
analysis window. Contrary to the above, where the inspection window was set to
1 second, in this section a value of 0.2 seconds is used. Practically, this means
that only the movement captured within two successive skeleton frames is taken
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into account. So in this respect, we expect to capture only rather rapid
movements, and thus, features expressing qualitative characteristics (e.g.
energy) of these rapid movements can be extracted. Overall, through this
features category, the goal is to extract information relative to the correlation of
rapid, nervous movements and the target affective states.
Considering only the short-term sequences (0.2 seconds time window)
corresponding to time periods where movement was detected (kshort>0) in the
long-term ones (1 seconds window), we extracted features F10: Avg(kshort), for
k>0 and F11: SD(kshort), for k >0. Finally, taking into account only the short-term
sequences that correspond to the long-term ones for which ‘‘Increased
Movement’’ was detected (k > l), we also extracted features F12: Avg(kshort), for k
>l and F13: SD(kshort), for k>l.

3.2.4.2

Activity Symmetry

167

In , it was shown that a “relaxed” attitude can be relevant with a person’s armposition asymmetry. Based on this assumption, further activity symmetry-related
features were also extracted from the recorded skeleton sequences by calculating
the sum of the symmetry in each skeleton. Basically, the head position was
considered as the centre of the skeleton, and the relative positions of the
right/left joints (SHOULDER, ELBOW, HAND, HIP, KNEE, ANKLE) to the head are
used to calculate the skeleton symmetry on all the 3 axis:
10 𝑁_𝑗𝑜𝑖𝑛𝑡𝑠_𝑅𝐿

𝑆𝑥 = ∑

∑

𝑡=0

𝑗𝑡=0

{(𝑠𝑘𝑒𝑙[𝑡]. 𝑗𝑜𝑖𝑛𝑡[𝑗𝑡]. 𝐿𝐸𝐹𝑇. 𝑥 − 𝑠𝑘𝑒𝑙[𝑡]. 𝑗𝑜𝑖𝑛𝑡[𝐻𝐸𝐴𝐷]. 𝑥)
− (𝑠𝑘𝑒𝑙[𝑡]. 𝑗𝑜𝑖𝑛𝑡[𝐻𝐸𝐴𝐷]. 𝑥 − 𝑠𝑘𝑒𝑙[𝑡]. 𝑗𝑜𝑖𝑛𝑡[𝑗𝑡]. 𝑅𝐼𝐺𝐻𝑇. 𝑥)}, (12)

10 𝑁_𝑗𝑜𝑖𝑛𝑡𝑠_𝑅𝐿

𝑆𝑦 = ∑

∑

𝑡=0

𝑗𝑡=0

{(𝑠𝑘𝑒𝑙[𝑡]. 𝑗𝑜𝑖𝑛𝑡[𝑗𝑡]. 𝐿𝐸𝐹𝑇. 𝑦 − 𝑠𝑘𝑒𝑙[𝑡]. 𝑗𝑜𝑖𝑛𝑡[𝐻𝐸𝐴𝐷]. 𝑦)
− (𝑠𝑘𝑒𝑙[𝑡]. 𝑗𝑜𝑖𝑛𝑡[𝑗𝑡]. 𝑅𝐼𝐺𝐻𝑇. 𝑦 − 𝑠𝑘𝑒𝑙[𝑡]. 𝑗𝑜𝑖𝑛𝑡[𝐻𝐸𝐴𝐷]. 𝑦)}, (13)

10 𝑁_𝑗𝑜𝑖𝑛𝑡𝑠_𝑅𝐿

𝑆𝑧 = ∑

∑

𝑡=0

𝑗𝑡=0

{(𝑠𝑘𝑒𝑙[𝑡]. 𝑗𝑜𝑖𝑛𝑡[𝑗𝑡]. 𝐿𝐸𝐹𝑇. 𝑧 − 𝑠𝑘𝑒𝑙[𝑡]. 𝑗𝑜𝑖𝑛𝑡[𝐻𝐸𝐴𝐷]. 𝑧)
− (𝑠𝑘𝑒𝑙[𝑡]. 𝑗𝑜𝑖𝑛𝑡[𝑗𝑡]. 𝑅𝐼𝐺𝐻𝑇. 𝑧 − 𝑠𝑘𝑒𝑙[𝑡]. 𝑗𝑜𝑖𝑛𝑡[𝐻𝐸𝐴𝐷]. 𝑧)}, (14)

From the symmetry of the skeleton sequence taken within a time period of
interest (i.e., a trial of the experimental session), several features were
extracted. The extracted symmetry features encoded the average and standard
deviation of the Euclidian distances between the centre and the right/left joints of
the skeleton in all three dimensions. Thus, the features F14 = Avg(Sx), F15 =
Avg(Sy), F16 = Avg(Sz), F17 = Avg(Sx / |Sy|), F18 = Avg(Sx / |Sz|), F19 =
Avg(sqrt(Sx2 + Sy2 + Sz2)), F20 = SD(Sx), F21 = SD (Sy), F22 = SD (Sz), F23 =
SD (Sx / |Sy|), F24 = SD (Sx / |Sz|), F25 = SD (Sqrt(Sx2 + Sy2 + Sz2)) were
calculated by taking into account all skeletons of the time period; features F26F37 only those where k was larger than l; and features F38-F49 only where k was
larger than ls.

3.2.4.3
Position
barycenters

and

movement

of

subject’s

head

and

body

According to the relevant literature93,103,170, various emotional expressions may be
manifested through the head position (sometimes indicative of pose) and
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movement. Followed this line, a set of features were extracted, expressing the
position and movement of the subject’s head. Initially the average (F50) and
standard deviation (F51) of the head’s distance from the centre of the frame were
calculated. Additionally, the average and standard deviation of the diversion of
the head’s position with respect to the initial position (IP) of the head within the
same trial, the initial position of the head within the specific subject’s resting trial
(IP_0), or the average position of the head within the specific subject’s resting
trial (AP_0) were extracted for all 3 axis (F52 = Avg(P.X-IP.X), F53 = Avg(P.YIP.Y), F54 = Avg(P.Z-IP.Z), F55 = Avg(Sqrt( (P.X– IP.X)2+(P.Y – IP.Y )2+(P.Z –
IP.Z )2) ), F56 = SD(P.X-IP.X), F57 = SD(P.Y-IP.Y), F58 = SD(P.Z-IP.Z), F59 =
SD(Sqrt( (P.X– IP.X)2+(P.Y – IP.Y )2+(P.Z – IP.Z )2), F60-F67 as previous but for
IP_0, F68-F75 as previous but for AP_0).
The average and SD of the head’s velocity (F76, F77respectively), acceleration
(F78, F79) and jerk (F80, F81) were also calculated as the average of the
corresponding values between consecutive skeletons using the following
equations:
10

‖𝑠𝑘𝑒𝑙[𝑡]. 𝑗𝑜𝑖𝑛𝑡[𝑗𝑡] − 𝑠𝑘𝑒𝑙[𝑡 − 1]. 𝑗𝑜𝑖𝑛𝑡[𝑗𝑡]‖
1
𝑉𝑒𝑙𝑜𝑐𝑖𝑡𝑦[𝑗𝑡] =
∑
, (15)
10
𝑠𝑘𝑒𝑙[𝑡]. 𝑡𝑖𝑚𝑒𝑠𝑡𝑎𝑚𝑝 − 𝑠𝑘𝑒𝑙[𝑡 − 1]. 𝑡𝑖𝑚𝑒𝑠𝑡𝑎𝑚𝑝
𝑡=1
10

𝐴𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛[𝑗𝑡] =

|𝑠𝑘𝑒𝑙[𝑡]. 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦[𝑗𝑡] − 𝑠𝑘𝑒𝑙[𝑡 − 1]. 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦[𝑗𝑡]|
1
∑
, (16)
10
𝑠𝑘𝑒𝑙[𝑡]. 𝑡𝑖𝑚𝑒𝑠𝑡𝑎𝑚𝑝 − 𝑠𝑘𝑒𝑙[𝑡 − 1]. 𝑡𝑖𝑚𝑒𝑠𝑡𝑎𝑚𝑝
𝑡=1

10

|𝑠𝑘𝑒𝑙[𝑡]. 𝑎𝑐𝑐𝑙𝑟[𝑗𝑡] − 𝑠𝑘𝑒𝑙[𝑡 − 1]. 𝑎𝑐𝑐𝑙𝑟[𝑗𝑡]|
1
𝐽𝑒𝑟𝑘[𝑗𝑡] =
∑
, (17)
10
𝑠𝑘𝑒𝑙[𝑡]. 𝑡𝑖𝑚𝑒𝑠𝑡𝑎𝑚𝑝 − 𝑠𝑘𝑒𝑙[𝑡 − 1]. 𝑡𝑖𝑚𝑒𝑠𝑡𝑎𝑚𝑝
𝑡=1

These parameters were also examined in respect of the skeleton’s barycenters
(Centre of Gravity - CoG), since in Glowinski et al.93, gestural
smoothness/jerkiness were examined as behavioural parameters related to
emotions. The centre of gravity (CoG) for each skeleton was calculated as the
average of the positions for each joint. As a result, the CoG of skeleton sequence
was calculated as the average of the CoG of each skeleton. As a result, further
features expressing qualitative aspects of the skeleton’s barycenters movement
were extracted. The average and standard deviation for each one of them was
calculated taking into account all skeletons of the time period where k was larger
than l, (F82 = Avg(velocity(CoG)), F83 = Avg(accel(CoG), F84 = Avg(jerk(CoG),
F85 = Avg(velocity(CoG)), F86 = Avg(accel(CoG), F87 = Avg(jerk(CoG))).
Features F88-F93 were calculated exactly as F82-F87 but only where k was larger
than ls.

3.2.4.4

Frequency of specific gestures occurrence.

From the skeleton sequences, specific gestures made by the subject can also be
detected. As gestures of interest the ‘‘Right hand on head’’ and ‘‘Left hand on
head’’ activities were selected following15. These specific gestures were used due
to the fact that activities like nail biting, scratching of head, smoothing of (already
smooth or even long gone) hair etc. are known to occur as behavioural symptoms
of stress171. After these gestures were identified, their frequency of occurrence
within a sequence was extracted as features F94 = frequency (“Right hand on
head”) and F95 = frequency (“Left hand on head”) concluding our feature vector
used to model body activity.
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3.3 Biosignals processing
3.3.1

Affect-related biosignals processing

To complete our affect recognition module, we also utilized the biosignals we
were able to receive from the E4 wristband197. In addition to our body activity
related feature vector described in Section 3.2, a further set of features were also
extracted from the biosignals (GSR, IBI, Hr) through the analysis described in this
section. This feature set comprises features commonly used in the literature
towards automatic stress, and more general, affect detection.
In what follows, the features extracted from the GSR and IBI/Hr signals are
described. The E4 wristband provides Inter - Beat - Intervals (IBIs) directly.
For each user an initial recording at a resting state needs to be recorded, since
this is to be used as baseline for data normalization, so as to counteract for
between-subject variability in the monitored biosignals; i.e. so as to counteract
for the differences of biosignals of different persons. In this scope, in the overall
RAMCIP approach for biosignals-based ER and in the context of the corresponding
experimental evaluation efforts, described in Section 5, in order to treat between
subject variability in physiological measurements, all extracted biosignal features
are normalized by subtracting their baseline values, recorded during the
aforementioned rest session. Considering the practical application of this
normalization approach, and how the associated rest biosignal recordings will be
taken in real-life context regarding the robot’s operation, it should be noted that
such, baseline measurements will be taken during the end user’s enrolment
phase. More specifically, prior to the robot’s operation in the real domestic
environment, along with the further enrolment data collection concerning for e.g.
the recording of user’s face images that will be used for face-based person
identification, the user will be instructed to sit down, relaxed and with eyes closed
for a few-minutes period of approx. two minutes, so as for her/his baseline
biosignal measurements to be collected through the same, E4 wristband. From
these measurements, the biosignal feature values that will be used for the
normalization of the specific user’s biosignal features during run-time will be
recorded.
The following features are calculated for recordings of 1 minute time windows.
For the GSR time series, the following typical features are extracted for each
recording: BG1= Average (Avg) and BG2 = Standard Deviation (SD)43, BG3 =
Minimum (Min) and BG4 = Maximum (Max). In addition, in line with Picard et
al.120, the mean of the absolute values of the first differences of the raw and
normalized signal were calculated by:
𝑁−1

1
𝐵𝐺5 = 𝛿(𝑥) =
∑|𝑥𝑖+1 − 𝑥𝑖 | , (30)
𝑁−1
𝑖=1

𝑁−1

1
𝐵𝐺6 = 𝛿𝑛𝑜𝑟𝑚 (𝑥) =
∑|𝑥̅𝑖+1 − 𝑥̅𝑖 | , (31)
𝑁−1
𝑖=1

Also, the mean of the convoluted with a Hanning window GSR signal first
differences were given by:
𝑁−1

𝐵𝐺7 = 𝑓𝑑 (𝑥) =

1
1
(𝑆 − 𝑆1 ), (32)
∑(𝑆𝑖=1 − 𝑆𝑖 ) =
𝑁−1
𝑁−1 𝑁
𝑖=1
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In the above two equations, x refers to the GSR signal, 𝑆𝑖 is the ith sample of the
resulting time series of the raw signal, sub-sampled at 4 Hz and convoluted with
a 3-second Hanning window. As described in Picard et al.120, the normalized
signal 𝑥̅𝑖 used in 𝛿𝑛𝑜𝑟𝑚 (𝑥) calculation, was given by (𝑥𝑖 − 𝑥𝑚𝑒𝑎𝑛 )/𝑥𝑠𝑑 , where 𝑥𝑖 is a
signal value recorded, 𝑥𝑚𝑒𝑎𝑛 and 𝑥𝑠𝑑 are the signal’s average and standard
deviation, respectively. In addition, the BG8 = Skewness and BG9 = Kurtosis 172 of
the GSR signals were calculated by:
𝑁−1

1
𝑥𝑖 − 𝑥̅ 3
𝐵𝐺8 = 𝑆𝑘𝑒𝑤(𝑥) = ∑ [
] , (33)
𝑁
𝜎
𝑖=0

𝑁−1

𝐵𝐺9 = 𝐾𝑢𝑟𝑡(𝑥) =

1
𝑥𝑖 − 𝑥̅ 4
∑[
] − 3 , (34)
𝑁
𝜎
𝑖=0

where x is the GSR signal, xi is the ith sample of the raw signal, 𝑥̅ and 𝜎 are the
signal’s average and standard deviation, respectively.
In addition the Average, RMS (Root Mean Square), and proportion of negative
samples of the 1st Derivative (BG10 = Avg1, BG11 = RMS1, BG12 = prop1) and
the smoothed (convoluted with Bartlett window) 1 st Derivative (BG13 = Avg1s,
BG14 = RMS1s, BG15 = prop1s) are detected following the methodology
proposed by Giakoumis et al.115. The Skin Conductance Responses (SCRs) are
also detected similarly, and their Average Amplitude and Duration (BG16 =
SCR_Amp, BG17 = SCR_Dur) are calculated. Also, the Rate of SCR occurrences
(number of SCRs divided to the intermediate duration, BG18 = SCR_Rate), as
well as Quantile thresholds at 25%, 50%, 75%, 85%, and 95% for Amplitude
(BG19 = SCR_AmpQ25, …, BG23 = SCR_AmpQ95) and Duration (BG24 =
SCR_DurQ25, …, BG28 = SCR_DurQ25) of SCRs were calculated similarly to Setz
et al.112. Furthermore, the average area under the rising half of each GSR
response (BG29 = SCR_arUnder) was calculated concluding the feature vector
extracted by the GSR signal.
From the IBI time series, the following features, typically used in the literature
towards biosignals-based stress and affect detection were extracted: BI1 =
RMSSD, BI2 = pNN50. Also, the standard deviations BI3 = SD1 and BI4 = SD2
were calculated from the IBI Poincare’ plot geometry similarly to Kim et al. 173.
Following the methodology proposed by Picard et al.120, the mean of the absolute
values of the second differences of the raw normalized signals were calculated by:
𝑁−2

𝐵𝐼5 = 𝛾𝑛𝑜𝑟𝑚 (𝐼𝐵𝐼) =

1
̅̅̅̅𝑖+2 − ̅̅̅̅̅
∑|𝑖𝑏𝑖
𝑖𝑏𝑖𝑖 |, (35)
𝑁−2
𝑖=1

In addition, to conclude the feature vector extracted by the IBI series analysis,
features BI6- BI14 were calculated exactly as the BG1-BG9 of the GSR signal.
As with the body activity features, biosignal features were evaluated modularly,
and through their fusion with the further modalities (facial expressions, body
activity features), towards the recognition of our target affective states, within
the RAMCIP affective dataset as further explained in Section 5. We explored our
biosignal features’ discriminant power using two types of classifiers, a random
forest classifier, and an SVM classifier, and finally kept the classifier that achieved
higher recognition rates in the scope of our examined cases.
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Biosignals processing for emergency use cases

A further part of biosignals processing in RAMCIP concerns the aim to detect
cases of bradycardia or tachycardia of the RAMCIP robot end user, towards the
triggering of assistive robot actions within subUC1.2 (Screening for the user’s
general condition). Specifically, robot actions involving the robot’s communication
with the user or some external controller if necessary (e.g. the user’s
relative/caregiver, who is outside the user’s home), should follow either some
user’s complaint that s/he is not feeling well, or the detection of some
abnormality in the user’s heart rate. The latter involves the detection of
brady/tachycardia.
To this end, we have followed the corresponding medical literature and
practice174,175, as confirmed by the project’s medical partners focusing on our
specific target end user groups (LUM), according to which, bradycardia and
tachycardia are typically detected when the person’s heart rate is below 60BPMs
or above 90BPMs, respectively. Therefore, a corresponding detector based on the
readings of the heart rate signal, taken when the user is detected to be at a
resting position (e.g. seated) for a while has been implemented.
Alongside, by taking into account that the heart rate of different persons can be
subject to significant between-subject variability, our detector can use different
reference values of HR for bradycardia and tachycardia when necessary.
Specifically, in case that confirmed, yet not clinically significant knowledge on the
resting HR of an individual patient exists, which brings her/his baseline to a level
below 60BPM or above 90BPM, alternative reference values for bradycardia or
tachycardia detection can be used; these correspond to <50BPM or >100BPM
respectively.
A key to the above personalized approach for setting more user-centred reference
values when necessary, is the collection of proper HR measurements during rest
from the individual. To this end, the following procedure is proposed to be
followed while taking the person’s measurements during rest, in accordance to
clinical practice guidelines176:


The patient should be allowed to sit for at least 5 minutes in quite room at
a comfortable temperature.



Heart rate should be measured over a 30 second period by pulse
palpation.



At least two measurements in the sitting position in a chair with legs
uncrossed should be taken.



The patient should refrain from talking during the procedure, and at least
5 minutes should elapse before the first reading is taken.

The above process can be strictly followed during the collection of the person’s
baseline measurements, which will lead into the selection of the reference values
that will be used for the individual towards the detection of bradycardia or
tachycardia. During the actual monitoring of the user upon the operation of the
RAMCIP robot, measurements for assessing whether the subUC1.3 robot assistive
actions should be triggered, are taken again at corresponding cases, where for
instance, through the user monitoring methods described in the deliverable D3.2,
the user is detected to be correspondingly seated for a 5-minutes period, so as
for the recording of the needed heart rate measurements to take place.

