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ABSTRACT
Rehabilitation robotics aims at the development of robots
to support rehabilitation of lost functionalities. Stress mon-
itoring during the exercise can be useful to adapt the reha-
bilitation process to the patient needs to reduce frustration
and improve interest. In this work, we present a method for
the recognition of stress from biological signals, tested on
normal subjects in a robotic rehabilitation protocol for the
upper limbs. We show that it is possible to discriminate up
to five levels of stress, in which these subjects are inducted
by the robot, with an accuracy up to 88.06%. Thanks to
these results we can use this affective channel as a way to
augment the interaction between people and robots as well
as to give useful feedbacks to therapists.

Categories and Subject Descriptors
Workshop 3 [Robotic Helpers]: User Interaction, Inter-
faces and Companions in Assistive and Therapy Robotics

Keywords
Rehabilitation robotics, Affective computing, Stress recog-
nition

1. INTRODUCTION
Affective Computing is a growing area in which researchers

have demonstrated that machines can recognize human emo-
tions. An affective channel from a subject to a machine can
be created to get emotional feedbacks by analyzing biologi-
cal signals. In this work, we have focused our attention on
the recognition of the stress level of subjects interacting with
a rehabilitation robot. We have worked with voluntary sub-
jects that accepted to be induced into a specific stress level.
The learned model of stress will be validated in a next future
on real patients, upon the approval of ethical committee.
Rehabilitation robotics brings the technology of robots into
the medical field to help people in gaining control over parts

of their body that can no longer be controlled due to a dis-
ease or a traumatic event. This kind of activity, mainly
consisting in physical exercises, has always been done by
specialized therapists. As the number of patients increases,
the number of therapists should also increase and this is one
of the main reasons why robots are used: with robots, more
rehabilitation sessions can be done in parallel, monitored by
fewer, specialized therapists.
Nowadays, research in rehabilitation robotics focuses mainly
on the evaluation of a therapy by the analysis of informa-
tion about performance, as measured by the robot, and clas-
sical measures given by therapists such as the Fugl-Meyer
score [7]. The measure of user’s emotional state provides
additional information that can be merged with information
taken by the robot to get an exhaustive description of the
subject state and his/her engagement in the rehabilitation
task. Motivated by the fact that there is a strong relation-
ship between emotion and learning [15, 11], we assume that
the same holds also in rehabilitation processes. The analysis
of stress during such process is a step towards understanding
this relation.
In the next sections, we firstly introduce the state of the art
in affective computing and rehabilitation robotics. Then, we
present the experimental setting and methods used for the
emotion classification process. At the end, we discuss the
results of this work and draw some conclusions.

2. THE STATE OF THE ART
Affective computing can be described as “computing that

relates to, arises from, or deliberately influences emotions”
[13]. Motivated by the need of a better interaction between
people and computer, researchers have focused on the im-
plementation of parallel emotional channels in the commu-
nication process. Intelligence is usually considered as a pure
cognitive process. However, many scientists and psycholo-
gists have introduced the idea of a strong relation between
emotions and behavior [15, 11]. From this point of view,
emotion is a self–equilibrated process that arises from an ex-



