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Abstract This paper examines whether social cues, such as facial ex-
pressions, can be used to adapt and tailor a robot-assisted training in or-
der to maximize performance and comfort. Specifically, this paper serves
as a basis in determining whether key facial signals, including emotions
and facial actions, are common among participants during a physical and
cognitive training scenario. In the experiment, participants performed
basic arm exercises with a Pepper robot as a guide. We extracted facial
features from video recordings of participants and applied a recursive
feature elimination algorithm to select a subset of discriminating facial
features. These features are correlated with the performance of the user
and the level of difficulty of the exercises. The long-term aim of this
work, building upon the work presented here, is to develop an algorithm
that can eventually be used in robot-assisted training to allow a robot
to tailor a training program based on the physical capabilities as well as
the social cues of the users.
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1 Introduction

For a social robot that shares a space with humans, being able to communicate
appropriately and adapting its behavior based on the users’ needs, as well as un-
derstanding social context are important skills. Social robots have the potential
to provide both companionship and physical exercise therapy.

Social signals are communicative or informative signals that provide inform-
ation, directly or indirectly, about social interactions [18]. One of the main ad-
vantages of social signals is that they are continuous and can be all gathered
throughout the interaction. Thus, they may be used as part of an adaptation
process for considering the user’s point of view and preferences. Despite the fact
that there are studies [12,19] using social signals as part of adaptation of ro-
bot behaviors, these studies did not consider the understanding of key social
signals in a particular scenario such as robot-assisted training. In this paper,
we address the understanding of key facial signals including emotions and facial
actions (FA) during a physical and cognitive training with a social robot. In the



experiment, participants performed basic arm exercises with the Pepper robot.
We obtained facial features by using Affdex SDK [16] and applied a recursive
feature elimination (RFE) algorithm to select a subset of discriminative facial
features.

The contributions of this paper include: (i) identifying the relevant facial fea-
tures during a physical and cognitive training with a social robot; (ii) discovering
small subset of common facial features as valence, lip corner depressor, lip pucker,
and eye closure; (iii) leaving an open possibility to use the identified features in
the adaptation of the robot training program. In the remainder of this paper,
an overview of related studies is given in Section 2. The method, experimental
design and procedure are described in Section 3. The detailed explanation of data
analysis is given in Section 4. Experimental results are presented in Section 5,
and the paper is concluded in Section 6.

2 Related Work

2.1 Robot-Assisted Training

Research on robot-assisted training is vast and covers applications for cognitive
and physical assistance such as post-stroke rehabilitation, cognitive assistance
for dementia, therapy for Autism Spectrum Disorders, tutoring systems for deaf
children and for language learning.

There are studies that employ robots as exercise coaches or exercise assist-
ants [9,10,11,13]. In [11], authors investigated the role of embodiment in exercise
coaches by comparing physically and virtually embodied coaches. Their results
showed that elderly participants preferred the physically embodied robot coach
over the virtual coach regarding its enjoyableness, helpfulness, and social attrac-
tion. Authors also assessed the motivational aspects of the scenario [10]. The
robot provided feedback based on the task success which helped to keep parti-
cipants more engaged. Similarly, in [13], the Nao humanoid robot was a training
coach with a positive or corrective feedback mechanism for elderly people. In [9],
authors presented an engagement-based robotic coach system with one-on-one
and multi-user interactions. Their experimental results showed that the robotic
coach was positively accepted by older adults either with or without cognitive
impairment.

As these studies emphasize, a more engaging training robot could increase
the enthusiasm of elderly people to exercise more and to sustain long-term in-
teraction. We claim that factoring in social signals in training robots is just as
important as the feedback mechanism.

2.2 Facial Features

The human face affords various inferences at a glance such as gender, ethnicity,
health and emotions. Moreover, it is one of the richest and most powerful tools
in social communication. Facial expressions analysis has been used in a variety



of applications for understanding users and enhancing their experience. Affective
facial expressions can facilitate robot learning when incorporated within a reward
signal in reinforcement learning (RL) [3]. These features, which are capable of
boosting the robot learning in a particular scenario, need further investigation.

The Facial Action Unit Coding System (FACS) is a taxonomy that is geared
towards standardizing facial expression measurement by describing and encoding
movements of the human face and FAs [7].

The human-in-the-loop approaches provide human assistance explicitly or
implicitly to the learning agent. The two facial affective expressions of smile as
positive and fear as negative reward were incorporated with the environment
reward to enhance the agent learning in continuous grid-world mazes [3]. In
[12], the authors presented a tutoring scenario. The facial affective states of the
student were combined into a reward signal in order to provide personalized
tutoring. Another study, [19], used social signals as a reward by considering
body and head positions to obtain engagement of the user and adapt the robot’s
personality accordingly to keep the user engaged in the interaction.

3 Method

Our methodology consists in a physical memory game with three difficulty levels:
easy, medium and hard. By using different levels of difficulty, we expected to elicit
different facial expressions in the participants. The participants’ interactions
served the purpose of collecting data via video recordings and questionnaires.
We recorded all of the interactions using a video camera focused at the users’
faces.