3.4 Multimodal fusion –based affect recognition
Two different fusion strategies were examined within our experimentation. The
first strategy concerned a feature level fusion approach, where the selected
features that achieved higher recognition rates from each modality were
combined in a single feature vector. The second strategy was a decision level
fusion approach, where we late bind the outputs from the multiple modalities.
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For the first approach, using the outcomes of the evaluation process described in
section 5 of this deliverable, we combined the features from each modality that
ranked higher in the classification results in order to create a new feature vector.
Using this we then re-trained both types of classifiers (SVM, and random forest)
resulting to the selection of the final type of classifier, using the one that achieved
higher recognition results.
For the second approach, the emotion recognition outcome from each available
modality was combined at decision level, by taking into account the separate
classification results’ confidence level.
For the purpose of determining the final emotion, the confidence level of
outcomes from the three employed modalities (skeletal features, facial
expressions, biosignals) was compared. In this approach, the outcome with a
higher confidence level was chosen. For instance, if the skeletal based recognition
using SVM/random forest classifier detected happiness as the present emotion
across the 1 minute time window, with a confidence level of 0.6, the user had a
neutral facial expression during this period and the biosignal based recognition
detected anger as the present emotion across the same 1 minute time window
with a confidence level of 0.7 then anger was chosen as the outcome.
In case of recognition using SVM (in facial expression and/or biosignal, skeletal
modalities), during training the goal is to find a separating hyperplane such that
the train set samples lay on different sides for which total distance from all
classes are maximized. Keeping this in mind, the further away from the
hyperplane a point is located, the more confident we are in the decision. So in
order to extract a confidence level for the decision we are interested in the
distance to the hyperplane. Since we want to have a confidence value in a range
(0, 1), we applied a sigmoidal function to the result, such as the logistic function:

𝐶𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 =

1
(1 + exp(−𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛))

When each modality detects an emotion, it signals an emotion detection event. A
function designated to handle the emotion detection events captures the event
details such as modality that raised the event, the emotion detected, and the
confidence of the decision. The fusion process determines the dominant emotion
based on majority voting. The emotion that is detected in majority of the
outcomes from the individual modalities is given the highest rank. Each emotion
is assigned a rank but only the emotions that have a confidence level greater
than a threshold t (experimentally defined) are considered to represent the
emotional state of the subject. Such an event driven approach makes the
multimodal recognition process asynchronous and independent of emotion
recognition process at the individual modality level.
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4. Affective outputs of the RAMCIP robot
4.1 Robot facial expressions
In robotics, it is essential for a robot to acquire a role and be classified properly
according to its type and behavioural function 177. In RAMCIP’s case as a novel
domestic service robot for assisting older persons, the appropriate empathic
output is required to support its empathic communication channels. The robot’s
head incorporates a screen that represents the robot’s face and is used for
showing the different facial expressions of the robot.
Following the above observation, a small set of facial expressions covering the
needs of the RAMCIP robot has been selected based on the findings of an
experiment with RAMCIP target group users (see section 5.6), which selected
from a large set of images the most appropriate facial expressions that
corresponded to the set of robot affective states. The expressions cover the
majority of affective states that the robot can express while interacting with the
user and have been designed to be aesthetically pleasant to the user.
The different emotional states have been divided into three distinct categories: a)
Positive, b) Neutral and c) Negative. The first category includes an "excited"
expression and a "default" smiling expression, which have been designed to
increase a positive affective state in the user. The second category includes four
facial expressions, "confused", "focused", "tired" and "sleeping". These are
considered neutral from an affective output point of view and have a more
practical role, considering the context of an assistive robot. Finally, included in
the third category, there are expressions for "sadness" and “anger” which
represent a negative emotional state of the robot. This basic set of facial
expressions is shown in Figure 6.

Figure 6: The basic set of RAMCIP facial expressions

While these eight expressions are sufficient for the first version of the robot and
the preliminary trials, several more facial expressions were additionally designed
in order to cover more cases of emotion synthesis (e.g. "frustrated") that may be
needed in the future. They are shown in Figure 7.

Figure 7: Additional supported facial expressions
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Facial expressions display design

The robot's head with facial expressions display enables robot-user interaction to
be enriched with corresponding emotional cues. For V1 of the robot, it was
decided to use a small 10 inch screen for this purpose. This placement allows the
user to better perceive the robot as a companion and makes the user more
comfortable while interacting with the robot.
The 2D images that are shown on this screen and have been described in the
previous section have animation capability. This means that for each emotional
state, several "intermediate" images have been designed that provide a smooth
transition between the starting and ending emotional state. In Figure 8, an
example of how the animation works while the robot "wakes up" is shown.

Figure 8: Transitioning from a "sleeping" state to the default "neutral" emotional
state

4.1.2
Adaptations policy for the facial expressions display
within the RAMCIP subUCs
The way that the abovementioned facial descriptions will be provided through the
robot’s facial display in the course of the RAMCIP target subUCs has been
carefully defined, having as a first aim to decrease the possibility for the
sensation of oddness and obtrusiveness to emerge on the end user.
As described in Section 2.2 of the deliverable, enriching human-robot
communication with robot facial expressions can be beneficial for our target end
users. At the same time, the fact that MCI and early AD patients may tend to
misinterpret the environmental clues has also been carefully taken into account;
therefore, the RAMCIP facial expression is going to be neutral for most of the time
during the robot’s operation. On the other hand, a monotonous facial expression
would leave an impression of rigidness and may give rise to the user’s anxiety
level.
Following the above, the following categories of situations involved in the RAMCIP
target use cases may be described, to which a particular facial expression has
been dedicated:
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-

Initial contact made by the user/robot in normal conditions: the robot’s
facial expression should be NEUTRAL

-

Initial contact made by human/robot due to detected hazardous event: the
robot’s facial expression should be SAD

-

Possibility of providing help to the user: the robot’s facial expression
should be EXCITED

-

The positive outcome of the subUC: the robot’s facial expression should be
HAPPY

The SLEEPING, TIRED and CONFUSED facial expressions are going to be used for
informative purposes, reflecting for instance the fact that the robot is at stand-by
mode, should soon go its charging position, or had a difficulty in understanding
some user’s command, respectively.
The above basic rules formulate the basis for defining the facial expressions
display part of the exact communication flows in the course of all of the project’s
subUCs, which will be handled through the CDM; note that the CDM controls
among others, the robot facial expression displayed in the course of the use
cases, therefore the above rules are followed while defining the corresponding
decisions part of the CDM. The analytic description of the human-robot
communication flows during the target subUCs, including the exact robot facial
expressions shown, will be described in the deliverable D4.4 (Communication
Decision Maker).

4.2 Robot speech intonation
Humans are able to change the sound of their voice through intonation.
Intonation is not a single system of contours and levels, but the product of the
interaction of features from different prosodic systems – tone, pitch-range,
loudness, rhythmicality and tempo in particular178.
Language (speech) can be split into two components: the verbal and vocal
channels. In the verbal channel, the semantic content of the speaker’s words
determines the meaning of the sentence. The way a sentence is spoken however,
can change its meaning through the vocal channel which conveys emotions felt by
the speaker and gives to the listeners a better idea of the intended meaning.
Nuances in this channel are expressed through intonation, intensity, a rhythm
which combined for prosody.
For computer systems, the first speech synthesis programs could only speak in
“computerized” voices. Each word was spoken the same way and the result was
usually confusing and sometimes difficult to understand. Advances in speech
synthesis have augmented these previously “robotic” voices with forms of
emotional prosody.
Emotional prosody refers to the change in the tone of voice by adjusting certain
parameters. These are: pitch, speaking rate, volume (loudness), timbre and
pauses. Current systems are able to automatically adjust some of these
parameters according to the text to be spoken, the natural language analysis of
the words and punctuation marks that can affect the prosody.
RAMCIP is using the Microsoft Speech platform for both speech synthesis and
speech recognition. Speech intonation and output in this platform can be adjusted
in three ways, by changing the volume, pitch and speaking rate of the voice,
while extra spaces in the text, commas and full stops can add pauses to the
spoken phrases.
For the purposes of researching the effects of speech intonation to the overall
affective output of the robot, an experiment was performed so as to determine
the impact of changing speech intonation to the user perception of robot affective
cues. In terms of software, a small application was developed which read a
number of phrases from a file and was able to adjust the volume, rate and pitch
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of the voice that spoke the phrases. The procedure and results of the experiment
are described in Section 5.6.
The findings from performing this experiment have provided enough information
so as to be able to utilize the speech prosody parameters offered by RAMCIP’s
speech synthesis module and apply the correct values for offering the correct
tone and robot emotion for each spoken phrase of the robot. The prosody
parameters used in the experiment are combined with the corresponding robot
facial expression to provide the best possible combination that offers the correct
robot behaviour throughout the RAMCIP human robot communication scenarios.
The speech synthesis module and details on its functionalities, capabilities and
usage in RAMCIP will be described in more detail in D4.3. The specific parameters
and policies for spoken phrases used for the RAMCIP subUCs will be described in
D4.4.

4.3 Effects of detected user affect on the robot’s
cognitive functions
The detected user emotions, as recognized by the ER methods described in
Section 3, have a three-fold purpose in the overall RAMCIP robot’s operation;
specifically, the focus is on the detection of affective states either related to
psychological stress or indicative to user discomfort, with the aim to augment the
robot cognitive functions towards assisting the user, while also facilitating the
CDM and providing the robot with feedback over the effect that an action had on
the user, populating with this information the user’s VUM.
As concerns the effect of ER on the CDM, in addition to the facial expressions
interface of the RAMCIP robot augmenting human-robot communication with
robot-derived nonverbal affective cues, a further focus is on the adaptation of the
interaction modalities upon the detection of negative emotional states, such as
stress, so as to ease the human robot communication.
The impact of positive or negative emotional states on human robot
communication can be demonstrated in specific parts of the target RAMCIP
subUCs and can affect input/output modalities and/or dialogues driven by the
CDM. An example of this can be found in subUC5.2 (bring bottle of water) where
the robot detects the user’s fatigue before communicating and emotion during the
initial communication. In case the user has been detected as not tired, the default
behaviour of the robot would be to encourage the user to go drink some water by
her/himself. This behaviour can be modified in case that a negative user
emotional state is detected so as to not provoke further negative emotions. The
robot can then alter its voice to sound more pleasant, while agreeing immediately
to bringing water to the user instead of discussing it more (e.g. say “I will bring
water for you” instead of “Do you need help with the bottle?”). The policy
regarding the CDM adaptations that derive from emotion recognition will be
described in detail in D4.4.
Further to the above mentioned, rather direct impact of the recognized shortterm emotions in the robot’s communication behaviour, in our formulation of the
affective policy of the RAMCIP robot, the detected user emotions (recognized
through the emotion recognition methods described in Section 3) are also
combined so as to lead into estimates on the user’s overall mood, both in the
short-term (i.e. referring to the “last hour’s” time period) and in the long-term
(i.e. referring to a single day). The outcomes of both the short-term and longterm mood inference processes are used to augment the cognitive functions of
the robot towards assisting the user, by having corresponding information stored
in the user’s VUM, which is in essence being compared to the current user’s state
so as to affect the robot’s decisions.
Specifically, the outcome of the long-term (daily-based) inference focuses on the
augmentation of the robot’s cognitive functions with the capability to decide on
October 2016

46

CERTH

Deliverable D4.1

Dissemination Level (PU)

643433–RAMCIP

whether stimulation of the user to contact a relative should be provided, so as to
help the user with her/his coping strategies for emotion regulation. This process
is directly related to the scope of the proactive part of the RAMCIP target
subUC8.1 “Communication with relatives and friends”, as the long-term mood
inference provides the basis for triggering the corresponding cognitive functions
of the ADM for this specific subUC.
Moreover, the outcome of the short-term (e.g. hourly-based) inference on the
user’s mood is used so as to drive alterations on the robot’s assistive behaviour,
as orchestrated from the RAMCIP ADM, in a series of further use cases; in
essence, the short-term inference is used to help the ADM modify the way that
assistance is provided to the user, based on the robot’s affective input, so as to
demonstrate a more proactive and helpful behaviour through its current task,
towards inducing a more pleasant feeling of care in case that negative user
emotional states are detected.
Let e(i) be the detected emotion of the user for the 1-minute time interval i, at
which the ER methods of Section 3 are applied. This can be one of the target
emotions “joy”, “sadness”, “anger”, “stress”, as described in Section 3. Long-term
and short-term inference on the user’s mood is performed and applied on the
basis of the time series e(1), e(2), …, e(i), as described below, in Sections
4.3.1“Long-term mood inference” and 4.3.2“Short-term mood inference”
respectively.

4.3.1
Long-term mood inference towards stimulation of
the user to contact a relative (subUC8.1 - proactive)
4.3.1.1

Rationale

According to the theory of emotion reappraisal 179,180,181,182,183, the cognitive
emotion regulation184,185 is applied when a person can regulate emotions by
choosing situations, sub-situations, aspects and meanings that may in direct or
indirect way change the emotion gained in a particular situation. On the ground
emotion that has been risen, the cognitive construct moderates the state of the
person. As well through the intentional actions the individual may decrease /
increase the intensity of the present emotion and even change its valence. This
can lead into suppression of negative emotions and promotion of more positive
moods. For instance, upon the emergence of negative affective states, such as
stress or sadness, a person may choose to get involved in a situation with a
specific expected emotional value, so as to change her/his mood level and
thoughts186; indicatively, by having an older person living alone, choosing to meet
with her/his children or grandchildren, a beloved relative or friend, thus selecting
to get involved within a usually positive experience, the mood level can be
improved and the senior’s thoughts be positively influenced 186.
Nevertheless, not all persons can sufficiently undertake emotion regulation tasks
as the ones described above when needed; it is acknowledged that the extent to
which a person can get properly involved within such tasks depends on the
person’s sensitivity, which can be considered as the ability to change or choose
situations in order to bring the person’s mood level closer to a prospected,
positive one186. As further explained in Section 2.2, MCI and AD patients have
greater difficulties to deliberately regulate and control their emotional responses
than healthy older adults do30; the deterioration of cognitive functions can
hamper controlled emotional suppression.
In order to help the target end users with enhancing their coping strategies for
emotion regulation when needed, one of the target use cases of the RAMCIP
robot concerns the provision of stimulation to the user to contact a relative, upon
the detection of prolonged sadness or stress during the day.
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In this scope, an inference model has been developed herein, which drives
corresponding decisions of the RAMCIP robot (i.e. stimulation of the user to get in
touch with a relative), on the basis of the robot’s emotion recognition methods
described above, in Section 3, as illustrated in Figure 9 below and further
explained in what follows.

Figure 9: Overview of the personalized inference model for user stimulation to
contact a relative so as to improve her/his mood

As shown in Figure 9, the Emotion Recognition results that derive from the
processing of the different modalities (face, body, biosignals) for specific time
intervals of interest, are provided as input to the “daily negative mood level
estimation” module. Therein, through the mood estimation model described
below, the individual ER results are merged so as to formulate an index of the
user’s negative mood level for the current day. Subsequently, this resulting
estimate is compared to the user’s typical daily negative mood level index. Upon
the detection of a significant difference, the robot’s corresponding actions to
support the user in improving her/his mood are triggered, in accordance to the
flow of the subUC8.1 “Communication with relatives and friends”.

4.3.1.2

Mood estimation model background

Our mood estimation model is based on the Valence-Arousal (VA) space10, where
valence and arousal are considered to span a Euclidean space, as shown in Figure
10 below. In addition, we consider the mapping of discrete emotions to the VA
space, as shown also in the same figure.

Figure 10: Russel’s circumplex model of affect10
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Specifically, we consider that the target emotional states of happiness, sadness,
anger and stress are mapped to specific quadrants of the VA space. While
happiness belongs to the quadrants of positive Pleasure, sadness, anger and
stress belong to the negative ones. Therefore, our approach is based on the
transformation of the detected target emotional states into an indication of
whether the person’s overall mood is of positive of negative valence for the time
period of interest. Subsequently, the prolonged positioning of the user’s mood at
the negative pleasure quadrants shall then trigger for e.g. the robot’s long-term
affective action that stimulates the user’s contact with a beloved relative or
friend.
For the purpose of long-term mood inference, we follow the rationale of the
“Long” (longer emotion) mood predictor defined in a recent study that focused on
predicting mood from short-term emotions187, which is based on the hypothesis
that the quadrant of the PAD space containing the majority of detected emotions
may be a predictor of the user’s mood; as noted in 187, this hypothesis comes in
accordance to the ALMA model 188 and the Mehrabian’s PAD model definition 189,
where mood is defined as “an average of a person’s emotional states across a
representative variety of life situations”.
4.3.1.2.1. Situations of Interest for emotion recognition towards mood estimation
The situations of interest in our case derive from the RAMCIP robot’s target
subUCs and they relate to cases where interaction between the user and the
robot is established. At this point, it should be noted that affective cues such as
facial expressions or affect-related body activity, on which the RAMCIP ER
methods are based, are typically event-triggered, communicative or
conversational signals44,190, which typically underlie human communication or
appear during some user activity and therefore, can be expected to be detected
while the user is engaged either in a communication activity or a specific task
(e.g. playing a cognitive game).
Moreover, it should be noted that as explained in Section 3, the recognition of the
target emotional states of joy, sadness and anger, relies strongly on the facial
expressions and body activity modalities. As such, it becomes clear that in order
to anticipate more reliable recognition of these affective states in the target
realistic settings of RAMCIP, the situations of interest for their recognition should
focus on human-robot communication cases, or also on cases where the user is
engaged at a task that allows for a clear view of the user’s body and face to be
provided; such as when the user is playing the cognitive exercise games provided
by the RAMCIP robot, in the scope of subUC8.4 (Provision of cognitive training
programs).
Following the above, the recognition of the target emotional states is attempted
in the situations of interest which can be grouped in the following main
categories:
a) HRI: the robot is engaged in a HRI task, where communication with the
user is also involved; e.g. from provision of a notification to the user or in
more general, establishment of a human – robot communication scenario,
where non-verbal user affective cues may appear during HRI.
b) Games: the user is playing a cognitive exercise game which is provided by
the RAMCIP robot.
Alongside, given that stress recognition is mainly based on the monitoring of the
user’s biosignals, this affective state falls in a different category, where affect
recognition can be attempted also in further cases, where the user is not in
direct, visual contact with the robot. Therefore, while psychological stress is also
monitored during the HRI and cognitive games playing cases, it can as well be
monitored during further cases in the daily life of the user at home, given that
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care is taken so as for the corresponding biosignal processing methods to be
applied when the user is detected for e.g. to be seated or resting, without
significant physical activity prior to that, so as to avoid false positives of stress
detection.