ternal stimulus and generates a particular kind of behaviors
[14]. The understanding of emotion, as a part of human be-
havior, is a step toward the comprehension of human mind.
On this line, scientists have also proved a strong relationship
between emotions and learning. Picard [15] and Lisetti [11]
in their works have tried to give a global view of what can be
considered “the state of the art” in emotion understanding.
Two main conclusions can be derived from this: emotion
can influence how we perceive situations and also how we
behave.
Affective states of depression, anxiety and chronic anger
have been shown to affect the activity of the immune system,
slowing down healing and making people more vulnerable
to viral infections [8]. Analogously, we believe that different
emotional states may affect the success of the rehabilitation
process. In particular, it is possible that positive emotions
reduce the time needed to rehabilitate the lost functionality.
Affective computing has proposed methods for emotion recog-
nition since many years. These methods are not related to
rehabilitation, but they can be seen as general purpose meth-
ods for the recognition of emotions in different situations. In
one of the first works [5], the goal was to evaluate the ability
of discriminating frustration from the analysis of biological
signals. A subject was asked to perform a competitive task
with a computer; at a random time the computer simulated
a failure in response to the user action. The assumption
in doing this is that such a stimulus can increase the user
frustration. First, they built a classification system able to
label data by a rule that defined the ground truth. Then,
they tried a clustering method to find similarity among data.
Even if the results were not so good, the interesting element
was the ground truth assessment based on the generation
of system failures. On a similar basis, a group of different
works ([17], [16], [10]) have focused on 8-emotions discrimi-
nation problems by the use of guided imaginary: the subject
thinks of a picture or a person that can induce him to feel
the selected emotion and biological signals are collected and
labeled according to the chosen emotion. These works have
introduced a method that can achieve good performance in
emotion discrimination. The method defines how to extract
features from signals, select, project, and classify them.
Other interesting findings come from the automotive field.
Many works have been done for the recognition of stress or
workload while driving, from the analysis of biological sig-
nals [16], or from the analysis of speech [6]. In particular, [9]
reports about an interesting analysis of signals, and their re-
lation to emotions. It points out also the problem of devices
in affective computing: to enable a natural communication
of the emotions, we need devices that can be used easily by
subjects and that do not to affect the normal interaction.
The combination of robotics and affective computing leads
to an interesting field which we can refer to as Affective
Robotics. Rehabilitation, together with robotics, give us an
interesting framework in which emotion recognition can im-
prove the performance of the system.
Many works have been written on rehabilitation robotics
trying to demonstrate the goodness of a therapy supported
by a robot. From the medical point of view, the result of a
therapy is usually evaluated by a standard method based on
the Fugl-Meyer measure [7]. This kind of measure is given by
the therapist by patient observation before and after a ther-
apy. This measure is related to how much the patient can
control and move correctly the affected part. Experiments

with robots have introduced some new measures that can be
acquired by the new device. These are dynamical measures
that describe, as well as the Fugl-Meyer one, the quality of
movements done by subjects with respect to some standards.
For instance, if the movement should be straight, a measure
of goodness could be the sum of point to point distances
between the actual trajectory and the optimal straight line.
Since the patient is moving a robot, we can easily measure
several kinds of dynamical measures such as force, acceler-
ation, velocity and trajectory done on it. Examples of such
works are the ones done by Colombo et al. [1], [2] and [12].
In these works, they propose some measures of performance,
and relate them to the Fugl-Meyer score. They show that
as the performance increases (or, on the contrary, the error
decreases) the Fugl-Meyer score decreases as well.
Our work is going toward a direction that is new for rehabil-
itation, but seems to become much more accepted in other
fields: the establishment of the relationship between emo-
tions and behavior of people. For many years people have
focused on the evaluation of a subject behavior by the use
of cognitive elements. Each human-machine interface was
first developed with input devices such that an action done
on these interfaces would induce an action in the machine.
Humans are different and their reaction to inputs from the
machine is also related to their emotional state. Therefore a
description of the emotional state of people is important to
establish a good relationship between humans and machines.

3. RECOGNITION OF STRESS
The purpose of this work is to show that it is possible to

discriminate between five levels of stress that people can feel
when involved in a rehabilitation task. To do this we use a
2-DOF robot with linear joints that is able to move on a
rectangular space and it is similar to the one that Colombo
et al. used in their work ([1], [2] and [12]). The subject sits
on a chair in front of a desk on which the robot is placed.
The interaction between the robot and the user is medi-
ated by a handle in which a force sensor measures the ap-
plied force. Feedback of the robot is perceived by the hu-
man through the movement of the handle and a display that
shows the actual position of the robot and the target point
to reach. The affective interaction is realized by the use of
a biosignal data acquisition unit. This device is an ADC
converter that can be used to acquire different biological
signals with specific sensors. For our experiment we chose
Blood Volume Pressure (BV P ), Galvanic Skin Response
(GSR), Electro Cardiogram (ECG), Respiration (Resp),
Electro Myogram (EMG) and Temperature (T ).

3.1 Experimental Setting
The experimental setting is characterized by a subject

performing a rehabilitation task composed by alternating
phases of Work and Rest. During the Work phase the sub-
ject has to execute a sequence of movements pushing and
pulling the handle of a planar robot, from a starting posi-
tion to an end point. The subject can see the movement to
do by looking at a display which indicates three squares of
different colors. The yellow one represents the last end-point
reached, the green one represents the actual position in the
working area and the red one represents the next end-point
to reach; as a target is reached a new one is generated. In
Figure 2, we show a representation of the robot display.



Figure 1: Cognitive interaction between robot and
human by the use of handle and display. Affective
interaction is done by the use of biological signals to
get the emotional state

Figure 2: Representation of the robot display.