The robot used in our experiments was Pepper, a humanoid robot with 20
degrees of freedom (DOF), height of 1.2 m and a weight of 29 kg. The DOF in
the arms are as follows: 2 DOF in each shoulder, 2 DOF in each elbow, and 1
DOF in each wrist [1].

3.1 The Experiment

Each session began with informing the participant about the experiment and
the robot. Before starting, the participant read and filled out the consent form.
Thereafter, the robot welcomed the participant and provided information about
the training program. The participant started with a warm-up session to famil-
iarize them with the experimental procedure. Participants tended to start the
exercise during the demonstration and it took them some time to understand
that they were supposed to wait before repeating until it was over. Therefore
warm-up was helpful. Further information is given in Section 3.2.

Before conducting experiments, we had pre-experiments with two participants.
The early experiments helped to adapt different experimental parameters such
as the length of the warm-up session, number of exercises, the required time for
each level and the questionnaires, the participants’ proximity to the robot and
the positioning of the video camera. Thirteen participants (6 male, 7 female)



took part in the experiments (µage=32.28, σage=6.08). An illustration of the
experiment is shown in Figure 1.

Figure 1: A participant exercising with the Pepper robot.

3.2 Procedure

The following procedure was used for each participant:

1. The researcher instructed the participant about the experiment and robot.
2. The participant read and signed the consent form. The participant was also

informed that there are three levels and between each level, they would fill
out a questionnaire.

3. The robot introduced itself and explained the experimental procedure.
4. The participant started with a warm-up session (∼ 3 mins).
5. Thereafter, the easy level including 10 exercises started, 5 of them had one

(e.g. arms up, arms side, etc.) and 5 of them had two successive arm exercises
(e.g. arms up and arms to the side, arms in front and arms up, etc.). At the
beginning of each exercise, there wasa beep sound indicating that a new
exercise was about to start.

6. At the end of the easy level, the participants filled out the following Likert
scale questionnaire in which each question had options ranging from ‘Strongly
disagree’(1) to ‘Strongly agree’(5):
– The exercises were easy to execute (in terms of physical effort)
– The exercises were easy to remember
– I would like to exercise with the robot again

7. The experiment continued with the medium and hard level consecutively.
The medium level comprised three (e.g. arms up and arms in front and arms
to the side, etc.) and four successive arm exercises whereas hard level com-
prised five and six successive arm exercises. The participant filled out the
same questionnaire after each level. At the end, they also provided demo-
graphic information (age, gender).

The sequence of exercises is a random combination of basic arm exercises given
in Figure 2. Our aim is both physical and cognitive training. Since participants
need to remember the sequence of exercises during the scenario, the level of
difficulty is based on the number of exercises. It starts with one exercise and
increases up to six exercises based on the average human memory span, 7±2
[17].



Figure 2: Pepper robot: performing basic arm exercises.

4 Data Analysis

The facial features analysis was carried out over datasets created by participants
exercising with the Pepper robot. The facial features of the participants were
obtained from their video recordings by using Affdex SDK [16], and manually
annotated based on different criteria such as:

– determination (first exercise of the sequence: the participants is challenged
or the last exercise of the sequence: the participant is unchallenged);

– performance of the participant (the participant performed the exercise cor-
rectly or not);

– the difficulty level of the exercise (easy, medium and hard).

Determination Dataset: Motivation is an important factor for sustained ex-
ercising. The motivation of participants was not the same in the first and the
last exercises of the sequence. Self-determination theory (SDT) examines the
effects of different types of motivation that is a basis of behavior [6]. Optimally
challenging activities are intrinsically motivating [5]. We also observed that the
motivation of participants decreased towards the last sequence of the exercise.
We isolated the first (challenged) and the last (unchallenged) sequence of exer-
cises to constitute the determination dataset.
Performance Dataset: To constitute the performance dataset, an annotator
watched and annotated the video recordings based on the sequence of exercise
correctness of the participants.
Difficulty Dataset: The difficulty dataset includes the beginning and ending
of each level (e.g. beginning time of easy level and ending time of easy level,
etc.)
We segmented each participant’s data by correlating the time stamps in the
features file and the annotation file. We applied moving average (window size
10) and random sampling. All participants’ data were combined to form the
resulting dataset. Based on the different criteria mentioned above, the datasets
described in Table 1 were created. An example line from the raw data is given
in Figure 3.

The set of features in the datasets include:

– emotions: anger, contempt, disgust, fear, joy, sadness, and surprise



– engagement: facial expressiveness of the participant
– valence: the pleasantness of the participant
– FAs: brow furrow, brow raise, cheek raise, chin raise, dimpler, eye closure, eye

widen, inner brow raise, jaw drop, lid tighten, lip corner depressor, lip press,
lip pucker, lip stretch, lip suck, mouth open, nose wrinkle, smile, smirk, and
upper lip raise

– head orientation: pitch, yaw, and roll
– label: the corresponding criteria

Table 1: Summary of datasets.
Dataset Features Examples Classes

Determination 33 18382 challenged, unchallenged
Performance 33 39984 correct, wrong

Difficulty 33 198420 easy, medium, hard

Figure 3: An example line from raw data.