4.3.1.3

Long-term negative mood level inference model formulation

The core factor of our long-term mood inference model is the NvA (Negative
versus All) index, which is calculated as the ratio between the occurrences of
detected user emotional states of negative valence; i.e. those that belong to the
VA quadrants of negative Valence values (Negative), to the total count of
intervals where emotion recognition was attempted to take place:
𝐶𝑜𝑢𝑛𝑡(𝑒(𝑉 < 0))
𝑁𝑣𝐴 =
𝐶𝑜𝑢𝑛𝑡(𝐴𝐿𝐿)
Where “e(V<0)” corresponds to the detected emotional states: “Sad”, “Angry”,
“Stressed”, while “ALL” comprises all intervals of interest where emotion
recognition was attempted.
As described above, there are two different types of situations of interest that are
involved in the RAMCIP ER approach, the “HRI” and “Games” situations.
Moreover, according to the subUC8.1, there is a key communication between the
robot and the user in the beginning of the proactive scenario of that use case,
where the robot asks “How do you feel today?”, in case that some signs of
inactivity and/or negative mood have been detected. Following the above, we
define the following indexes: NvAHRI, NvAGames and NvAQ, which correspond to
the calculation of the NvA index for the total time intervals of the HRI, the
cognitive games and the subUC8.1 Question respectively. The total user’s NvA
index for the current day (D) is then calculated by applying a weighted average
on the above three factors, i.e:

𝑁𝑣𝐴(𝐷) = 𝑤1 ∙ 𝑁𝑣𝐴𝐻𝑅𝐼 (𝐷) + 𝑤2 ∙ 𝑁𝑣𝐴𝐺𝑎𝑚𝑒𝑠 (𝐷) + 𝑤3 ∙ 𝑁𝑣𝐴𝑄 (𝐷)
Clearly, as each of the weights w1, w2 and w3 increases, the impact of the user’s
detected emotions within either, the HRI sessions, the cognitive games, or the
subUC8.1 question, increases respectively. In our current formulation, we have
defined:
w1=0.3, w2=0.3, w3=0.4
Through the above setup, there is an equal contribution between the user’s
detected emotions during the HRI sessions and the cognitive games, while a
stronger contribution is provided from the user’s detected emotional state while
answering the subUC8.1 question. This comes in analogy to the rationale of the
“complex mood predictors” defined in187 , where the mood assessment gradually
neglects the past and gives more weight to the most recent detected affective
states.
Similarly, in our case, while the overall user’s affective behaviour during the day
plays a significant role to the overall NvA index estimation (NvAHRI and NvAGames
factors), a strong portion of the final NvA estimation outcome is set to depend on
the user’s current emotional state, as detected during the subUC8.1 question –
related human-robot communication (NvAQ), without however disregarding the
past relative observations.

4.3.1.4
Personalized inference towards robot affect-related actions in
subUC8.1
Following the above formulation of the NvA index, the present section describes
how this parameter is used in the scope of the robot’s personalized inference
towards the robot’s affect-related actions defined in subUC8.1. As shown in the
Figure 11 below, the history of past NvA index values for the past days of the
robot’s operation (i.e. for the D-1 days, assuming that D is the current day) are
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recorded in the user’s VUM, while their average (Avg(NvA)D-1) and standard
deviation (SD(NvA)D-1) are the parameters that are used in the robot’s
corresponding inference process.
Specifically, upon the calculation of the user’s NvA index for the current day
(NvA(D)), a comparison takes place to the typical corresponding user’s behaviour
encoded in the VUM; it is checked whether the user’s current NvA index (NvA(D))
has a significant difference (i.e. exceeding the standard deviation) to the average
user’s NvA values known so far. In case where the user’s current mood is found
to involve negative emotional states to the extent that bring it to a significant
difference than her/his average daily mood, the affect-related robot actions of
subUC8.1 are triggered, leading the robot to stimulate the user to contact a
relative or friend.
Following the above inference process, an update of the user’s current Avg(NvA)
and SD(NvA) values (as had been calculated from the days 1,2, …, D-1) takes
place, so as for them to take into account from now on also the new values found
for the user. This way, the inference model for the triggering of the robot’s
corresponding action is adapted to the detected user’s affective behaviour, as it
evolves over time.

Figure 11: Functional overview of the personalized inference model for user
stimulation to contact a relative so as to improve her/his mood

4.3.1.5

Inference during Day 1

An important issue in the above formulation concerns the way that the decision
on the robot action is taken the first day of the robot’s operation with a specific
user, i.e. when D=1, as during that day, no prior NvA values exist at the user’s
VUM. In order to set this initial threshold, we take into account that, following the
study of Carstensen et. al.191, the frequency of negative affect during daily life in
persons between the age of 65-94 years old, can be considered to reside at the
level of 25%. Therefore, the initial threshold, to which NvA(1) is compared so as
for the robot to take a decision on day 1 of its operation is set to 0.25, while each
day, through the user’s VUM Avg(NvA) and SD(NvA) update process shown in
Figure 11 above, this initial assumption will gradually be fitted to the observations
derived through the robot’s emotion recognition engine, over the detected
emotions of its actual, specific user.
Notably, the above assumption can be considered to resemble the behaviour of a
human caregiver, who, during the first day of support provision to a patient,
relies on her/his own already existent experience so as to compare the patient’s
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behaviour with the one of others already known, while in the following days, the
caregiver’s decisions become gradually better tailored to the specific user.

4.3.1.6

Triggering of subUC8.1

A further important issue relates to the way that the subUC8.1 question is
triggered. This is done in two different ways; either on a scheduled basis at a
specific time point during the day or proactively, at time points that is deemed
necessary.
In the first case (scheduled), the robot is scheduled to ask the subUC8.1 question
in the evening, in case that the user is detected that s/he has not made any call
through the robot to a relative or friend during the day.
In the second case (proactive), the robot monitors first of all whether
psychological stress has strongly appeared to the user within a time period.
Specifically, the subUC8.1 is triggered in case that a significant proportion of the
user’s past stress-related measurements reveal increased psychological stress.
Quantitatively defined, given that the stress-related user assessment can take
place continuously over time during the person’s rest and is executed in oneminute intervals, it is assessed every thirty minutes while the user is monitored
to be at a “resting”, e.g. seated, position (i.e. every thirty 1-minute long
intervals), whether the “longer” past user affective state corresponded to stress,
i.e. whether stress was detected in the majority of the assessed time intervals.
In addition, the initial triggering of subUC8.1 is also performed when overall
prolonged negative user emotions are detected in a longer than a half-hour
period, by considering in this case, whether the majority of the user’s PvN index
(of the short-term inference model described in Section 4.3.2) calculations during
the period of the last three hours (i.e. the last three calculated PvNh values) have
remained at negative levels.
4.3.1.6.1. Simulated inference examples on stimulating the user to contact a
relative
In what follows, two examples are provided, showing how the above described
inference process can be applied in practice. In both cases, the user is assumed
to have the same, significant amount of negative detected emotions during the
first day of the robot’s operation (i.e. the threshold to which NvA(D) is compared
is 0.25). In the first case, this is also reflected to the user’s response to the
robot’s question involved in subUC8.1.However, in the second case, it is assumed
that as time went by during that day, the user’s mood has been improved,
leading to a positive emotional state detected during the communication involved
in the subUC8.1 question.
Case 1
NvAGames(D)=0.5; i.e. negative emotional states (e.g. stress, anger) have been
detected in half of the time intervals involved in the cognitive exercise games
played during that day.
NvAHRI(D)=0.3; i.e. in one out of the three HRI scenarios established today by the
robot, a negative emotional state of the user (e.g. anger) was detected.
NvAQ(D)=1; i.e. during the communication following the subUC8.1 question posed
to the user, sadness was detected.
Using w_1, w_2 and w_3 as defined above, the above values of the NvAGames,
NvAHRI and NvAQ factors result to NvA(D)=0.64. This result is significantly above
the initial threshold of 0.25, thus the robot decides to stimulate the user to
contact a relative.
Case 2
The values of the NvAGames(D) and NvAHRI(D) factors are the same, yet NvAQ(D)
obtains a value of zero, as the emotional state of joy was detected to the user. As
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a result, we obtain NvA(D)=0.24, which leads into a more discreet robot
behaviour, restraining the robot from intervening to the user’s current state and
providing stimulation to her/him for contacting a relative.
Nevertheless, it should be noted at this point that given the multi-faceted nature
of triggers that can drive the robot’s subUC8.1-related decisions, in case that the
user is again detected to have a negative mood after some time following the
above assessment, thus her/his PvN index is detected to have been brought to
further lower levels, the above robot’s assessment of the subUC8.1 triggering
may be repeated (this time with a different question than before, yet of similar
semantics, for e.g. “is everything all-right?”), potentially leading to a stimulation
of the user to contact a relative. In fact, given that the above assessment of Case
2 brought NvA(D)to be very close to the threshold, further detections related to
negative user mood (i.e. bringing NvAHRI to further lower values) may as well
eventually lead the robot to stimulate the user for corresponding communication,
even if her/his response to the subUC8.1 question remains unchanged.

4.3.2

Short-term mood inference

4.3.2.1

Rationale

While the above, long-term mood inference model is used to provide estimates on
the overall user’s mood on a daily basis, being dedicated to the purposes of the
proactive scenario of the subUC8.1, a further model has also been developed in
the context of T4.2, dedicated to provide continuous, shorter term (hourly-based)
estimates on the user’s mood as it evolves over time during the day, in an effort
to further augment the robot’s cognitive functions with affect-related knowledge
derived from user monitoring.
The overall rationale of this process is based on the assumption that when the
user’s current mood is detected to be at a negative level (i.e. related to negative
emotions, such as sadness and being thus located in the negative valence
quadrants of the VA space), the robot’s assistive behaviour would be good to
become more proactive and prone to establish interventions that involve robotic
manipulations which physically help the user, instead of having the robot for e.g.
communicating to the user about some issue, having as priority the stimulation of
the user to act so as to resolve it. This way, upon the detection of negative user
mood, the robot’s cognitive functions shall be biased towards a more proactive
robot assistive behaviour, perceived as more helpful from the user, in an effort to
induce her/him with a more pleasant feeling of care 192, similarly to the alterations
that are made in the robot’s assistive behaviour upon the detection of user
physical fatigue.
At this point, it should be clarified that given the continuous, shorter term nature
of this inference process, we resort herein to a different inference model
formulation than the one described above for long-term mood estimation.
Particularly, in the long-term case, we are interested on whether negative user
emotions, such as sadness, anger or stress have appeared for large periods of
time during the day, in line with the specific needs of the subUC8.1. Therefore,
the long-term mood estimation model is based on the NvA index, which is
calculated exactly as a ratio indicating the overall proportion of detected negative
emotional states during the periods of interest of the given day. On the contrary,
the short-term mood inference case has a basic difference, as our interest is on
the more direct estimation of the short-term (i.e. on an hourly basis) user’s
mood, towards altering the way that assistance is provided by the robot.
Therefore, for the short-term case, we follow instead an approach that builds
upon the detected “positive vs negative” user emotions, deriving this way an
estimate on whether the user’s current mood can be considered to be located
either at the positive or the negative quadrants of the VA space, following thus
closely the approach presented in187, on predicting mood from punctual emotions.
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Specifically, in this case, our model is based on the difference between the
occurrences of positive and negative affective states, having thus the “PvN”
(Positive versus Negative) index described below as its core factor, instead of the
NvA index that is used in the long-term model. Moreover, an exponential discount
function is used so as to weight within the PvN index calculation the different ER
outcomes that have derived for the period of interest, giving more weight to the
most recent ones, as in this short-term case, no explicit communication is
conducted between the robot and the user so as for the robot to be provided with
a more definite, current indication from the user on her/his current mood (as is
the case of the subUC8.1 question).
By using this PvN index, we are not only capable of estimating the short-term
mood of the user on a positive vs. negative basis, but we can use this same index
so as to encode the affective feedback derived from human-robot communication
during specific states of the target use cases, into a corresponding representation
of the user’s VUM, denoting whether specific actions of the robot typically have
either positive or negative affective effect to the user. By combining the
knowledge on both the user’s current state in terms of positive vs. negative
mood, with the known effects of robot actions, the robot is then capable to infer
on its assistive behaviour in a way that tries to avoid negative emotions to
emerge to the user and further help her/him have more positive outlooks.

4.3.2.2

Short-term Mood Inference Model Formulation

For the purpose of short-term mood inference, we follow the rationale of the
“exponential discount” (ED) mood predictor defined in187, which is based on the
hypothesis that a desirable property of mood assessment is smoothness over
time193, that is, it should gradually neglect the past, as it moves along the
emotion sequence. This has been modelled in the ALMA model 188 through a linear
discount function; however, the results of187 indicated that the use of exponential
discount can lead to even better results on mood estimation. Following the above,
our short-term mood inference model formulation is as follows:
Let Eh = e(1), e(2), …, e(i) be the time series of the user’s target emotions (i.e.
joy, sadness, anger, stress), detected in the i short (1-minute long) time intervals
that belong to the last hour of observations, through the methods described in
Section 3. By considering whether each detected emotion belongs in the positive
or the negative half of the valence axis in the VA space, we replace each element
of Eh with the value of “+1” or “-1” respectively and obtain the following time
series:

𝑉ℎ = 𝑣(1), 𝑣(2), … , 𝑣(𝑖)
Where v(i) is either -1 or +1, if the corresponding detected emotion detected
within the time interval i of the last hour (h), belongs to the negative or the
positive half of the VA space respectively.
Following187, we define the exponential discount function Dw in our case as:

𝑘−1
𝐷𝑤 (𝑘) = exp (
),
𝑖−1

𝑘 = 1, 2, … , 𝑖

Our short-term mood index (PvN(i) – Positive versus Negative index, for the last
i emotions) is then calculated as the weighted average of the contents of the V(i)
time series:
𝑖

𝑃𝑣𝑁(𝑖) = ∑ 𝑣(𝑘) ∙ (
𝑘=1

𝐷𝑤 (𝑘)
)
𝑖
∑𝑘=1 𝐷𝑤 (𝑘)

By considering the last i emotions detected during the last hour (h), we end up
with the PvNhindex, which is formally defined as:

𝑃𝑣𝑁ℎ = 𝑃𝑣𝑁(𝑖)
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where i denotes the user emotions recognized during the last hour of the robot’s
operation.
If the PvNh index is found to be negative, this leads in our case to a negative
short-term mood estimate for the user, with respect to the corresponding time
period. In this case, a corresponding signal may be provided to the ADM,
signifying this fact and leading the ADM’s cognitive functions to bias the robot’s
behaviour towards a more proactive one, more prone to provide assistance
through robotic manipulations, than through communication.
Specifically, and as further described below, upon the detection of a user’s
negative short-term mood estimate, the overall rationale of the robot behaviour’s
adaptation concerns the avoidance of behaviours that are known, in accordance
to the corresponding personalized information stored in the user’s VUM, to be
associated with negative user affect.

4.3.2.3
actions

Encoding and using the affect-related user feedback on robot

By considering the RAMCIP target use cases, as defined in the M12 RAMCIP trials
protocol and further specified through the tasks T3.6 and T4.4, related to the
development of the RAMCIP ADM and CDM respectively, a series of cases were
identified where the robot’s proactive behaviour can be considered prone to
induce either positive or negative affect to the user.
Herein, we take into account that: (a) The robot’s proactive behaviour can either
focus on providing physical assistance to the user (e.g. to bring some object to
the user or change the state of some electric appliance through robotic
manipulations), or on stimulating the user to perform the corresponding action on
her/his own, so as to be more physically active, in cases where no user fatigue is
detected. (b) On the other hand, having the robot demonstrating constantly a
behaviour that involves insisting on stimulating the user to act, may lead at some
point to the emergence of negative emotions to the user.
It thus becomes clear that the RAMCIP cognitive functions should maintain a
balance between the assistance that is provided through human-robot
communication (i.e. stimulation of the user to act) and the more proactive
application of robotic manipulations, within the target subUCs where assistance
can be provided in both of these ways. Apart from the user’s physical fatigue,
which is clearly a key factor in this respect, further important factors, from the
psychological point of view, can be considered both (a) the user’s current mood
and (b) the known associations of robot actions to the user’s affect.
Following the above, our inference model concerning the effects of the user’s
affective cues on the short-term robot decisions over how assistance is provided
within the target subUCs, relies on two basic factors, i.e. the PvN h index described
above and a further PvN-based factor, calculated through the detected user
emotions upon specific robot actions of interest. More specifically, we consider the
following two factors:
PvNh: Estimate on the user’s current mood, in respect to positive
vs negative emotions detected in the short-term (i.e. during the
last hour)
PvN(subUC(UC), Comm(C)) = PvNUC.C: PvN index calculated
through the detected emotions upon past appearances of the
human-robot communication scenario C, involved in the subUC
UC.
Let e(subUC(UC), Comm(C))ibe the user emotion recognized during the i th
appearance of the human-robot communication state of interest C in the target
subUC UC. The PnVUC.C index is calculated equivalently to the PvN(i) (as
October 2016

55

CERTH

Deliverable D4.1

Dissemination Level (PU)

643433–RAMCIP

described in the previous section), by using in this case the time series: E UC.C =
e(UC, C)1, e(UC, C)2 , …, e(UC, C)i, instead of Eh.
Following the above, the user’s VUM stores for each subUC and communication of
interest the value EUC.C, which indicates the weighted average of the user’s
emotional responses, as detected through the ER methods of Section 3. Each
EUC.C parameter is given 0 as the initial value, i.e. e(UC, C)0=0.
The overall rationale of the use of the above parameters towards affecting the
robot’s cognitive functions is as follows:
In case that (a) the user’s current mood (as expressed through PvN h) is detected
to be of negative valence (i.e. PvNh<0) AND a robot’s behaviour, stimulating the
user to act through communication instead of involving robotic manipulations, so
as to resolve a specific situation within a target use case, has been detected in
previous occurrences of this subUC to be associated with negative user affective
cues (e.g. anger, stress, sadness detected upon the specific human-robot
communication), thus being associated with a negative PvNUC.C index (PvNUC.C<0),
THEN, the robot’s cognitive functions will promote the selection of a robotic
manipulation-oriented assistive behaviour in the given case.
The latter is realized through the provision of a signal to the ADM, signifying that
a robotic manipulation-oriented assistive behaviour should be preferred in the
current subUC.
In parallel to the above, the update of the EUC.C time series related to the current
use case incidence, will occur, on the basis of the assumption that an emotion of
zero (neutral) valence should be added at the point of “i+1”. This assumption is
made due to the fact that the specific communication of interest (i.e. the
communication that stimulates the user to act on her/his own) is avoided and not
conducted. In some cases, the above, discarded communication may be replaced
by an indication of the robot that will conduct the necessary action on its own so
as to help the user; although it could be considered that the (most probably)
positive affective outcome detected during the latter communication may be
taken into account instead, in that case, the stimuli would have been different,
and as such, a further uncertainty would be added on the relevance of the specific
ER procedure to the calculation of the specific PvNUC.C index.
In line with the above formulation, in what follows, a description is provided over
the specific affect-related feedback that is obtained by the robot, concerning the
effect that specific robot actions, involved in the specific target subUCs, had on
the user, and how this information populates the user’s VUM, as well as how this
information is taken into account so as to affect the robot’s assistive behaviour in
the corresponding subUCs.
Notably, the subUCs referred to below and their specific points where the user’s
affective cues can have an effect on the robot’s assistive behaviour have been
carefully selected, after reviewing the flow of the target subUCs defined in the
M12 protocol and working in collaboration with T3.6 and T4.4 developments on
the subUCs FSMsi, with a view on identifying all cases where: either a positive or
negative emotion could be detected from the user following a specific proactive
assistive robot action where either human robot communication or robotic
manipulations could be involved, and the corresponding derived knowledge would
be meaningful to have an effect on corresponding future robot actions, so as

i

For each subUC, in the scope of T3.6 and T4.4, ADM-related and CDM-related Finite State
Machine (FSM) diagrams are developed for all of the RAMCIP subUCs, specifying in detail
the possible flows of the robot’s behaviour in the course of the subUCs. These FSMs will be
reported in detail in the deliverables D3.5 and D4.4. At this point, it must be noted that
especially in the context of human-robot communication, each FSM of a specific subUC
defines a set of Frequently Asked Questions, which can be applied at specific points in time
in the course of a subUC.
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make them more prone to induce pleasant emotions to the user when needed. As
further explained below, those subUCs are: subUC2.1, 2.3, 3.1, 4.1 and 5.2,
while a special case corresponds to subUC8.1 (communication with relatives and
friends), where, despite the fact that there is no case of robot decision on the
selection between communication or manipulation –oriented assistance provision,
a way that could further improve the possibilities of this assistance functionality
to induce positive emotions has been identified.
4.3.2.3.1. SubUC2.1. Assist in turning off electric appliance
The point of interest in this subUC concerns the state where the robot asks the
user if s/he would like it to turn off the forgotten light appliance on behalf of the
user (FAQ6, as defined in the ADM FSMi); in accordance to the flow of subUC2.1,
in case that the user has been detected as not tired, the robot shall stimulate
her/him into the corresponding action. However, in case that the user’s current
state is associated with a negative mood, and this specific communication has
been found to associate with a negative user’s emotional response (e.g. anger,
stress, sadness), it should better be avoided for the current subUC instance, and
be replaced with a more proactive, physically assistive intervention.
The specific rule for the above is defined as:

𝐼𝑓(𝑃𝑣𝑁ℎ < 0) 𝐴𝑁𝐷 (𝑃𝑣𝑁2.1−𝐹𝐴𝑄6 < 0)
The above rule is evaluated by the RAMCIP affective module each time that the
subUC2.1 comes into play (by having the affective module monitoring
corresponding signals issued from the ADM when possible, upon the subUC
occurrence), while in case it is found TRUE, the affective module notifies the ADM
that a robotic manipulation-oriented assistive behaviour should be preferred,
through the issuing of a corresponding signal, monitored in turn from the ADM.
4.3.2.3.2. SubUC2.3. Detection of improperly placed objects
Similarly to the rationale of the subUC2.1 process described above, in the case of
subUC2.3, the point of interest concerns the state where the robot asks the user
if s/he would like it to move the improperly placed object on her/his own, in case
that this is possible (i.e. graspable object at appropriate position). The specific
rule for this subUC is defined as:

𝐼𝑓(𝑃𝑣𝑁ℎ < 0) 𝐴𝑁𝐷 (𝑃𝑣𝑁2.3−𝐹𝐴𝑄𝑋 < 0)
Similarly to the above, in case that this rule is found TRUE, the affective module
notifies the ADM that a robotic manipulation-oriented assistive behavior should be
preferred.
4.3.2.3.3. SubUC3.1. Taking medication/food supplements – reminders, bringing
and monitoring
In the case of subUC3.1, the point of interest concerns the state where the robot
asks the user if s/he would like the robot to bring the pills to her/him, instead of
having the robot get proactively engaged in a corresponding manipulation task.
The specific rule for this subUC is defined as:

𝐼𝑓(𝑃𝑣𝑁ℎ < 0) 𝐴𝑁𝐷 (𝑃𝑣𝑁3.1−𝐹𝐴𝑄2 < 0)
Similarly to the above, in case that this rule is found TRUE, the affective module
notifies the ADM that a robotic manipulation-oriented assistive behaviour should
be preferred instead of the FAQ2 step of subUC3.1.
4.3.2.3.4. SubUC5.2. Proactive bringing of a bottle of water
In the case of subUC5.2, the point of interest concerns the state where the robot
asks the user if s/he would like to have some water, and then (as defined in the
corresponding ADM FSMi, for the case where the user is not detected to be tired),
the robot does not proactively move to bring some water to the user, but instead,
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asks if the user needs some help with the bottle (FAQ2i), implying that the user
should better go and take the water on her/his own so as to be helped maintain
physically active. The specific rule for this subUC is defined as:

𝐼𝑓(𝑃𝑣𝑁ℎ < 0) 𝐴𝑁𝐷 (𝑃𝑣𝑁5.2−𝐹𝐴𝑄2 < 0)
Similarly to the above, in case that this rule is found to be TRUE, the affective
module notifies the ADM that a robotic manipulation-oriented assistive behaviour
should be preferred. Therefore, in that case, during the current scenario, the
robot’s cognitive functions will promote the traversing to the robot’s internal state
where it directly offers to bring some water to the user and starts the
corresponding manipulations (FAQ3i), instead of FAQ2i, within the ADM-FSM.
4.3.2.3.5. SubUC8.1. Communication with relatives and friends
The case of subUC8.1 has a core difference compared to the above use cases –
i.e. there is no explicit need for the robot to choose among some communicationoriented or physical manipulation-oriented assistive behaviour, as the subUC is
strictly communication-oriented. Nevertheless, this subUC involves the user’s
communication with relatives and friends, where the robot (as explained in the
above Section 4.3.1 (“Long-term mood inference”), having detected an overall
negative user mood during a day, it stimulates the user to contact a relative. In
that case, the user will be presented with a series of options for establishing a
contact (e.g. a list of relatives and friends to choose the desired one), which
derive from the known user’s database of corresponding peers, as registered in
the user’s VUM.
In this scope, it can be assumed that the user’s communication with a specific
person than others could often be more pleasant for the user, leading to the more
frequent emergence of positive emotions. While the user’s choices on her/his
communication peers, as provided by the RAMCIP robot, should by no means be
restricted to specific persons to contact for the purposes of emotion regulation
(for e.g. by restricting the list with those whose communication with, often results
to more positive emotions, like the above), it is reasonable to assume that the
subtle promotion of such a person among the list of communication candidates
presented to the user, the communication with whom is known to lead into more
positive emotions, could increase the potential of this person to be selected, and
as such, the potential for positive emotions to be induced to the user during the
communication.
Following the above, we define again, for each person in the user’s list of
communication peers, a PvN index -oriented parameter, related to the overall
mood of the user during the communication with the peer. This parameter derives
from the PvN index defined above, being calculated in the same way for each
communication session with the remote person. Specifically, let P=p 1, p2, …,pi, be
the list of the user’s contacts. For each communication (cj) of the user with
person pi, the PvN index is calculated: PvNpi(cj). By averaging all PvN indexes
calculated so far during the all of the user’s communications with person p i, we
end up with the communication peer –specific PvN index factor:
PvNpi= Avg(PvNpi(cj))
Subsequently, the sorting of the user’s communication peers in the list which is
presented to the user when corresponding communication is stimulated in the
scope of subUC8.1, can be conducted in accordance to the PvNpi index, by having
first in the list the person associated with the highest PvNp i value, second in the
list the person with the second highest PvNpi, etc.
Finally, it should be noted at this point that the PvNp i indexes are calculated by
the RAMCIP affective module during the user’s remote communication with the
specific person, realized through the corresponding RAMCIP interface, and their
values are stored in the user’s VUM, being utilized by the CDM during the
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corresponding subUC8.1 human-robot communications. Moreover, the initial PvN
index for each peer is set to be zero, thus initially no PvN index-based effect is
applied to the communication peers list, while the list’s sorting is gradually
modified in a personalized way, following the corresponding affective user
monitoring. Notably, while the modified list may affect user’s selections by having
the persons related with more positive user affect being among the first options,
it still presents the user with all candidate communication persons, thus allowing
the user to freely select the person that s/he would like to contact in the scope of
subUC8.1, without limiting her/his options.
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5. Experimental evaluation
This section describes the procedures that took place in the context of T4.2,
towards the experimental evaluation of the developed algorithms and methods.
As further explained below, experimental evaluation of the RAMCIP ER methods
was performed both on a public dataset and on a dataset collected during the
project, so as to better cover the T4.2 aims and needs. Specifically, given the, to
the best of our knowledge, unavailability of publicly available datasets that (a)
focus on our target affective states of interest, (b) involve all modalities utilized
herein (facial expressions, biosignals, body activity) and (c) have been created
from populations of our target end users, a multimodal dataset has been collected
through an experiment that involved the induction of the target emotions on
populations of our target user groups.
In what follows, Section 5.1 describes first the dataset that was collected in the
experimental evaluation activities of T4.2, while sections 5.2 to 5.5 present the
results that were obtained from our experimental evaluation.

5.1 RAMCIP affective dataset
In order to evaluate the effectiveness of the emotion recognition methods of T4.2
(described in Chapter 3 of the deliverable), a data collection experiment was
conducted in the premises of the LUM RAMCIP partner, in Lublin, Poland, with the
aim to collect appropriate data from older adults, including MCI patients, during
the induction of positive and negative emotions and psychological stress.
Specifically, the experiment comprised two parts, one dedicated to the
emotional states of happiness, anger and sadness, and one dedicated to
psychological stress.
It should be noted at this point that by the time of the execution of this data
collection experiment, the development of the RAMCIP robot was still a work in
progress, in accordance with the RAMCIP DoA. Therefore, this data collection
experiment followed a similar approach to past related works124, where the target
emotions were induced to the participants without the presence of the exact
robot, on which the ER methods will operate. Hence, the aim was herein to collect
data from the participants related to the target emotions, which were induced
through well-established approaches followed in past relevant works (i.e. a
cognitive game and the IAPS dataset as further explained below), in an effort to
obtain a valid dataset that would enable the experimental evaluation of the
developed ER methods. Notably, efforts were put so as to ensure the best
ecological validity possible, even despite the current inability to use the real, final
robot. Indicatively, a part of the experiment involved the induction of the target
emotional states through the use of a cognitive game (a Stroop test), strongly
resembling a key case where the target end users’ emotions are planned to be
monitored during the real RAMCIP robot’s operation (as further explained in
Section 4), which will concern the users’ playing of a cognitive exercise game
through the RAMCIP robot.
In what follows, Section 5.1.3 describes the monitoring sensors/devices that were
used in the experiment, which were the same for both the two experiment parts
(stress induction and happiness, sadness and anger induction).
Then, Section 5.1.4 presents the stimuli that were used in our experiment for
inducing the target affective states.
Section 5.1.5 describes in detail the experimental protocol followed.
The questionnaires used in the experiments, mainly for obtaining ground truth
measurements for the user’s emotions during the experiment are summarized in
Section 5.1.2.
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Finally, Section 5.1.1 describes the recruitment process that was followed and
provides also the demographics information of the participants that took part in
our affective data collection experiment.

5.1.1

Recruitment process and participants

The participants of the experiment were adult volunteers recruited by the
Neurology Department (LUM). The participation was voluntary and the
experiment was conducted at the time proposed by the subjects. In total 24
persons were recruited, out of which 21 fulfilled the requirements of the
experiment. Below in Table 2, the demographic information of the participants is
presented.
Group

Number

Average
Age

Average
Years of
Education

Right
Handed

Male

Female

Healthy

8

71.88

13.38

100%

2

6

MCI

12

69.67

12.50

100%

6

6

Early
AD

1

68

12

100%

1

0

Table 2: Participants demographic information

Prior to the experiment, medical and psychological assessment, the informed
consent was signed.
There were two groups of participants: elderly persons without memory problems
and persons suffering from MCI and early AD. The assessment of the current
cognitive state of the participant was performed before participation in the
experiment and was a main indicator in the group selection. The assessment was
performed by a psychologist with usage of the world recognised screening tools
(such as MMSE, 7 Minute screening test, CDR, GDS). It was accompanied with
the medical and neurological examination in order to exclude other potential
diseases that would be an obstacle in participation in the experiment.
In order to assess the anxiety level the State-Trait Anxiety Inventory was
performed and CISS scale was applied for identification of the dominant stress
coping style. The average scores of the aforementioned screening tools in the
assessment can be found in Table 3 and Table 4 below.

Group

Avg(STAI
-1)

Avg(STAI1 sten)

Avg(STAI2)

Avg(STAI2 sten)

Avg(CISSSSZ)

Avg(CISSSSZ sten)

Avg(CISSSSE)

MCI+Ea
-rly AD

28.38

3.00

39.38

3.85

61.38

6.92

43.08

Healthy

22.75

2.63

36.25

2.75

60.25

6.50

42.88

Group

Avg(CISS
-SSE
sten)

Avg(CISSSSU)

Avg(CISSSSU sten)

Avg(CISSACZ)

Avg(CISSACZ sten)

Avg(CISSPKT)

Avg(CISSPKT sten)

MCI+Ea
-rly AD

4.85

39.23

4.46

17.00

4.69

14.62

4.54

Healthy

4.63

38.75

4.25

16.38

4.38

15.50

5.00

Table 3: Average scores of the participants for the screening tools, during the
psychological assessment process
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Group

Avg(MMSE)

Frequency of
GDS

Frequency of
CDR

MCI+Early AD

25.38

84.62% scored: 3
/ 15.38% scored:
3 to 4

92.31% scored:
0.5 / 7.69%
scored 1

Healthy

28.38

100% scored: 2

87.5% scored: 0 /
12.5% scored: 0
to 0.5

Table 4: Average score for MMSE test, and frequencies of appearance for the
various scores in GDS and CDR test. CDR 0 corresponds to healthy, 0,5 to MCI and
1-3 to AD. GDS 2 corresponds to normal age-associated forgetting, 3 to MCI, and
4-7 to dementia.

The obtained results suggest low levels of anxiety, both as a trait and a state,
reported by the participants. As well the averaged results of the CISS suggest
action directed style of coping with the stress as a dominant style in this group of
participants. Therefore the data obtained should be considered as related to the
effect of the particular stimuli, not the experimental setting.

5.1.2

Questionnaires

A series of questionnaires were involved in both of the above parts of the
affective data collection experiment. A first purpose of the questionnaires was to
collect pre- and post- trial information from the user, concerning her/his overall
current state. Even more importantly, ground truth measurements regarding the
stress level and emotional state of participants during the experiment were
established through questionnaires, which the participants filled-in at specific time
points, as described in the trial protocols outlined in Sections 5.1.5.1 and 5.1.5.2
above. It should be noted at this point that, as further explained in Section 2.2 of
the deliverable that, according to the relevant literature 28, self-reports of MCI and
early AD patients related to their current emotional state, can be considered
valid.
The key questions included in the experiment were as follows:
In the stress induction experiment part, stress self-assessment was conducted at
the end of each trial (post-trial questionnaire), using a Likert-scaled (1–5)
question directly asking subjects whether they were feeling stressed during the
trial, following the rationale of the free-scale question used in past relevant
works111. The participants’ answer in this question was used as the ground truth
for each trial in this part of the experiment. This question was provided to the
subjects within a set of further questions. These included a subset of the StressAppraisal-Measure (SAM) questionnaire194, consisting of the four questions related
to stress (questions 2, 16, 24 and 26), as well as the Self-Assessment Manikin
(SAM manikin)195.
During the other part of the experiment (happiness, anger and sadness
induction), the subjects filled in instances of the SAM manikin, indicating their
self-assessed PAD values following each observed block of IAPS pictures involved
in a trial (i.e. subjects filled-in a SAM manikin at the end of each trial, which
concerned a particular target affective state). In past related works that involved
IAPS pictures as the emotion induction stimuli (e.g.213), the ground truth for the
user’s experienced emotion during the experiment was inferred directly from the
stimuli that was provided (i.e. from whether the images presented to the user
corresponded to happy, sad, etc. affective states). In our experiment, we
followed this line and in addition, we used the user’s self-reported valence and
arousal levels obtained through the SAM manikin questionnaire, so as to verify
that the stimuli had indeed induced the target emotion to the participant. This
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process led to the annotation of each trial of this part of our experiment, as
belonging to the happy, angry or sad class.

5.1.3

Monitoring Sensors/devices

In both experiments, the target emotions were induced through dedicated,
custom S/W applications developed by CERTH, which were presented to the user
through a PC with which s/he was interacting during the experiment. While the
target emotions were induced, data related to the multi-modal measurements
involved in the ER methods of Chapter 3 (video streams of the user’s face and
body and biosignals), were collected with the same H/W setup, which comprised:
-

A video camera (Kinect196) placed opposite to the participant, recording
her/his face and body activity

-

An Empatica E4197 wristband placed at the participant’s hand; this is a
wristband with a series of sensors, including an Electrodermal Activity
Sensor for Galvanic Skin Response (GSR) acquisition and a
Photoplethysmography Sensor for monitoring Blood Volume Pulse (BVP),
from which heart rate and other cardiovascular features may be derived.
The wristband is worn from the participant at her/his hand, and transmits
wirelessly the data of the monitored biosignals to a base station PC.

The above devices are illustrated in the Table 5 below, while the overall
experimental setup is further illustrated in Figure 12, Figure 13, and Figure 14
below.
Video Sensor
Kinect

The Microsoft Kinect Sensor
uses an IR emitter to
provide 3D information of
the viewed scene. It was
placed opposite from the
participant, so as to record
her/his
face
and
body
activity
during
the
experimental session.

Physiological Sensors
Empatica E4

Data acquisition for both the
Galvanic Skin Response and
Blood Volume Pulse was
conducted by the means of
the Empatica E4 wristband.

Table 5: Sensors used in the affective data collection experiment
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Figure 12: Diagram of the data collection setup (illustrating the user, the PC, the
devices and their connections – GSR, IBI and Heart rate are transmitted
wirelessly from the Empatica E4 wristband to the pc)

Figure 13: Sample image of the data collection setup taken during the
experiments (1)

October 2016

64

CERTH

Deliverable D4.1

Dissemination Level (PU)

643433–RAMCIP

Figure 14: Sample image of the data collection setup taken during the
experiments (2)

Real-time data collection during the experiments, from both the above devices,
took place through custom S/W applications developed from CERTH for the
purposes of the present experiment. The collected data were recorded in realtime at the same PC, along with timestamp annotations that ensured
synchronization of the measurements, as well as synchronization to the events of
the emotion induction stimuli employed (described below, in Section 5.1.4).

5.1.4

Emotion induction Stimuli

In order to induce the target emotional states, custom S/W applications
developed by CERTH were used, capable to present the user with the stimuli and
record timestamped events of interest at the base station PC. The first application
was based on the Stroop test approach for stress induction, while the second, on
the IAPS dataset approach.

5.1.4.1

Stress induction

The stress-induction stimuli of the experiment was a custom Stroop colour word
test198 S/W application (Figure 15). The Stroop test has been commonly utilized in
the past so as to examine attention and cognitive flexibility199, emotion
perception200, as well as the effect of stress manipulation on cognitive
performance201. Due to the fact that it is a mental task whose difficulty may
substantially increase (e.g. through manipulation of task pacing), it has also been
considered as capable to form the basis for stress-induction stimuli15,202,203,204. In
this line, the Stroop test was used herein, so as to provide a mental task of
increased difficulty, within a stressor framework that was also based on time
pressure.
Eventually, the stressor of our experiment was mainly based on two parameters,
i.e. time pressure and increased task difficulty, commonly known as capable to
induce stress205,206. As explained in the following, these two factors were
manipulated throughout the different conditions of our experiment, in a way
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similar to15, during the participants' interaction with the custom Stroop-based
application.

Figure 15: Screenshot of the Stroop test application’s user interface.

In the Stroop test of the present experiment, five colours were utilized; red,
green, blue, yellow and pink. The initial, English version of the Stroop test was
translated into Polish (Figure 16), so as to be properly applied on the Polish
participants of the LUM RAMCIP site. Following the presentation of the
colour/name combination, the subject was presented with five buttons labelled
after the specific colours. For each question, the subject had to press the correct
button; i.e. the button denoting the name of the colour displayed (font colour of
the displayed text).

Figure 16: Indicative illustration of the Polish version of the Stroop test used in
the RAMCIP affective data collection experiments
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As further explained in Section 5.1.4.1 below, four different variations of the
Stroop test were used in our experiment. Each version had a different difficulty
level from the others and was provided to the participant within a specific trial of
the Stress induction session.

5.1.4.2

Happiness, Anger and Sadness induction

In this part of the experiment, the target emotional states of happiness, sadness
and anger were induced using emotional images, presented to the user through a
custom-made application.
By following the emotion induction process used in a series of related
works207,208,209,210,211,212,213, the affective stimuli used in our experiment were
chosen from the International Affective Picture System (IAPS) 214,which is a large
set of standardized, emotionally-evocative, internationally-accessible, colour
photographs that includes contents across a wide range of semantic categories.
The selected images corresponded to the following classes of emotions: happy,
sad, and angry.
In order to perform the experiment, we sorted out photos of three basic emotions
among 1182 photos of the standardized IAPS (International affective picture
system). We excluded all images containing sexual and direct violence context
and chose the affective images with respect to their empirical scores provided by
the IAPS annotation regarding valence, arousal and dominance components.
Eight images per each category of emotion were selected (24 images in total).
The empirical valence, arousal and dominance scores of the selected images, in
the scale [-4] to [4], can be seen in Table 6 below.