Each phase lasts one minute and each exercise can be com-
posed by 3 or 5 interleaved phases of Work and Rest. In
a normal situation the robot follows the movement of the
patient but, if no movement is done within a specific time
window, it brings the handle to the end-point to make the
user exercise the movement. A force sensor, placed in the
handle, measures the user force in the plane: fx, fy. In
the normal case the two motors of the robot are controlled
by setting a velocity proportional to the measured force:
vx = kx · fx, vy = ky · fy.
During the rehabilitation task the biological signals previ-
ously mentioned are collected by the data acquisition unit.
An extra signal has been used for synchronization; it is a
digital signal (0-5V) that is generated by an output device
controlled by the robot. This signal is also connected to the
acquisition unit and it is used to establish which part of the
data belong to Work or Rest. In Figure 1 the experimental
setup is presented.

3.2 Ground truth establishment
To evaluate the possibility of discriminating among many

stress levels, we have done our preliminary experiments on 6
not impaired subjects that have been induced into a specific
stress level by the use of the robot.
Establishing ground truth for emotional patterns is always
a non trivial problem that researchers have solved in differ-
ent ways. Actually, we cannot prove that we are measuring

a specific emotion, but we can prove that subjects induced
into a specific situation, assumed to correspond to an emo-
tional state, exhibit same physical patterns. The induction
of emotion can be done in different ways by making people
doing, hearing or watching something. The more the subject
feels the situations different, the more signals collected from
him/her will be different. The goal is to produce a situation
that makes the subject feel the expected emotion and that
can be verified by questionnaire or by an external observer.
In our experiments, the ground truth was established by in-
ducing noise into the robot control. Noise affects the result-
ing velocity by rotating it of a random angle θ ∼ WN(0, σ):»

vx

vy

–
=

»
cos(θ) −sin(θ)
sin(θ) cos(θ)

–
·
»
kx · fx

ky · fy

–
(1)

Noise is computed at each control cycle, which lasts 0.05
sec, to produce an unpredictable trajectory. In doing this,
we assume to induce a level of stress increasing with the
value of σ, which is the maximum angle of rotation that can
be applied. We decided to distinguish between 5 levels of
stress: no work (NW), work (W) with σ = 0, stress 1 (S1)
with σ = 15, stress 2 (S2) with σ = 30, stress 3 (S3) with
σ = {45, 60}.
Each rehabilitation task has a fixed value of σ so that signals
belonging to a Rest phase are assigned to class NW and
signals belonging to Work phase are assigned to a stress
level with respect to the value of σ. We have acquired a
total of 65 tasks for a total of 277 phases (or 277 minutes)
distributed among the 6 subjects.

3.3 Feature extraction
From each phase of one minute, we compute a single vec-

tor of features that represent a single record in our data set.
The basic set of signals is made up of 6 elements labeled
as: BV P , GSR, ECG, EMG, T and Resp (see above).
We computed also 7 derived signals from the basic ones:
heart rate (HR), respiration rate (RRate), rate at which
chest is expanding (inRate), rate at which chest is contract-
ing (outRate), systolic and diastolic pressure (respectively,
U,L), and D = U − L.
The heart rate is the time difference between two consecutive
peaks of ECG. A beat of the heart in the ECG is charac-
terized by different parts. The P wave is related to atrial
depolarization, the QRS complex corresponds to the depo-
larization of the ventricles, and the T wave represents the
re–polarization (or recovery) of the ventricles. The peak de-
tection is done by the use of ECG first differences choosing
time steps for which the value is under a specific thresh-
old. High negative values represent falling edges of heart
beat R part. In Figure 3, an example of peak detection is
represented. A sequence of impulses reppresenting distance
between beats is computed. Given two consecutive beats at
time t1 and t2 with t2 > t1, an impulse of weight (t2− t1) is
placed at time t1 and no other impulses are considered for
t1 < t < t2 (last plot of Figure 3). The next impulse will
be placed at time t2 taking into account the distance be-
tween the t2 beat and the next one. The heart rate is then
computed by interpolating two consecutive impulses with a
cubic line.
The respiration rate is the rate at which breaths are taken.
This is computed in a way similar to that used for the heart
rate. In this case, we look for stationary points of the Resp
signal for which (Resp(t + 1) − Resp(t)) = 0. We compute
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Figure 4: BVP, systolic and diastolic pressure