4.1 Feature Selection Method

Feature selection is widely used to select a subset of the original inputs by elim-
inating irrelevant inputs. RFE is an iterative procedure based on the idea of
training a classifier, computing the ranking criterion, and removing the feature
that has the smallest ranking criterion [14]. The most common version of RFE
uses a linear Support Vector Machine (SVM-RFE) as classifier [14]. An alternat-
ive method is using Random Forest (RF) [2] instead of SVM as a classifier in the
RFE. RF [2] is an effective prediction tool used in classification and regression. It
consists of a combination of decision tree predictors such that each tree depends
on the randomly sampled examples.

The RFE with RF was applied to all three datasets. The top five features
were selected based on the feature importance. The selected features in each
dataset are given in Table 2.

One of the variable importance measures in RF is mean decrease accuracy
(MDA). The index MDA is used for quantifying the variable importance that
is measured by change in prediction accuracy in exclusion of a single variable
[4]. The variables that generate a large mean decrease in accuracy are more
important for classification. MDA for each dataset is given in Figure 4.



Table 2: Selected features.
Dataset Determination Difficulty Performance

Features

Valence
Cheek raise
Lip corner depressor
Eye closure
Lip pucker

Lip corner depressor
Lip pucker
Inner brow raise
Lid tighten
Cheek raise

Valence
Lip pucker
Lip corner depressor
Cheek raise
Eye closure

Figure 4: Mean decrease accuracy of features in each dataset.

The four selected features of valence, lip corner depressor, lip pucker and eye
closure are common in each dataset. A figure depicting the selected features on
a time scale is given in Figure 5. RF-RFE was experimentally found to be the
best option for our approach. Due to the size of the difficulty dataset, applying
another feature selection algorithm such as SVM-RFE and genetic algorithm
was challenging.

5 Results and Discussion

This study sets out to understand the facial signals during a physical and cognit-
ive training scenario. It is important to understand the facial signals that may
help in the adaptation process of the robot behaviors. Using social signals in
the adaptation process is beneficial as discussed in Section 2.2. The discrimin-
ative features were found to be valence, lip corner depressor, lip pucker and eye
closure. Four selected features out of five are common in datasets. Lip corner
depressor has been shown to be related to lack of focus [20] and eye closure is
related to boredom [15]. Lip pucker is associated to thinking [8]. It means that



Figure 5: Selected features on a time scale (on the side a frame from the video
at the given moment).

the participants lost their attention and got bored throughout the interaction.
The robot may catch these signals to re-engage the participant to the interac-
tion. This is the first step towards the adaptation process of robot behaviors. In
[12], authors used facial valence and engagement as a part of the reward signal,
they found that engagement did not change in response to the robot’s behaviors.
We believe that investigating the social signals in a particular scenario is import-
ant for understanding the informative features that can improve the adaptation
process.

The purpose of employing the questionnaire was to validate that the level of
difficulty was increased from easy level to hard level. The results have statistically
significance in the question “the exercises were easy to remember”. A one-way
between subjects analysis of variance (ANOVA) was conducted to compare the
effect of number of exercises on perceived difficulty; easy, medium and hard.
There was a significant effect of number of exercises on perceived difficulty for
the three conditions [F(2, 30) = 14.06, p <.05]. A post hoc Tukey HSD test
showed that the perceived difficulty in easy level and hard level; and medium
level and hard level differed significantly at p <.05; the perceived difficulty in
easy level and medium level was not significantly different. Taken together, these
results suggest that increasing number of exercises really do have an effect on
perceived difficulty. Even though the mean is decreasing through hard level,
there is no statistically significant difference in the questions “the exercises were
easy to execute” and “I would like to exercise with the robot again”. A Pearson
analysis between the performance of participants and the perceived difficulty



(“the exercises were easy to remember”) indicated a strong relationship between
the variables. The performance decreases with perceived difficulty (r = .98, p
<.05).

6 Conclusion and Future Work

In this work, we focused on the analysis of user facial expressions during a phys-
ical and cognitive training scenario. We applied the RF-RFE feature selection
method to obtain informative features in the given scenario. The interaction
videos of the participants were annotated and created three different datasets
to study facial expressions under different conditions. This study is a first step
towards understanding the social signals that will enable us to incorporate ap-
propriate facial signals in the adaptation process and formulating the problem as
reinforcement learning. The most common discriminative features are: valence,
lip corner depressor, lip pucker and eye closure. The features, other than valence,
are related to negative feelings so they can be used as a punishment in the ad-
aptation of the robot behavior. The contribution of the present work lies in
providing a basis for the choice of different facial features in different condi-
tions during a training scenario. In our future work, we will perform closed-loop
experiments involving implicit human-robot interaction based on multi-modal
social cues including the facial features obtained in this study. We will formulate
the problem as reinforcement learning and alter the robot’s behavior in order to
address human needs.
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