Image
IDs

Valence
Mean

Valence
SD

Arousal
Mean

Arousal
SD

Dominan
-ce Mean

Dominan
-ce SD

Targeted
Emotion

2095, 2205,
2276, 2278,
2375.1,
2800, 8010,
9210

-2.17

1.51

-0.43

2.13

-0.93

2.12

Sadness

1340, 1441,
2040, 2050,
2340, 2395,
8496, 8540

3.66

1.48

0.26

2.37

1.53

2.11

Happiness

2691, 2810,
3500, 6370,
6520, 6821,
8060, 9163

-2.00

1.60

1.06

2.08

-1.17

2.22

Anger

1645, 1675,
5395, 5535,
7002, 7021,
7025, 7040

-0.01

1.29

-1.18

2.1

0.53

1.99

Neutral

Table 6: Mean and standard deviation of valence, arousal and dominance scores
for the selected images from the IAPS dataset

The selected images were separated in 2 blocks of pictorial stimuli; four images
from the same emotional class were used per block, while each image was
presented to the user for a time interval of fifteen seconds. Each block of images
formulated the stimuli of a single trial, as further explained in Section 5.1.5.2
below.

5.1.5

Experimental protocol

Prior to starting the experiment, subjects were informed about the contents of the
test and they were given the consent form to read and sign. After consent was
confirmed, they sat on the experiment desk in a dimly lit, sound-attenuated
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room. The emotion induction stimuli applications were presented on a screen infront of the subject at around ~100cm. The Empatica E4 wristband was placed at
the subject’s non-dominant hand and was tested to ensure the correctness of
biosignals retrieval.
Following the above preparatory activities, the two parts of the affective data
collection experiment took place, the details of which are described in what
follows.

5.1.5.1

Stress experiment session

This part of the experiment comprised four trials in total. During this period, GSR,
BVP and video data of the subject were recorded. Before starting the experiment,
the subject had to fill a “pre-trial questionnaire” declaring their personal
information and their current level of stress; for more details on the
questionnaires see Section 5.1.2. After the end of each trial, the subject had to fill
in the corresponding “post-trial questionnaire”.
The description of these trials is summarized as follows:
●

Rest. The subject is asked to relax for two minutes with eyes closed. GSR
and BVP baseline data, as well as video, are recorded during this period.

●

Trial 1. The subject played an easy (congruent) version of the Stroop
colour word test, where the font colour was always the same as the colour
name displayed (Figure 17ii). The time limit for each question was 7
seconds. The subject had to identify the font colour and speak it out loud
while clicking on the right answer. The trial ended when sixty questions
had been answered, and then the subject filled in the post-trial
questionnaire.

Figure 17: Indicative screenshot instance of the Stroop test of Trial 1

●

Trial 2. The subject played the typical Stroop colour word test, where the
font colour was always different than the colour name displayed (Figure
18). The time limit for each question was seven seconds. The subject had
to identify the font colour and speak it out loud while clicking on the right

ii

In all figures demonstrating Stroop test screenshots of the present Section, the English
counterpart of the Polish version of the Stroop test that was used in our experiments is
provided, so as to ease understanding
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answer. The subject played the test for 40 questions. At the end, the
subject filled-in the post-trial questionnaire.

Figure 18: Indicative screenshot instance of the Stroop test of Trial 2

●

Trial 3. The same specifics as in Trial 2 were followed, however, this time
the subject played a Stroop colour word test of increased difficulty; the
font colour was always different than the colour name displayed, and also
after each of the subject’s answer, the order of buttons changed in a
random manner (Figure 19). The time limit for each question was five
seconds. The subject had to identify the font colour and speak it out loud
while clicking on the right answer. At the end, the subject filled-in the
post-trial questionnaire.

Figure 19: Indicative screenshot instance of the Stroop test of Trial 3

●

Trial 4. The same specifics as in Trial 3 were followed, however this time,
the subject played a Stroop test where three colour words are presented in
each question instead of the typical one (Figure 20). Two out of the three
words have always the same colour. The subject had to identify the
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dominant font colour and speak it out loud while clicking on the right
answer. At the end, the subject completed the post-trial questionnaire.

Figure 20: Indicative screenshot instance of the Stroop test of Trial 4

In the Table 7 below, the average and standard deviation of the participants’
answers in the specific stress self-assessment question used in the experiment
are presented with respect to the number of trial, and their diagnosis.
All
participants

Trial

MCI + Early
AD

MCI

Healthy

Mean

SD

Mean

SD

Mean

SD

Mean

SD

1

1.24

0.54

1.31

0.63

1.33

0.65

1.13

0.35

2

2.05

1.24

2.31

1.38

2.25

1.42

1.62

0.92

3

2.81

1.47

2.77

1.64

2.58

1.56

2.88

1.25

4

2.38

1.36

2.62

1.45

2.50

1.45

2.00

1.20

Table 7: Mean and standard deviation values of the participants answers in the
self-assessment stress question.

From Table 7, it becomes clear that the stimuli indeed induced a level of stress
during the experiment. Overall, the average stress self-reporting values shown in
Table 7 are close to relevant ones that have been reported in the literature111. By
looking closely Table 7, it can be noticed that as the difficulty in the trials
increased, so was and the stress level of the participants. The change in the order
of the buttons, occurring during trial 3, was the trigger that increased the anxiety
level of the participants more than the other trials.

5.1.5.2

Happiness, Anger and Sadness experiment session

Prior to the beginning of this part of the experiment, the subject was asked to
complete a pre-trial self-assessment questionnaire, allowing us to retrieve
information about the person’s current emotional state at the given time. The
subject was also asked to declare any particular conditions, which would cause
them to be in a very relaxed or very aroused state at that moment. The whole
process of the test was explained to the subject and the subject was asked to
relax and stay focused on the task.
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Following the above preparatory activities, the subject was engaged in a “Rest”
trial, after being asked to relax for two minutes with eyes closed. GSR and BVP
baseline data and video data were recorded during this period.
Subsequently, the core of this experiment part started. This included six trials;
during each trial, a specific block of pictures (as described above, in Section
5.1.4.2), belonging to the same target emotional class was presented to the user,
while in parallel, GSR, BVP and video data were recorded from the subject,
alongside to the presentation of the IAPS pictures.
Each of the six trials followed the protocol described below:








A blank screen was presented to the subject for 5 seconds
A blank screen with a fixation cross was presented for 5 seconds to prompt
the subjects to concentrate and look at the centre of the screen
A block of 4 images from the same emotional class was presented to the
subject. Each image of the block was presented for 15 seconds. The user
was prompted to fill-in a PAD questionnaire (SAM manikin) after each
image in the block
A blank screen of 10 seconds was presented to the user. The presentation
of a block of two neutral images followed. This blank screen and neutral
images period was applied to allow the return of the user’s state and
corresponding fluctuations in biosignals to the baseline, assuring the
regularity in demonstration of different emotional images
The trail related to a specific block of images ended and the whole
procedure described above was repeated in the subsequent trials for all
blocks of emotional images (i.e. six blocks in total, two blocks per target
emotion).

After the end of the trial, the participant was asked to fill-in a post-trial
questionnaire that included a SAM manikin (see Section 5.1.2) for rating her/his
experienced valence, arousal and dominance levels, while questions were also
asked from the experimenter regarding the images s/he saw during the
experiment.
In the following tables, the mean and standard deviation of the answers regarding
the valence, arousal, and dominance retrieved from the questionnaires through
the SAM manikin are presented. The answers are divided by the participants’
diagnosis in different tables.
All participants
Trial

Valence

Arousal

Dominance

Mean

SD

Mean

SD

Mean

SD

Sadness

-2.43

2.06

-0.90

2.59

-2.19

2.32

Anger

-3.14

1.15

-0.14

2.33

-2.43

1.43

Happiness

3.48

1.25

-3.48

1.25

3.19

1.21

Sadness

-3.33

1.43

1

2.83

-2.57

1.47

Anger

-3.14

1.31

-0.33

2.48

-2.29

1.68

Happiness

3.10

1.41

-2.67

2.24

2.52

2.02

Table 8: The values of all participants answers regarding their valence, arousal
and dominance during the various sections of the IAPS experimental session
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MCI +Early AD participants
Trial

Valence

Arousal

Dominance

Mean

SD

Mean

SD

Mean

SD

Sadness

-1.92

2.40

-0.92

2.75

-1.38

2.57

Anger

-3.08

1.24

-0.31

2.84

-2.46

1.33

Happiness

3.15

1.52

-3.15

1.52

2.85

1.41

Sadness

-3.08

1.71

1.23

3.27

-2.54

1.66

Anger

-3.23

1.24

-0.31

2.98

-2.23

1.92

Happiness

2.54

1.56

-1.92

2.60

1.77

2.24

Table 9: The values of the MCI and early AD participants answers regarding their
valence, arousal and dominance during the various sections of the IAPS
experimental session

MCI participants
Trial

Valence

Arousal

Dominance

Mean

SD

Mean

SD

Mean

SD

Sadness

-2.08

2.43

-1

2.86

-1.5

2.65

Anger

-3.33

0.89

-0.33

2.96

-2.5

1.38

Happiness

3.42

1.24

-3.42

1.24

3.08

1.16

Sadness

-3.17

1.75

1

3.30

-2.42

1.68

Anger

-3.17

1.27

0

2.89

-2.08

1.93

Happiness

2.75

1.42

-2.08

2.64

1.92

2.27

Table 10: The values of the MCI participants answers regarding their valence,
arousal and dominance during the various sections of the IAPS experimental
session.

Healthy participants
Trial

Valence

Arousal

Dominance

Mean

SD

Mean

SD

Mean

SD

Sadness

-3.25

1.04

-0.88

2.47

-3.50

0.93

Anger

-3.25

1.04

0.13

1.36

-2.38

1.69

Happiness

4.00

0

-4.00

0

3.75

0.46

Sadness

-3.75

0.71

0.63

2.07

-2.63

1.19

Anger

-3.00

1.51

-0.38

1.51

-2.38

1.30

Hapiness

4.00

0

-3.88

0.35

3.75

0.46

Table 11 : The values of the Healthy participants answers regarding their valence,
arousal and dominance during the various sections of the IAPS experimental
session.
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By examining the values in the tables Table 8 - Table 11, it can be concluded that
the targeted emotions were indeed induced during the IAPS experiment, in all
involved participants groups, i.e. MCI and early AD patients, as well as the
controls (healthy older adults).

5.2 Facial expression recognition
We utilized the RAMCIP affective dataset described in Section 5.1 in order to
examine the effectiveness of our proposed methodology for the recognition of
facial expressions. The collected data were annotated by synchronizing the data
collection S/W module to the custom software that we created to provide affect
induction stimuli to the participants. During the happiness, anger and sadness
experimental session, the participant was introduced to six different groups of
affect inducing images, i.e. two groups for each targeted emotion. The order that
the stimuli was introduced to the participants was “sadness-anger-happinesssadness-anger-happiness”, formulating the six trials of this experiment part. Each
trial was annotated with its corresponding timestamps for start/stop times, and
its corresponding label of emotion, by taking into account the class of the specific
IAPS images and the user’s self-reported valence and arousal levels. As a result,
we acquired sequences of images (1 minute per sequence), for which the
expected emotion to be recognized was known due to the aforementioned
annotation; each sequence corresponded to a single trial of this experiment part.
We employed our method to each image sequence and extracted an inference
regarding which was the dominant emotion recognized through facial expressions.
We tested the effectiveness of our method through two different approaches; the
first approach was based on majority voting, and the second one on an
exponential discount function Dwfe similar to the one described in Section 4.3.2.
For the majority voting approach, we employed the facial expression detector on
a per frame base through the sequence. For each frame we extracted an
inference from all three binary SVM classifiers (one per targeted emotion). An
accumulator kept track of what emotion was inferenced for each frame in the
sequence. The frames where none of the targeted emotions was recognized (the
subject kept a neutral facial expression) were not taken into consideration. At the
end of the processing, the emotion that was recognized in the majority of the
frames within the sequence was labelled as the facial expression result for that
specific sequence.
For the second approach, the frames where the subject kept a neutral facial
expression were taken into account. Using the three different binary classifiers on
each frame, we kept track one of all of their inferences. Thus, for each frame in
the sequence, three different vectors were kept in memory, one per each
targeted emotion. If the frame was classified as positive for one of the classifiers
(e.g. sad facial expression detected), we kept the value 1 in the corresponding
vector. In the opposite case we kept the value -1. In case of neutral facial
expression the value kept was 0. So for example in a frame where the subject
was smiling and the happiness classifier recognized this facial expression, in the
happiness vector we kept the value 1, and in the anger and sadness vectors we
kept the value -1. Upon the end of the image sequence we defined the
exponential discount function Dwfe similar to the one described in Section 4.3.2 for
each one of the targeted emotions. A short-term emotion index (PvNfe(i) –
Positive versus Negative index for facial expressions) was then calculated as the
weighted average of the contents of the images series for each one of the
targeted emotions. For each emotion we got an inference of positive or negative
classification through PvNfe index. The classification label for the sequence was
then extracted as the label of the emotion that got a positive PvN index value.
Both approaches reached the same classification accuracy results of: 92.98% for
happiness, 84.21% for anger, and 85.96% for sadness for all subjects, 93% for
happiness, 84.5% for anger, and 86.2% for sadness for the MCI + early AD
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group, 93.11% for happiness, 84.52% for anger, and 86% for sadness for the
MCI group, and 92.76% for happiness, 84.05% for anger, and 86.13% for
sadness for Healthy subjects. The classification accuracy results can be found in
Table 12 below.

Group

Happiness

Anger

Sadness

All

92.98%

84.21%

85.96%

MCI + Early AD

93.00%

84.50%

86.20%

MCI

93.11%

84.52%

86%

Healthy

92.76%

84.05%

86.13%

Table 12: Accuracy results for the facial expression recognition modality, across
all groups of participants

By looking closely into the results reported above, it should be first of all noted
that facial expressions –based emotion recognition accuracies comparable to ones
reported in the relevant literature43, yet typically for younger, cognitively healthy
populations, were found through our experiment, both for the control group and
our target end users. Specifically, correct classification rates at the level of 93%,
84% and 86% were obtained for happiness, anger and sadness respectively.
Alongside, it should be highlighted that through our facial expression recognition
module described in Section 3.1, similar results were obtained for the MCI and
early AD subjects, as in the case of the controls. Notably, even a slight increase
in performance was evidenced among the MCI and early AD patients compared to
controls, for all of the target emotions (happiness, anger, sadness). This slight
increase can be explained from the higher amount of participants and thus, of
cases used for training and testing of our facial expression –oriented method, in
the MCI and early AD group (n=13), compared to the controls (n=8).

5.3 Body activity based affect recognition
We used the RAMCIP affective dataset described in Section 5.1 in order to
examine the effectiveness of our proposed affect-related body activity analysis
approach. The body activity based affect recognition method was tested on both
sessions, for stress and for anger, happiness and sadness.
The skeleton data that we extracted from the RAMCIP affective dataset was not
acted, and we based our analysis on the natural postures of the subjects caused
from the emotion induction stimuli presented to them.

5.3.1

Stress related session

For the stress related session we used a processing window of 1 minute, resulting
in 219 annotated sequences of user skeletons. From each sequence, the features
described in Section 3.2 were extracted. Eventually, we had 219 cases involved in
our analysis, each accompanied with a body activity –related feature vector. Each
case was annotated so as to belong to either the “Stress” (S) or “No Stress” class
as follows.
The questionnaires filled in by the subject after each trial of the Stroop test,
provided the ground truth for each trial. The participants had rated their stress
level on a Likert-scaled (1–5) question. The participants’ answer to the specific
question led to annotating a case as belonging to the S or to the NS class.
Specifically, the cases for which the answer to the specific question provided at
the end of the trial that they belonged to was either 4 or 5, were annotated as
stressed and the others were considered to belong to the NS class. Then, our aim
was to detect the correct class of each case through the extracted features.
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We examined the effectiveness of the various types of features previously
described (low-level, high-level, stress-oriented, see Section 3.2), for every type
separately and also their various combinations. We also examined independently
all the different types of subjects groups, investigating the existence of
differences between, healthy subjects, MCI subjects, and subjects diagnosed with
early AD. Furthermore, we utilized two different types of classifiers in our analysis
following a ten-fold cross validation approach for each one of them. We utilized a
random forest classifier215 and a support vector machine, the optimal parameters
for which were obtained through cross validation on the train set.

5.3.1.1

Body activity analysis results

We investigated the discriminative power of the proposed features firstly using all
feature types separately (low-level, high-level, stress/arousal oriented features)
on all subject groups. The stress – oriented behavioural body activity features
described in Section 3.2.4 scored the highest stress recognition accuracy through
the random forest classifier, achieving an 81.2% recognition rate through all
subjects. After testing for combinations between the different feature types, the
stress – oriented behavioural body activity ones of Section 3.2.4, combined with
the high level features described in Section 3.2.2, scored the highest
performance, with 84.35% recognition rate, through the random forest classifier
as well.
In order to study the differences between different subject groups, we conducted
the same experiments (various types of features, and their combinations using
two types of classifiers) for each subject group separately. Through this analysis,
we found that we achieved the highest recognition rates within the MCI group, for
all types of features and classifiers. More specifically for solely used feature types,
again the stress – oriented behavioural body activity features scored the highest
between all groups with a 83.7% recognition rate in the MCI + early AD group, a
85.93% only for the MCI participants and a 79,1% recognition rate for the
Healthy group through the random forest approach.
After examining the combinations of the various types of features, we concluded
that the combination of stress – oriented behavioural body activity features with
the high level ones was the combination that achieved the largest classification
scores within all groups, reaching a recognition rate of 86.63% within the MCI
group, 84.72% for the MCI + early AD group, and 80.33% for the group of
Healthy participants. All the aforementioned results were achieved utilizing the
random forest approach for classification.
Furthermore, following past relevant works216,217, we performed analysis of
variance (ANOVA) to all different types of features in order to reduce the
dimensionality of the feature sets and keep only the most informative features
given our specific problem. Using only the features that showed statistical
significance (p<0.05) in differentiating between the stress and not-stress states,
we experimented again, re-conducting the same types of tests previously
described in this section for all participants, and for each group separately. The
recognition rates increased for all types of features and their combinations and for
all subject groups.
Again, the MCI group achieved the highest recognition rate of 92.79% using
ANOVA-based selected features taken from all feature types, in a random forest
classifier. The highest recognition rate for all subjects was 87.3% using only the
selected ones from the stress – oriented behavioural body activity type combined
with the best ones of the high level features. The MCI + early AD group reached
90.4% using this combination of features as well, and the Healthy group achieved
the lowest classification rate between groups of 85.34% with the same
combination of features. All the above classification scores were achieved through
the random forest classifier approach. The classification results can be found
congregated in Table 13 below.
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Selected
Features

Feature Type
(Selected)

All

84.35%

Body Activity
+ High Level

87.30%

Body Activity
+ High Level

MCI +
Early AD

84.72%

Body Activity
+ High Level

90.40%

Body Activity
+ High Level

MCI

86.63%

Body Activity
+ High Level

92.79%

All features

Healthy

80.33%

Body Activity
+ High Level

85.34%

Body Activity
+ High Level

Table 13: Stress recognition results for skeletal features analysis.

As a summary of the results reported above, it should be first of all noted that
stress recognition accuracies through body activity –related features, at the level
of 85% - 93% were obtained for the different sub-populations studied. These
results fall close to ones that have been reported in the relevant literature 15,104,
however typically concerning different types of subjects than the ones studied
herein.
Moreover, it was found herein that similar results to the control group were
obtained from the MCI and early AD participants in our case. It can also be noted
that even an increase in stress recognition performance was obtained for the MCI
and early AD patients; this can be attributed to the larger sample size of MCI and
early AD subjects (13 vs. 8 controls) involved in the present analysis.
Finally, the best stress recognition results were obtained both in all sub-groups
and in the overall population, when our proposed body activity features described
in Section 3.2.4 were included in the feature set. Given the focus of the present
analysis on stress, this can be considered as an expected outcome, as these 3D
features derived within T4.2, by extending the 2D ones of a past study that was
specifically focusing on automatic stress recognition, yet on a subject set of
healthy young adults.

5.3.2

Happiness, Anger, and Sadness recognition

In this part of our experimental analysis, we examined the capability of the body
activity affect-related features described in Section 3.2 to lead into the detection
of the happiness, anger and sadness affective states.
While implementations of the low-level and high-level body activity features
described in Sections 3.2.1-3.2.3 have already been used towards the recognition
of these specific emotions in the past104, the original, MHI-based 2D version of
the stress-oriented body activity features involved in our approach, described in
Section 3.2.4, had so far been employed only towards the automatic recognition
of psychological stress15. As further explained in Section 3.2, given the relation of
those features to the arousal affective dimension and some possible relation to
the valence component, we investigated herein whether they could be used
towards the detection of the further RAMCIP target affective states. In this scope,
as a preliminary step of our analysis, we extracted the stress-oriented features of
Section 3.2.4 from the sequences of the publicly available UCLIC dataset143,
which concerned acted bodily expressions of happy, anger and sad emotional
states.
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As further described in Section 5.3.2.1 below, the stress-oriented features of
Section 3.2.4 were indeed found effective in this context. Following these
findings, we further applied our approach, involving all features described in
Sections 3.2.1-3.2.4, on the body activity part of the RAMCIP affective dataset, as
further explained in Section 5.3.2.2 below.

5.3.2.1

Preliminary evaluation on UCLIC dataset

In the UCLIC dataset143, affective postures related to anger, fear, happiness, and
sadness were the main research target. However, since these postures were
captured through continuous frames (containing onset, apex, and offset phases of
each expression), we were able to use it also for temporal analysis. We used the
actors’ portrayals labels (the emotions that the actors were asked to act)
provided from the database as our ground truth. We used the acted body motions
of 13 non-professional actors portraying anger, happiness and sadness emotions.
We excluded the “fear” portraying sequences, since fear is not included in our
targeted emotions. Eventually, we were left with 134 sequences from the other
three emotions, 47 for the “Happy” class, 41 for “Angry”, and 46 for “Sad”, with
an average duration of 7 seconds.
By using a random forest classifier, we conducted experiments for these
sequences, reaching through the stress-oriented features of Section 3.2.4, an
overall accuracy of 79.85%, through 10 fold cross validation (see Table 14
below). By similarly employing on the same dataset, our implementation of both
the low-level and high-level features described in Sections 3.2.1-3.2.3, similar
results to the ones reported in104 were obtained(79.10% overall correct
classification rate using low level postural features, and 67.91% using high level
features).
StressOriented
Features

Low Level
Features - Our
implementation

Low Level
Features
(Wang et
104
al. )

High Level
Features - Our
Implementation

High Level
Features
(Wang et
104
al. )

Happy

80.85%

85.10%

80.85%

68.09%

68.06%

Angry

75.61%

75.60%

68.29%

48.78%

36.58%

Sad

82.61%

80.43%

78.26%

84.78%

82.6%

Table 14: Accuracy results for the recognition of the “Happy”, “Angry” and “Sad”
emotions, using the stress-oriented features behavioural body activity features
on the UCLIC database

It should be noted at this point that in our experiments, as shown in the above
table, our implementation of the low-level and high-level features of104led in some
cases to improved recognition rates for the target emotions compared to the
results reported in104. Since we experimented on the same dataset, the increase
of accuracy in our experiment is explained by the reduction in the number of
classes in the classification process (three classes in our case vs. the four classes
involved in104).
After this preliminary analysis, it was concluded that the stress-oriented features
proposed in15, already proved to be useful for stress detection (both in15 and also
in the RAMCIP affective dataset, as described above, in Section 5.3.1), had also
potential for enabling the recognition of the further RAMCIP target affective
states. In this line, the overall ensemble of activity related features described in
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Section 3.2, was further evaluated on the RAMCIP affective dataset, in the scope
of happiness, anger and sadness detection, as further explained in what follows.

5.3.2.2
Happiness, Anger, and Sadness session of the RAMCIP
affective dataset
For the happiness, anger, and sadness related session we used again a
processing window of 1 minute, resulting in 114 annotated sequences. The
questionnaires introduced to the subject after each section of the IAPS test
provided the ground truth for each trial. The participant filled in instances of the
SAM manikin, indicating their self-assessed PAD values following each observed
IAPS section; these values were used to verify that the stimuli provided in each
block of images indeed induced the target emotion (see Section 5.1.5.2). As with
the stress related part of the analysis, we examined the effectiveness of various
types of features, for every type separately and for various combinations of them.
We also studied various types of subjects groups, healthy subjects, MCI subjects,
and subjects diagnosed with early AD, in order to investigate the existence of
differences between them. Two different types of classifiers were also used in this
part of our analysis, a random forest classifier and a support vector machine
approach.
5.3.2.2.1. Body activity analysis results
As an initial step for this analysis we studied the discriminative power of the
skeletal features firstly using all feature types separately on all subjects. By
examining each type of body activity related features separately; we found that
the highest recognition rates among groups were achieved: with the high level
features for happiness scoring 67.56%, using the low level skeletal features for
anger scoring 70.94%, and the high level features for sadness, scoring 77.70%.
All of the above were achieved using a random forest classifier.
Following a similar approach to the analysis described in Section 5.3.1, we also
conducted tests for all the different combinations between the different feature
types (for all subjects). The Section 3.2.4 stress-oriented body activity related
ones, combined with the high level features scored the highest with 70.31%
recognition rate for the happiness class, 71.37% of correct classification for anger
class, and 78.13% for the sadness class, all by using a random forest classifier.
For the second part, we conducted the same experiments (various types of
features, and their combinations using two types of classifiers) for each subject
group separately. We found that the highest recognition rates for all types of
features and classifiers were achieved within the MCI subject group.
Specifically, for solely used feature types, the high level features scored the
highest in all groups; in the MCI + early AD group with: 72.35% recognition rate
for happiness, 71.31% for anger, and 77.98% for sadness. Only for the MCI
participants, the recognition rates reached: 75.87% for happiness, 74.55% for
anger, and 79.97% for sadness. And last, for the Healthy group the lowest
classification rates were obtained with: 70.02% recognition rate for happiness,
69.38% for anger, and 70% for sadness. All the aforementioned classification
scores were achieved through the random forest classifier approach.
By examining the combination of skeleton feature types we observed an
increment in the classification results for all the different subject groups with the
use the combination of all three types of skeletal features. Within the MCI group,
classification results reached 77.44% for the happiness class, 76.65% for the
anger class, and 80.21% for the class of sadness. The MCI + early AD scored
slightly lower scores, with 73.47% for the happiness, 75.68% for anger, and
79.99% for sadness. And lastly the Healthy group scored 72.58% accuracy for
the happiness class, 72.33% for anger, and 77.64% for sadness. All these
results occurred through the random forest approach for the classification.
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The classification results for this part of the analysis can be found congregated in
Table 15 below.

Group
All
MCI + Early
AD
MCI
Healthy

All Features
Happiness
Anger

Sadness

Feature Type

70.31%

71.37%

78.13%

Body activity +
High Level

73.47%

74.68%

79.99%

All Features

77.44%

76.65%

80.21%

All Features

72.58%

72.33%

77.64%

All Features

Table 15: Happiness, anger, and sadness results of skeletal feature analysis

For the third part of this analysis, in order to reduce the feature vector
dimensionality we performed analysis of variance (ANOVA) over all different types
of features. Since in this section the classification wasn’t binary as in the stress
related one, we had to conduct some extra post hoc tests in order to extract the
features that were statistically significant in separating all three classes in interest
(happiness, anger, and sadness). From the ANOVA analysis we extracted the
features that had statistically significant differences (p-value < 0.05) between the
three groups as a whole. In the next step we examined the heterogeneity of
variance in our population in order to choose the appropriate post hoc test in the
next and final step. For the cases were the population found to have
heterogeneity in variance we conducted a Games-Howell test to illustrate where
the differences between our classes lie, in the opposite case a Tukey post hoc test
was conducted to extract the features that illustrated statistically significant (pvalue < 0.05) differences between our classes. For the majority of the features
found to be significant by the ANOVA, all three classes found to have significant
differences between them in the post hoc tests. There were some cases where
the difference wasn’t significant between the sadness and anger classes, but
significant between the happiness-sadness, and happiness-anger pairs. We kept
these cases in our analysis since there was a significant difference between the
positive and negative emotions. We experimented again re-conducting the same
types of tests previously described in this section for all participants, and for each
group separately, but we utilized only the features that were found to be
statistically significant.
As with the stress related experimental analysis, the recognition rates increased
for all types of features and their combinations and for all subject groups. The
highest recognition rates of: 82.45% for happiness, 83.7% for anger, and
89.31% for sadness, were observed once again within the MCI group using all
types of skeletal features and a random forest classifier.
Using all subjects and the body activity related features of Section 3.2.4,
combined with the statistical cues extracted from the low level features, the
highest recognition rates achieved were: 75.62% for happiness, and 83.31% for
sadness, and 74.37% of correct classification for anger class. For the same
combination of features with a random forest classifier the MCI + early AD group
reached: 78.67% for happiness, 79.03% for anger, and 87.44% for sadness. For
the Healthy group (using all types of features) although an increased recognition
rate for each class was achieved with: 72.67% for happiness, 72.98% for anger,
and 77,8% for sadness, the results for this group gave again the lowest
classification rate between groups.
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The classification results can be found congregated in Table 16 below.

Selected Features
Group
Happiness

Anger

Sadness

Feature Type

All

75.62%

74.37%

83.31%

Body activity +
Low Level

MCI + Early
AD

78.67%

79.03%

87.44%

Body activity +
Low Level

MCI

82.45%

83.70%

89.31%

All Features

Healthy

72.67%

72.98%

77.80%

All Features

Table 16: Happiness anger and sadness results through the best body activity
features

Following the above results, it should be first of all noted that our feature set,
comprising combinations of the low-level, high-level and the stress-oriented
features described in Sections 3.2.1-3.2.3 and 3.2.4 respectively, yielded
classification accuracies for the target emotions and our target group, which were
at a similar level of even improved, compared to results reported in the relevant
literature for cognitive healthy younger adults104. While a direct comparison
between past works and the present one cannot be made, it can be noted that
results of past approaches104 on the UCLIC dataset, concerned (as also shown in
Section 5.3.2.1) maximum recognition rates for acted emotions at the level of
85%, 75% and 85% for happiness, anger and sadness respectively. Our feature
set, derived by combining the features described in Sections 3.2.1-3.2.4
(including the novel ones of Section 3.2.4), led to maximum classification
accuracies in the not acted target emotions of the RAMCIP dataset, at the level of
78%, 79% and 87% for happiness, anger and sadness, respectively, while
focusing on our target end user groups, i.e. MCI and early AD patients.
Moreover, a comparison between the results obtained in our dataset from MCI
and early AD patients, to the ones obtained from the control group (Table 16),
reveals that accuracies at similar levels were found in both subject groups.
Notably, an increased correct classification rate was obtained again for the MCI
and early AD patients, which could be partially explained by the higher amount of
those subjects involved in the experiment compared to the controls.

5.4 Biosignals-based affect recognition
Our biosignals-based affect recognition framework described in Section 3.3.1 was
also evaluated on the RAMCIP affective dataset. The biosignals based affect
recognition method was tested on both sessions, for stress and for anger,
happiness and sadness, as further described below. It should be noted that in
order to counteract for between-subject variability in the monitored biosignals,
the examined features were normalized to each participant’s baseline
measurements, obtained during rest, as further explained in Section 3.3.1.

5.4.1

Stress related session

For the biosignal features analysis we used the same procedure employed for the
skeletal features, as described in Section 5.3.1 above. We examined the
discriminative power of our proposed features initially for all subjects and all
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features, by using both SVM and random forest classifiers achieving the highest
recognition rate of 83.03% with the random forest classification.
By examining the differences between groups, we found that using the biosignal
related features we achieved a higher rate of recognition within the group of MCI
participants. Specifically for the MCI + early AD group the classification reached
83.48%, for the MCI group we achieved a 88.47% recognition rate, and for the
Healthy group the classification reached 78.65%. All the aforementioned results
occurred using a random forest classifier.
We again employed an analysis of variance for all the participants’ groups and reevaluated the classification procedure by using only the features that were found
statistically significant within each group. Using only the significant features the
classification rate for all participants was increased to 89.50% using the random
forest approach for classification. For the group of MCI + early AD the SVM
classifier achieved a higher recognition rate of 90.52%. The MCI group achieved
the highest rate of recognition again within all groups, using a random forest for
classification reaching 91.43% of accuracy. For the Healthy group, as in the
skeletal features analysis, the lowest recognition rate between the groups was
obtained, reaching 85.31%.
The above described results can be found congregated in Table 17 below.

Group

All Features

All
MCI + Early
AD
MCI

83,03%

Selected
Features
89,50%

83,48%

90,52%

88,47%

91,43%

Healthy

78,65%

85,31%

Table 17: Stress recognition results for biosignal feature analysis.

Following the above results, it can be concluded first of all that using biosignal
features on our target population, stress recognition accuracies at the level of
90%, thus similar to corresponding results levels reported in the relevant
literature15, yet typically regarding normal adult populations, were obtained.
Moreover, in our specific dataset, similar results were obtained for our target end
user group (MCI and early AD patients), compared to the controls.

5.4.2

Happiness, Anger, and Sadness session

For this part of our analysis we employed the same procedure examining the
discriminative power of our proposed features initially for all subjects and all
features using both SVM and random forest classifiers. We obtained the following
recognition results: for happiness 82.45%, for anger 81.58%, and 82.45% for
sadness. All the above results were produced through a random forest classifier.
Through cross group examination, we found that there are differences between
subject group also for the cases of happiness, anger, and sadness. A higher rate
of recognition was detected (as in the stress evaluation) within the group of MCI
participants. For the MCI + early AD group of participants, we found that with the
random forest classifier the classification reached: 83.69% for happiness, 82.47%
for anger, and 83.56% for sadness. We observed a higher classification rate for
each emotion within or the MCI group, where we correctly classified: 84.44% of
the cases for happiness, 84.01% of the cases for anger, and 84.98% of the cases
for sadness. The Healthy group of the participants had again the lower
percentages of correct classification with: 78.32% for happiness, 78.67% for
anger, and 79.33% for sadness. All the aforementioned results were achieved
through a random forest classifier.
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The summary of results from this part of the analysis can be found in Table 18
below.

Group

All Features
Happiness

Anger

Sadness

All

82,45%

81,58%

82,45%

MCI + Early AD

83,69%

82,47%

83,56%

MCI

84,44%

84,01%

84,98%

Healthy

78,32%

78,67%

79,33%

Table 18: Happiness, anger, and sadness results of biosignal feature analysis for
all features

Using the same procedure described in Section 5.3.2.2.1 above, we conducted an
analysis of variance for all features within every group of the participants. By
reproducing the classification procedure we managed to increase the classification
accuracy for all groups. For this step we only used the features that were found
statistically significant through the analysis of variance. For all groups of
participants the correct classification percentage (using random forest for
classification) increased to 85.36% for happiness, 84.57% for anger, and 85.98%
for sadness. For the group of MCI + early AD we achieved higher recognition
rates using again the random forest for classification, reaching to: 89.11% for
happiness, 88.69% for anger, and 89.02% for sadness. For the healthy group of
participants the recognition rates were also increased, but were again the lowest
between groups, with: 80.54% for happiness, 80.09% for anger, and 81.11% for
sadness. The group of participants diagnosed as MCI achieved the highest rate of
recognition within all groups using random forest for classification. The achieved
percentages of correct classification reached: 91.54% for happiness, 90.77% for
anger, and 90.93% for sadness. The described results can be found congregated
in Table 19 below.

Selected Features

Group

Happiness

Anger

Sadness

All

85,36%

84,57%

85,98%

MCI + Early AD

89,11%

88,69%

89,02%

MCI

91,54%

90,77%

90,93%

Healthy

80,54%

80,09%

81,11%

Table 19: Happiness, anger, and sadness results of biosignal feature analysis for
selected features

Following the above results, similarly to the case of automatic stress recognition,
it can first be concluded that using biosignal features on our target population, ER
accuracies at the level of 90% were obtained for the target emotions, similar to
corresponding results levels reported in the relevant literature 218, yet typically
regarding normal adult populations. Moreover, in our specific dataset, similar
results were obtained for our target end user group (MCI and early AD patients),
compared to the controls. As in the stress recognition case, an increased
performance for our target end users group was obtained compared to controls;
this could be attributed to the larger amount of those participants of our dataset.
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5.5 Multimodal fusion –based affect recognition
5.5.1

Stress recognition

For the stress recognition module, by combining the features selected from
skeletal and biosignal modalities, we managed to achieve higher classification
results compared to the results obtained from each modality alone (described in
Sections 5.3.1 and 5.4.1).
Prior to the fusion process, the higher classification rates from the skeletal feature
based modality were: 87.3% for all subjects, 92.79% for the MCI group, 90.4%
for the MCI + early AD group, and 85.34% for the Healthy ones. From the
biosignal feature modality was: 89.50% for all subjects, 91.43% for the MCI
group, 90.52% for the MCI + early AD group, and 85.31% for the Healthy ones.
After training with the combined feature vector, the results were further improved
compared to the best percentage achieved for each class from either classifier,
reaching: 89.76% for all subjects, 93% for the MCI group, 91.31% for the MCI +
early AD group, and 85.76% for the Healthy ones through the random forest
classification approach. The summarized results prior and after this fusion
approach validated through 10 fold cross-validation are shown in the Table 20
below, and the corresponding confusion matrix for all participants is presented in
Table 21.

Group
All
MCI + Early AD
MCI
Healthy

Skeletal Features
87.30%
90.40%
92.79%
85.34%

Biosignal Features
89.50%
90.52%
91.43%
85.31%

Fusion Type I
89.76%
91.31%
93.00%
85.76%

Table 20: Results for stress related multimodal fusion using the feature based
approach

n = 219
Stressed
Not Stressed

Stressed
35
11
46

Not Stressed

Total

4
169
173

39
180
219

Table 21: Fusion Type I-based stress recognition confusion matrix for all
participants cases

Following the above results, it becomes clear that through the fusion of biosignal
features with the body activity ones, including the ones proposed in Section
3.2.4, the performance of stress recognition among the overall RAMCIP affective
dataset was improved, for all studied subject groups. Moreover, it can be
concluded that similarly to the case of individual modalities, similar stress
recognition results were obtained for the MCI and early AD patients, compared to
the case of the controls.

5.5.2

Happiness, anger, and sadness detection

For the happiness, anger, and sadness detection problem, using the first
approach for multimodal fusion (as described in Section 3.4), we combined the
features selected from skeletal and biosignal modalities, but an extra feature was
introduced to the new feature vector, by the result of the face detection modality.
Prior to the fusion process, the higher classification rates from the skeletal feature
based modality were: 75.62% for happiness, 83.31% for sadness, and 74.37%
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for anger, for all subjects, 78.67% for happiness, 79.03% for anger, and 87.44%
for sadness for the MCI + early AD group, 82.45% for happiness, 83.7% for
anger, and 89.31% for sadness for the MCI group, and 72,67% for happiness,
72.98% for anger, and 77,8% for sadness for the Healthy group. From the
biosignal feature modality was: 85.36% for happiness, 84.57% for anger, and
85.98% for sadness for all subjects, 89.11% for happiness, 88.69% for anger,
and 89.02% for sadness for the group of MCI + early AD, 91.54% for happiness,
90.77% for anger, and 90.93% for sadness for the MCI group, and 80,54% for
happiness, 80.09% for anger, and 81.11% for sadness for the Healthy group. And
finally from the facial expression identification modality was: 92.98% for
happiness, 84.21% for anger, and 85.96% for sadness for all subjects, 93% for
happiness, 84.5% for anger, and 86.2% for sadness for the MCI + early AD
group, 93.11% for happiness, 84.52% for anger, and 86% for sadness for the
MCI group, and 92.76% for happiness, 84.05% for anger, and 86.13% for
sadness for Healthy subjects. All the aforementioned results were achieved
through a random forest classifier.
After training a random forest with the combined feature vector, the results were
slightly better than the best percentage achieved for each class from either
modular classifier, reaching: 93.64% for happiness, 84.57% for anger, and
87.44% for sadness for all subjects, 93.5% for happiness, 88.97% for anger, and
89.01% for sadness for the MCI + early AD group, 93.98% for happiness,
91.57% for anger, and 89.13% for sadness for the MCI group, and 93.16% for
happiness, 85.1% for anger, and 86.65% for sadness for Healthy subjects.
The summarized results prior and after this fusion approach are shown in the
Table 22 below, and the corresponding confusion matrix for all participants is
presented in Table 23.

Group
All
MCI +
Early AD
MCI
Healthy

All
MCI +
Early AD
MCI
Healthy

Skeletal Features
Biosignal Features
Happiness Anger
Sadness Happiness Anger
Sadness
75.62%
74.37%
83.31%
85.36%
84.57%
85.98%
78.67%

79.03%

87.44%

89.11%

88.69%

89.02%

82.45%
72.67%

83.70%
72.98%

89.31%
78.00%

91.54%
80.54%

90.77%
80.09%

90.93%
81.11%

Facial Expressions
Fusion Type I
Happiness Anger
Sadness Happiness Anger
Sadness
92.98%
84.21%
85.96%
93.64%
84.57%
87.44%
93.00%

84.50%

86.20%

93.50%

88.97%

89.01%

93.11%
92.76%

84.52%
84.05%

86.00%
86.13%

93.98%
93.16%

91.57%
85.10%

89.13%
86.65%

Table 22 : Results for happiness, anger, and sadness related multimodal fusion
using the feature based approach

n = 114
Happiness
Anger
Sadness
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2
2
40

Anger

Sadness
2
32
3
37
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0
4
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Table 23: Confusion matrix for the case where all participant responses was
considered in the evaluation of the feature based fusion approach for happiness,
anger, and sadness recognition

By using the second approach for multimodal fusion, the results were further
improved than the best percentage achieved for each class from either classifier,
reaching 93.98% for happiness, 86.32% for anger, and 90.01% for sadness for
all subjects; 94.01% for happiness, 86.97% for anger, and 88% for sadness was
obtained for the MCI + early AD group, 94.02% for happiness, 89.65% for anger,
and 89.93% for sadness for the MCI group, and 92.4% for happiness, 87.65% for
anger, and 89.77% for sadness for Healthy subjects.
The complete results of this fusion approach are presented in Table 24 below, and
the corresponding confusion matrix for all participants is presented in Table 25.

Group
All
MCI +
Early AD
MCI
Healthy

All
MCI +
Early AD
MCI
Healthy

Skeletal Features
Biosignal Features
Happiness Anger
Sadness Happiness Anger
Sadness
75.62%
74.37%
83.31%
85.36%
84.57%
85.98%
78.67%

79.03%

87.44%

89.11%

88.69%

89.02%

82.45%
72.67%

83.70%
72.98%

89.31%
78.00%

91.54%
80.54%

90.77%
80.09%

90.93%
81.11%

Facial Expressions
Fusion Type II
Happiness Anger
Sadness Happiness Anger
Sadness
92.98%
84.21%
85.96%
93.98%
86.32%
90.01%
93.00%

84.50%

86.20%

94.01%

86.97%

88.00%

93.11%
92.76%

84.52%
84.05%

86.00%
86.13%

94.02%
92.40%

89.65%
87.65%

89.93%
88.77%

Table 24: Results for happiness, anger, and sadness related multimodal fusion
using the confidence based approach

n = 114
Happiness
Anger
Sadness

Happiness
36
2
1
39

Anger

Sadness
1
33
3
37

1
3
34
38

Total
38
38
38
114

Table 25: Confusion matrix for the case where all participant responses was
considered in the evaluation of the confidence based fusion approach for
happiness, anger, and sadness recognition

Following the above results, it can first be concluded that the second fusion type
provided better performance in the recognition of the target affective states on
the overall studied population. Moreover, as was in the case of using each
modality alone, also in the fusion-based approach, similar performance levels on
the recognition of the target affective states were obtained for the MCI and early
AD patients, compared to the controls.
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5.6 Robot affective output
In order to select the final facial expressions of the robot and evaluate the
correlation of variations in speech intonation to the affective output of the robot
and the way the users perceive it, two experiments were conducted. The first
experiment’s purpose was to narrow down the possible RAMCIP facial expressions
to the final set used in the trials. The second experiment used the final versions
of the facial expressions to investigate how speech intonation changes can be
related to the robot’s affective output mechanism.

5.6.1

The initial evaluation of the robot facial expressions

In order to provide adequate and measurable assessment of the particular
RAMCIP features, a series of assessments have been performed. The facial
expressions of RAMCIP have been assessed independently prior to the joint
assessment of the voice and the facial expressions that was performed in the
affective output experiment, which is described in the next section (5.6.2).

5.6.1.1

The initial evaluation of the facial expressions of RAMCIP

A preliminary set of 40 facial RAMCIP expressions has been presented to 10
participants, women in age 28-94 years old, healthy and with age associated
memory impairments. The age distribution and education is shown below.

Figure 21: The distribution of the age and education of the participants in years
Mean

Minimum

Maximum

Age

64 yrs.

28 yrs.

94 yrs.

Education

14 yrs.

6 yrs.

16 yrs.

30

28

30

CDR

0

0

0.5

GDS

1.5

1

2

MMSE

Table 26: The characteristics of the participants

Psychological assessment with Mini Mental State Examination, Clinical Dementia
Rating scale and Global Deterioration Scale has been performed. All participants
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were right handed and with normal eyesight; if required, participants wore
glasses during the experiment. None of the participants suffered from any
condition influencing vision and colour perception.

Figure 22: The distribution of the results obtained from the psychological
assessment

5.6.1.2

The RAMCIP facial expressions analysis

The participants were shown a set of 40 facial expressions that according to the
researcher have been qualified into seven categories. The categories correspond
to the RAMCIP main affective states:
-

Natural- dominating in HRI
Excited- fulfilling the user’s commands
Confused- if the user speech/intentions would not be understood
Sad- in case of unfavourable outcome of the actions
Sleeping- during charging
Tired- if the battery level would be significantly low and charging would be
advisable
Focused- during listening to the user or fulfilling user’s commands

The images were shown at an 11’ screen, approximately 40 cm from the
participant. There was no time limit for giving the answers. The participants were
advised to give the instant ‘gut-feeling’ opinion on the images shown.
The participants were asked to evaluate the individual facial expressions in terms
of which emotion has been shown (predefined set of emotions mentioned above)
and on their intensity (in per cent value of intensity). The questionnaire sheet
was filled in by the researcher. Multiple answers were allowed in order to
eliminate the ambiguous facial expressions. If the participant had significant
difficulties with assessing the expression according to the given category, the
participant’s free response was noted down.
The following figures present the images that were indicated by the majority of
participants to correspond to a specific affective state, along with the range of the
intensity of emotion denoted by the participants to be shown at each face (in per
cent with the min/max references).
The responses differed significantly but several had high per cent of the common
or related indications (e.g., excited and happy). On this basis, the set of facial
expressions have been assessed into clusters like (7-10 votes):
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Excited (E6, E7, E8, E9, E10)
Sad (E16, E20, E22)
Sleepy (E26, E27, E28, E29, E30)

Figure 23: The distribution of the intensity of emotion shown at the face (excited)

Figure 24: Set of most often chosen facial expressions (excited, correspondingly
I6, I7, I8, I9, I10)

The participants did not face any difficulties with pointing to the positive affect
emotion such as excited. The intensity of the emotion depicted influenced their
attitude towards the facial expression. The most intensive facial expression (I7
and I10) were considered as irritating due to too much emphasis shown in the
expression. The facial expressions I6, I8 and I9 were consider as friendly and
were welcomed by the participants.
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Figure 25: The distribution of the intensity of emotion shown at the face (sad)

Figure 26: The set of most often chosen facial expressions (sad, correspondingly
I16, I18, 120, 122)

During the selection of the negative affect emotion facial expression the
mimicking of the expression has been observed. As mentioned above the
participants were more reluctant to point at intense emotions as the preferred
one. They mostly chose I16 and I22 as the most relevant one.
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Figure 27: The distribution of the intensity of the emotion shown at the face
(sleepy)

Figure 28: The set of most often
correspondingly I26, I27, I28, I29, I30)

chosen

facial

expressions

(sleepy,

The participants did not have any difficulties with pointing to the ‘sleepy’
representation of the facial expression. Most of them found it as pleasant and did
not show any particular preferences on which represents more the sleepy state.
The following clusters were also assessed, leading to the results depicted in the
figures below:
-

Confused (E11, E19)
Focused (E1, E31, E36, E38)
Neutral (E36, E1, E15, E35)
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Figure 29: The distribution of the intensity of emotion shown at the face
(confused)

Figure 30: The set of most chosen facial expressions (confused, correspondingly
I11, I19)

The concept of more complex facial expression was difficult to grasp by the
participants. The ‘confused’ affective output was erroneously interpreted by the
participants. The chosen by the participants facial expressions were later fused
and based on their opinions given during evaluation adjusted to the desired form.

Figure 31: The distribution of the intensity of emotion shown at the face
(focused)
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Figure 32: The set of most chosen facial expressions (focused, correspondingly
I1, I31, I36, I38)

The ‘focused’ affective output was understood by the participants as
exchangeable with ‘neutral’. The I1 and I36 have been chosen by the equal
amount of persons as the representative for both categories. The feature that
gave lead on the affective output selection was the intensity of the emotion
shown at the facial expression.

Figure 33: The distribution of the intensity of the emotion at the face (neutral)
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facial

expressions

(neutral,

The participants had significant difficulties with choosing the tired facial
expression. Therefore the above-mentioned had been chosen arbitrary. The facial
expression is going to be followed by the voice notification about the current state
of the robot.

5.6.1.3

The pool of the final RAMCIP facial expressions

According to the data gathered the final pool of RAMCIP facial expressions (Figure
6 and Figure 7) have been selected. During selection the following were taken
into consideration:
The number of votes given by the participants
The intensity of the emotion (rather moderate, not extreme)
The repetitiveness of choices (same facial expression
background)

-

at

different

Most of the facial expressions were without any background. Therefore it had
been decided to keep this form in the final set of facial expressions.

5.6.2

Affective output experiment

The scope of this experiment was to collect information whether some predefined
parameters for specific phrases and prosody configurations correctly correspond
to selected RAMCIP’s faces.

5.6.2.1

Affective output experiment setup

The facilitators were given a speech synthesis application with 24 predefined
phrases in English and Polish. Each phrase was configured to be spoken with a
specific prosody with predefined values for volume, speaking rate and pitch. The
facilitators were instructed to run the application and allow it to speak each
phrase using Text-to-Speech for the users to listen to.
The users were given a form (answer sheet) that included a subset of the RAMCIP
facial expressions and for each phrase that they would listen they had to choose
the facial expression that better corresponded to the phrase. The available
expressions were: Sad, Neutral/Calm, Happy, Disappointed, Anxious, Angry,
Scared and Frustrated.
The default answer form included all eight expressions, but a second different
form with only three selections (different for each phrase) was also circulated to
be used with senior participants that could have difficulties with eight
expressions.
The experiment was conducted in Lublin using Polish phrases.

5.6.2.2

Dataset

The phrases used for the experiment along with their expected emotional state
when spoken and the values of volume, rate and pitch are presented in Table 27.
Volume values are between 0 (silent) and 10. The speaking rate’s default value is
0. Positive values mean that the speech is spoken quicker, while negative values
represent slower rates of speech. Similarly, the pitch value 0 is the default, while
positive and negative numbers represent higher and lower pitch respectively.
Table 27: Phrases' emotional state and prosody configuration

#
1

Phrase
Have a lovely day.
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1
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Will you wait for me?

3
4
5

I do not recognize it.

6

You will miss your appointment.

7
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Anxious

9

-1

-4

I don’t like what you‘re doing.

Angry

10

2

4

Have you finished your exercises?

Happy

10

1

4

Disappointed

8

-2

-4

Anxious

9

-1

-4

You chose not to exercise.

Frustrated

10

1

3

8

Do you want me to stop?

Disappointed

8

-2

-4

9

Smoking is not good for you.

Frustrated

10

1

3

10

Can you manage it?

Sad

8

-2

-3

11

Are you going to cook?

Normal/Calm

8

1

0

12

Did you turn off the light?

Angry

10

2

4

13

I cannot find you.

Scared

9

-1

3

14

Are you alright?

Scared

9

-1

3

15

You have to take your pills alone.

Sad

8

-2

-3

16

Don’t open the window.

Scared

9

-1

3

17

I failed to monitor you.

18

Your pressure is not high.

19

You haven't drunk enough water, please
do.

20

Sad

8

-2

-3

Happy

10

1

4

Anxious

9

-1

-4

Please, bring your pillbox to the table.

Normal/Calm

8

1

0

21

Your friend is busy.

Disappointed

8

-2

-4

22

You haven't set the time.

Normal/Calm

8

1

0

23

Is this good for you?

Frustrated

10

1

3

24

Eat all your food.

Angry

10

2

4

Twenty adults, 19 women and 1 man, participated in the experiment, with an age
range between 42 – 94 years. Fourteen (Group 1) answered the form with eight
selections and six (Group 2) the form with three selections.

Figure 35: Age distribution
Figure 36: Group 1 & 2 percentages
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Results

The results of the experiment are presented below.
Phrase 1: “Have a lovely day.”. Target Emotional state: Happy
Most of the participants (60%) responded that the voice is expressing a positive
intrinsic emotional state and 40% a negative emotional state, 20% intrinsic and
20% extrinsic. Among the participants aged over 65 years old (Elderly Group),
five of them selected a positive emotional state and four of them a negative one.

Phrase 2: “Will you wait for me?”. Target Emotional state: Anxious
Most (65%) of the participants responded that the voice is expressing a negative
emotional state, 60% intrinsic and 5% extrinsic. Τhe targeted emotional state of
anxious was reported by 20% of the participants. Seven of the elderly
participants perceived the voice as expressing a negative feeling, where three of
them defined it as “anxious”.

October 2016

95

CERTH

Deliverable D4.1

Dissemination Level (PU)

643433–RAMCIP

Phrase 3: “I don’t like what you’re doing.”. Target Emotional state: Angry.
The majority of participants in Group 1 & 2 (50% in total) responded that the
voice was expressing the targeted emotional state and 40% a negative feeling.
Only 10% perceived voice as neutral/calm. Eight of the elderly participants
perceived the voice as expressing a negative feeling, where five of them defined
it as “angry”.

Phrase 4: “Have you finished your exercises?” Target emotional state: Happy
Most (65%) of the participants responded that the voice is expressing a negative
emotional state, and 35% as positive intrinsic emotional state, 25% neutral/calm
and only 10% as happy. Four of the elderly participants perceived the voice as
positive, four as angry and one as disappointed.
October 2016

96

CERTH

Deliverable D4.1

Dissemination Level (PU)

643433–RAMCIP

Phrase 5: “I do not recognize it”. Target Emotional state: Disappointment
The majority of participants, 85% in total, responded that the voice was
expressing a negative feeling, where 25% responded the targeted one. Only 15%
perceived voice as neutral/calm. Six of the elderly participants perceived the
voice as expressing a negative feeling and three as neutral/calm.

Phrase 6: “You will miss your appointment.”. Target Emotional state: Anxious
Τhe targeted emotional state of anxious reported by 20% of the participants and
50% answered other negative feelings. Three of the elderly participants perceived
the voice as expressing anxiety, three other negative feeling and three a positive
one.
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Phrase 7: “You chose not to exercise.”. Target Emotional state: Frustrated
The majority of participants, 80% in total, responded that the voice was
expressing a negative feeling, where 25% perceived voice as “frustrated”. Four
elderly participants answered the targeted emotion, three perceived the voice as
neutral/calm and two as disappointed.

Phrase 8: “Do you want me to stop?”. Target Emotional state: Disappointment
Disappointment was selected by 20% of all participants and 70% perceived the
voice as expressing other negative feeling. In the elderly group, three persons
recognized the targeted emotional state, four another negative feeling and one
the neutral/calm.
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Phrase 9: “Smoking is not good for you.”. Target Emotional state: Frustrated
Frustration was selected by 25% of all participants, 50% perceived the voice as
expressing other negative feeling and 25% as neutral/calm. Eight participants of
the elderly group perceived the voice as expressing a negative feeling, where two
of them recognized the targeted emotional state.

Phrase 10: “Can you manage it?”. Target Emotional state: Sad
The majority of participants, 70% in total, responded that the voice was
expressing a negative feeling, where 10% defined it as “sad”. Two elderly
participants answered the targeted emotion, six as other negative feeling and one
as neutral/calm.
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Phrase 11: “Are you going to cook?”. Target Emotional state: Neutral/calm
Neutral/calm was selected by 35% of all participants, 50% perceived the voice as
expressing an intrinsic negative state and 15% an extrinsic negative feeling. Only
two participants of the elderly group recognized the targeted emotional state.

Phrase 12: “Did you turn off the light?”. Target Emotional state: Angry
The majority (80%) of the participants responded that the voice was expressing a
negative feeling, where 30% defined it as “angry”. Three elderly participants
answered the targeted emotion, three as other negative feeling, two as
neutral/calm and one as happy.
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Phrase 13: “I cannot find you.”. Target Emotional state: Scared
The targeted emotion “scared”, was selected from 25% of all participants, as well
as from four out of nine elderly participants. A 40% of the participants responded
that the voice was expressing an intrinsic negative emotion and a 30% an
extrinsic one.

Phrase 14: “Are you alright?”. Target Emotional state: Scared
Most (35%) of the participants perceived the voice as frustrated, a 35% as other
negative emotional state and a 30% as neutral/calm. Only one participant from
the elderly group (5%) selected the targeted state “scared”.
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Phrase 15: “You have to take your pills alone.”. Target Emotional state: Sad
Most of the participants (35%) perceived the voice as neutral/calm and only 10%
as sad. A 45% perceived it as a negative intrinsic emotion and a 20% as an
extrinsic one. Within the elderly population three persons selected the
“frustrated” emotional state, two the targeted emotional state, two the
“neutral/calm” and the rest the states “anxious” and “scared”.

Phrase 16: “Don’t open the window.”. Target Emotional state: Scared
Most of the participants (75%) perceived the voice as a negative emotional state.
The 5% chose the targeted emotional state, the 45% an intrinsic negative
feeling, the 25% an extrinsic one and the 30% the neutral/calm. No one from the
elderly group perceived the emotional state as scared.
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Phrase 17: “I failed to monitor you.”. Target Emotional state: Sad
The targeted emotion “sad”, was selected from 20% of all participants, as well as
from two out of nine elderly participants. Another 50% of the participants
responded that the voice was expressing an negative emotion and a 30% a
positive one.

Phrase 18: “Your pressure is not high.” Target Emotional state: Happy
The majority of participants (60%) responded that the voice was expressing a
positive emotional state but only the 15% of them recognized it as happy. In the
elderly population, five of them selected a positive emotional state and the rest a
negative one.
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Phrase 19: “You haven't drunk enough water, please do.”. Target Emotional
state: Anxious
The targeted emotion “anxious”, was selected from the 10% of all participants, as
well as from two out of nine elderly participants. The 50% of the participants
responded that the voice was expressing an intrinsic negative emotion, the 20%
an extrinsic one and the 20% a positive one.

Phrase 20: “Please bring your pillbox to the table.” Target Emotional state:
Neutral/calm
The targeted emotion “neutral/calm” was selected from the 35% of all
participants, as well as from four out of nine elderly participants. Another 35% of
the participants responded that the voice was expressing an intrinsic negative
feeling and a 30% an extrinsic negative feeling.
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Phrase 21: “Your friend is busy.”. Target Emotional state: Disappointment
Most of the participants (40%) perceived the voice as a positive emotional state.
The 5% chose the targeted emotional state, the 30% another extrinsic negative
feeling and the 20% an intrinsic one. Only one person of the elderly group
perceived the emotional state as “disappointed”, 5 as neutral/calm and 5 as
frustrated.

Phrase 22: “You haven’t set the time.”. Target Emotional state: Neutral/calm
The targeted emotion “neutral/calm” was selected by 20% of all participants, as
well as by two out of nine elderly participants. Another 70% of the participants
responded that the voice was expressing an intrinsic negative feeling and a 10%
an extrinsic negative feeling.
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Phrase 23: “Is this good for you?”. Target Emotional state: Frustrated
The 80% of participants responded that the voice was expressing a negative
feeling, where 30% defined it as “frustrated”. Four of elderly participants
answered the targeted emotion, three as other negative feelings and two as
neutral/calm.

Phrase 24: “Eat all your food.”. Target Emotional state: Angry
Most of the participants (80%) perceived the voice as a negative emotional state.
The 35% chose the targeted emotional state, the 20% another intrinsic negative
feeling, the 25% an extrinsic one and the 20% the neutral/calm. Five of the
elderly group perceived the emotional state as angry, two as anxious and two as
neutral/calm.
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Experiment conclusions

The phrases from Table 27 have been categorized according to the type of feeling
and targeted emotion and the overall result is summarized in Table 28. Under the
“Type of Feeling” header, the number and percentage of correctly identified
responses according to the general feeling (positive intrinsic, negate
intrinsic/extrinsic) are shown. Below the “Target emotion” header, the number
and percentage of persons that selected the exact feeling are presented.
Table 28: Complete successful/unsuccessful results of the experiment for each
phrase

Type of Feeling

Targeted Emotion

Phrase

%
Correct

Persons
Correct

Positive

1

60

12

Intrinsic
State

4

35

10

Negative
Extrinsic
State

Negative

October 2016

Total
%

Elderly

Adults

Happy

40

4

4

7

Happy

10

2

0

20

4

Happy

0

0

0

11

35

7

Neutral/ Calm

35

2

5

18

50

12

Happy

15

3

0

20

35

7

Neutral/ Calm

35

4

3

22

20

4

Neutral/ Calm

20

2

2

5

40

8

Disappointment

25

1

4

7

60

12

Frustration

30

4

2

8

30

6

Disappointment

20

3

1

9

55

11

Frustration

25

2

3

21

35

7

Disappointment

5

1

0

23

35

7

Frustration

30

4

2

2

60

12

Anxious

20

3

1
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3

80

16

Angry

50

5

5

6

50

10

Anxious

20

3

1

12

60

12

Angry

30

3

3

13

65

13

Scared

25

4

1

14

20

4

Scared

5

1

0

15

55

11

Sad

10

2

0

16

50

10

Scared

5

0

1

17

55

11

Sad

20

2

2

19

60

12

Anxious

10

2

0

24

55

11

Angry

35

5

2

According to the analysis results in Table 28:
•
The speak configuration for phrases 1 and 18 was effectively perceived as
a positive intrinsic state, in contrast with phrase 20 where none of the
participants recognized a positive feeling.
•
The extrinsic negative state configuration, was sufficiently perceived in
half of corresponding phrases (5, 7, 9) and in all the remaining phrases (8, 21,
23) it was recognized almost by a third of the participants.
•
The intrinsic negative states in corresponding phrases was effectively
perceived from the participants, apart from phrase 14 where participants have
identified the voice as expressing either a positive or an extrinsic negative feeling.
Concerning the targeted emotions, within the emotional states, the analysis
discloses that the configuration of happiness and anger were most effectively
perceived in comparison to fear and disappointment. This phenomenon, in most
of the cases, has been likely caused by either the influence of the phrase’s
semantic meaning or the misperception of the facial expression from the
participant when he/she responded with selecting a face.
In particular, elderly participants (over 65 years old), during the experiment,
frequently failed to focus on the feeling of the produced voice and they tended to
responding by choosing a face pictured with an open mouth. Some of them also
commented that the voice was too fast for them to understand.
It is worth noting that the “Paulina” voice used for speech synthesis is a mediocre
quality voice which can sometimes be difficult to understand. As a result, it would
seem that this fact would make the task of determining the robot emotion slightly
more difficult for the users, but in fact, since the users faced difficulties
understanding the semantic meaning of the phrases, they remained focused on
the emotional prosody. Another factor that could have influenced the results in
respect to the selected voice was that even though the respective English voice
for the phrases was relatively pleasant, the Polish voice was objectively more
serious sounding than the English one.
The correlation of the emotional and semantic meaning of the speak output with
the corresponding facial expressions in respect to the results of this experiment
will be analysed and used for the overall communication policy of the robot
handled by the CDM component.
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6. The RAMCIP empathic communication channels in
practice
The overall empathic communication channels of the RAMCIP robot, in terms of
both affective robot input and output, have been developed by taking closely into
account affect-related issues of our target population, as explained in Section 2.2
of the deliverable. Indicatively it can be noted that mood, in particular low mood
or high levels of anxiety, is an important factor associated with MCI25,26, while a
circular relationship between mood and MCI can be indicated 25. Persons with MCI
are in general more confused than controls, as well as more similar to persons
with AD than controls for sadness and anger28, characterized by greater current
negativity and confusion. Alongside, emotional regulation abilities are considered
to be relatively preserved among early AD patients30. In fact, the maintenance of
high emotional functioning in older adults is a key process that contributes to
resilient aging; positive emotions are key building blocks to this end 31,32,33, while
greater emotional well-being and optimism can be key to successful aging34.
Following the above, the present deliverable addresses exactly the issue of
augmenting the RAMCIP robot with empathic communication channels, enabling it
to have affective input and output. More specifically, the RAMCIP empathic
communication channels have the purpose to: (a) enable the robot understand
the user’s affective state during the robot’s operation; through the methods
described in Section 3 of the deliverable and (b) enable the robot augment
human-robot communication with affective traits stemming from its side (robot
facial expressions and changes in the robot’s speech intonation; as described in
Sections 4.1 and 4.2) and also, take higher-level assistive decisions which are
affected by the user’s detected emotional states (effects of detected user affect in
the robot’s cognitive functions, as described in Section 4.3). The overall aim is to
both enrich human-robot communication with affective aspects and try to
establish robot behaviours that can help the user maintain positive affect.
Elaborating more on how the above are realized in practice, during the RAMCIP
robot’s operation, it should first of all be noted that a key scenario where they
serve our target population concerns the RAMCIP target use case where the robot
stimulates the user into “Communication with relatives and friends” (subUC8.1).
As further, analytically explained in Section 4.3.1, during the robot’s operation
and specifically, during (a) human-robot communication and (b) during the use
case of cognitive training games, the robot detects user emotions through the
methods described in Section 3. By fusing the short-term ER outcomes within the
long-term mood inference model described in Section 4.3.1, the robot is capable
to detect cases of overall user’s negative mood detected during one day. This
inference is the basis for the triggering of the specific use case, where in
particular, the user is stimulated by the robot into contacting a relative, through
its skype-based remote communication interface. Notably, given that the robot
can monitor user emotions also when s/he talks to a relative or friend during the
subUC8.1, the list of the user’s peers that is presented to the user so as to select
who to talk with, can also be adapted so as to favour the user’s selection of peers
who are associated with an overall positive user mood during the communication.
Further to the above scenario, which is directly related to the establishment of a
specific use case (subUC8.1) that helps the user with her/his emotion regulation
capacities (i.e. upon detection of negative user mood, the robot stimulates the
user to engage in a communication activity that can help into more positive
outlooks), the empathic communication channels affect the robot’s
communication behaviour and its assistive decisions within a series of further
RAMCIP target use cases.
Focusing on the effects of detected user affect on the robot’s cognitive functions,
as further, analytically explained in Section 4.3.2, the robot infers whether its
assistive decisions in the context of several use cases should lean towards more
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proactive assistance provision. This is achieved by fusing ER outcomes derived
during human-robot communication or during the user’s playing of cognitive
training games within our proposed short-term user mood inference model.
Specifically, in case that the user’s current mood is detected to be at a negative
level, the robot tries to provide more proactive assistance in the scope of several
use cases, so as to induce a more positive feeling of care. In short, the use cases
affected by such decisions are subUC2.1 (assist in turning off electric appliances),
subUC2.3 (Detection of improperly placed objects), subUC3.1 (Taking medication/
food supplements – reminders, bringing and monitoring) and subUC5.2 (Proactive
bringing of a bottle of water). In these use cases, the core idea is to make the
robot more proactive, being offered for instance to bring the pills-box to the user
(in subUC3.1), even if the latter is not detected as tired; in such cases, the robot
would normally remind the user of the medication and would try to stimulate
her/him to get the pills-box on her/his own, so as to be kept more physically
active.
Further to the above, as explained in Sections 4.1 and 4.2, the robot changes its
facial expressions and its speech intonation while it communicates with the user,
during all of the use cases. Indicatively, some corresponding practical examples
of how facial expressions and speech intonation change during human robot
communication and serve in scenarios are presented below:
-

-

-

-

-

-

The default speech intonation parameters and neutral facial expression is
maintained in most scenarios and in all subUCs. Indicative examples
include reminding the user about medication (subUC3.1), instructing them
to perform a task such as turning off the stove (subUC2.1), or picking up a
fallen object (subUC4.3). Also, in cases where the user makes the initial
contact, such as when the robot is calling someone according to the user’s
preference (subUC8.1), when the robot asks for confirmation for an
activity to be started when a UI button has been selected by the user or a
voice command has been given e.g. the user communicates with the robot
about starting a cooking activity (subUC2.1).
Lower speaking rate and pitch are used accompanied by the SAD RAMCIP
facial expression in cases where the robot failed to perform a task, such as
closing the fridge door (subUC4.2) or bringing a water bottle (subUC5.2)
or when the user’s intention/scope has not been achieved e.g., the robot
failed to call the user’s friend/relative (subUC8.1).
In cases where a hazardous event has been detected (e.g., the robot
informs the user that the oven has been left on in subUC2.1), the SAD
facial expression is also shown by the robot, while its speech intonation is
configured to sound anxious (slightly lower than default speaking rate,
significantly reduced pitch).
When the robot has the chance to help the user after the user’s request
(e.g., after the user confirms that he/she is about to start a cooking
activity in subUC2.1) or when the outcome of a collaborative subUC is
positive (e.g., successful monitoring of pills intake in subUC3.1 or
monitoring the cooking activity in subUC2.1), the robot speaks with
slightly higher speaking rate and significantly higher pitch that dictate
excitement. The facial expression used in these cases is the “EXCITED”
one.
The robot appears “CONFUSED” when it is not able to understand/
interpret the user’s intentions e.g., when it cannot find the user in the
kitchen after a cooking confirmation has been given (subUC2.1) or while
verifying the cancellation following a call request (subUC1.1, subUC8.1 and
in all cases where calls are made by the robot).
In all cases where the robot expects a user response but the user did not
respond, the robot tries to repeat the question by lowering the speaking
rate and increasing the volume accordingly. This applies to all robot
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questions but is especially relevant in emergency cases such as asking if
the user is OK after being detected as fallen in subUC1.1.
Further summarizing all of the above, an outline of how the RAMCIP empathic
communication channels can cumulatively serve in a scenario with the target user
population is provided in what follows:
1. During human-robot communication in the scope of all of the use cases
(could be for instance subUC2.1), the robot :
a. Provides emotionally rich dialogues through the robot’s changing
facial expressions and speech intonation
b. Performs user emotion recognition when possible during
communication
2. During the user’s playing of the cognitive training games (subUC8.4), the
robot obtains further user ER outcomes.
3. By fusing the above ER outcomes within its short-term inference model,
the robot detects if the user’s current mood can be considered negative
and as such, whether the robot decisions should lean towards more
proactive assistance; in this case, the robot’s assistive behaviour becomes
more proactive in a series of use cases (e.g. subUC3.1, 4.3 etc.).
4. Through the long-term mood inference model, the robot decides if the
overall user’s daily mood is negative to the extent that support should be
provided towards more positive outlooks; in this case, the triggering
procedure of the subUC8.1 is initiated by the robot and as a result, the
user is stimulated to contact a relative so as to be further supported into
emotion regulation.
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7. Conclusions
The present deliverable presented the methods that have been developed in the
scope of the RAMCIP task T4.2 “Empathic Communication Channels”. Specifically,
it summarized the efforts and outcomes towards the establishment of the
empathic communication channels of the RAMCIP robot, both in terms of the
robot’s affective input and affective output.
In this scope, the development of effective and robust solutions suitable to
operate in realistic environments comprised the main concern of the RAMCIP
consortium. In order to ensure that the newly developed, adopted and extended
methodologies will be operable for the related applications that necessitate from
the identified use cases (D2.1), state-of-art approaches have been adopted and
extended where necessary, while realizing the overall empathic communication
channels framework of the RAMCIP robot.
As concerns the robot’s affective input, a multi-modal approach focusing on the
fusion of facial expressions, affect-related body activity analysis and biosignalsbased affect detection was followed. In this context, the T4.2 efforts drew upon
recent advances, and by specifically focusing on affect-related body activity
analysis, the state-of-art has been extended through the extraction of a more
comprehensive set of corresponding features, taken in all three dimensions, from
the user’s tracked skeleton in 3D. Through experimental evaluation, the use of
this feature set led to advances in the effectiveness of the detection of the target
affective states of interest, compared to the state-of-art approaches, when using
only the body activity modality. Thereafter, further improvements in the
effectiveness of automatic ER were pursued and obtained, through the fusion of
the above approach with facial expression recognition, while for the first time to
the best of our knowledge, the fusion of all three examined modalities (body,
face, biosignals) was applied towards the recognition of our target affective states
in a cohort of our target end user groups. Notably, affect recognition performance
similar to the case of the control group (cognitively healthy older adults) was
obtained for the MCI and early AD patients of our studied population.
At this point, it should be stressed that the experimental evaluation of the
methods mentioned above, was performed on a multi-modal dataset that was
collected in the context of T4.2, through an emotion induction experiment that
involved a population of our exact target end users group. In the scope of our
efforts, this data collection experiment was essential, as no such publicly available
dataset can be found at present. Parts of the collected dataset established herein
will become publicly available, in accordance to the RAMCIP Data Management
Plan (D9.3).
As concerns the RAMCIP affective outputs, the T4.2 efforts focused first of all on
the research and development of the animated screen of facial expressions, as
well as on a module specifically designated to provide changes in the robot’s
speech intonation. As part of the overall affective policy of the RAMCIP robot
developed in T4.2, both the robot’s facial expressions and speech intonation are
subject to dynamic changes in the course of the RAMCIP target subUCs. The
primary aim of these two affective output modalities is to enrich human robot
communication with underlying affective elements, on one hand further helping
the user to reside in an emotionally rich environment, even when s/he is alone at
home with the robot, and on the other, try to induce more positive emotions to
the user when possible, through a “more positive robot attitude”.
Alongside, a further important part on which T4.2 focused, concerned the
research and development of a framework and models for assessing the overall
user’s mood and introducing corresponding effects to the robot’s cognitive
functions, in an effort to further help the end user maintain positive outlooks. In
this respect, computational models drawing personalized inference on whether
some specific robot behaviours should be triggered in the scope of the target
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subUCs were developed. In our framework, both long-term (i.e. on daily basis)
and short-term (i.e. on hourly basis) inference on the user’s mood is performed,
based on the outcomes of the developed ER methods. Moreover, user affect
recognition is being attempted at specific human robot communication parts of
the RAMCIP target subUCs, allowing the robot to gain knowledge on possible
affect-related effects of its actions to the user.
All the above inference outcomes are stored in the affective part of the user’s
VUM, which encode corresponding personalized user specificities. By comparing
this user-centric knowledge to the current user state (e.g. typical prevalence of
negative emotions during a day vs. prevalence of user negative emotions in the
current day), the RAMCIP affective module can provide significant affect-related
cues to the robot’s ADM, so as to either trigger a specific affect-related use case
(subUC8.1), or modify the way that assistance is provided to the user. Especially
for the latter part, the efforts of T4.2 have identified a series of human robot
communication cases within the project’s target subUCs, where the robot’s
behaviour can be changed into a more proactive one, inducing a more pleasant
feeling of care to the user; corresponding inference takes place through the
developed RAMCIP affective policy so as to drive such robot decisions, by
providing corresponding signals to the ADM when needed.
At this point, it should be stressed that the overall research efforts of T4.2 have
been specifically focused on our target population, i.e. MCI and early AD patients,
trying to enable the RAMCIP robot’s empathic communication channels to suit in
the best way possible, their specificities and needs.
In this scope, as also mentioned above, a data collection experiment was
conducted, so as for the RAMCIP emotion recognition methods to be developed
and experimentally evaluated, directly on our target end user groups. Alongside,
the facial expressions display and speech intonation affective output modalities
have also been validated on our target end user groups. On the other hand,
special emphasis has been put on specific affect-related issues of our target
population while developing the overall affective policy of the RAMCIP robot. In
this respect, the key target subUC triggered upon the detection of prolonged user
negative affective states (subUC8.1 “Communication with relatives and friends”)
acts as an effort to stimulate the user into socialization, towards enhancing
her/his controlled emotion regulation strategies. Moreover, by capitalizing on the
relatively preserved automatic emotion regulation abilities of our target end
users, the further aspects of the robot’s affective outputs (from facial
expressions, through to providing more proactive assistance to induce a more
positive feeling of care), have the purpose to further induce positive affect,
through corresponding assistive robot actions embedded in the overall robot’s
behaviour.
Finally, it should be noted that the methods described in the present deliverable,
both for the robot’s affective input and output, have led to the realization of the
corresponding functional S/W modules that have started to gradually become
integrated on the RAMCIP robot, while their preliminary validation reported herein
will be further augmented with findings that will derive from the project’s pilot
trials.
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