the first differences of the respiration signal, which gives us
information about when the chest is expanding and when
it is contracting. Each breath is separated by timesteps in
which the first difference goes from a negative value to a
positive value (end of contraction and begin of expansion).
A sequence of impulses is then computed by taking the time
difference between the beginning of two consecutive breaths:
the respiration rate (RRate) is obtained by the interpolation
of this sequence. For the rate of expansion (inRate) we use
the time difference between the beginning of the breath and
the end of expansion (first difference change from positive
to negative value). For the rate of contraction (outRate) we
use the time difference between the end of expansion and
the beginning of the new breath.
The systolic and diastolic pressures are defined respectively
as the upper or lower levels of BV P . The computation of
such levels is done by considering the first differences of the
signal for which BV P (t+ 1)−BV P (t) = 0 . Starting from
the first value of the first difference, we can label correctly
such points as minimum or maximum. The upper or lower
bound is then computed by interpolating two consecutive
maximum or minimum points with a cubic line. In Figure 4
we show an example of BVP signal with the derived signals
U and L.
From each signal x (basic and derived) we compute a set of

basic features, namely:

µx =
1

N

NX
t

x(t) (2)

σ2
x =

1

N − 1

NX
t

(x(t)− µx)2 (3)

fdx =
1

N − 1

NX
t=2

|(x(t)− x(t− 1)| (4)

sdx =
1

N − 1

NX
t=3

|(x(t)− x(t− 2)| (5)

fdnx =
fdx

σ2
x

(6)

sdnx =
sdx

σ2
x

(7)

Where fdx is the mean absolute value of the first difference
and sdx is the mean absolute value of second difference.
We compute also a set of signal specific features; HR was
first resampled at 2Hz and the trend of the signal was re-
moved. From the resulting signal we compute the power
spectral density (PSD) and sum the values into four bands:
lf = [0 − 0.04]Hz, mf = [0.04 − 0.15]Hz, hf = [0.15 −
0.4]Hz. The feature extracted are then LF , MF , HF as
the integral of PSD into lf , mf , hf respectively; the heart
rate variability ratio is obtained as:

HRVratio =
MF

HF
. (8)

Resp was also resampled at 2Hz and the trend was removed.
From the resulting signal the integral of PSD over four bands
was computed and the chosen band were [0− 0.1]Hz, [0.1−
0.2]Hz, [0.2− 0.3]Hz, [0.1− 0.4]Hz. Another feature called
dispersion (DispResp) is computed out of Resp integrating
the PSD and making a difference with a line that represents
a uniform distribution. The sum over this difference gives a
value that represents how much the PSD is spread over all
frequencies. RRate, inRate and outRate were resampled
at 2Hz and the trend was removed. From the resulting
signal the integral of PSD over four bands was computed
and the chosen bands were [0 − 0.05]Hz, [0.05 − 0.1]Hz,
[0.1− 0.2]Hz, [0.2− 0.3]Hz and [0.1− 0.4]Hz. In Figure 5,
we report many signals related to ECG and Resp from which
features are computed. The BVP signal is resampled at 4Hz
and the trend was removed. In this case we computed the
integral of PSD over the bands [0− 0.4]Hz, [0.4− 0.75]Hz,
[0.75−1.4]Hz, [1.4−2]Hz. D was resampled at 2Hz and the
trend was removed. The PSD was integrated over the bands
[0− 0.1]Hz, [0.1− 0.3]Hz, [0.3− 0.5]Hz and [0.5− 0.9]Hz.
U and L were both resampled at 2Hz and the trend was
removed. In this case, the PSD was integrated over the
bands [0− 0.2]Hz, [0.2− 0.4]Hz, [0.4− 0.65]Hz and [0.65−
1]Hz.
The GSR was first normalized in each phase (Work or Rest)
with

GSR =
GSR−min(GSR)

max(GSR)−min(GSR)
. (9)
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Figure 5: Signal Related to ECG and Resp. The
third graph shows together Resp, RRate, inRate
and OutRate.

Then, it was processed to discover the sequence of “startle
responses” defined as peaks of the GSR signal. The process
was done by filtering the signal, computing first differences,
filtering the result again and considering the time windows
in which the signal is over a threshold. Each time window
defined by this process is a startle response. From a single
startle response beginning at time t and ending at time t+k
we compute the duration as sD(t) = k and the magnitude
as sM (t) = GSR(t+k)−GSR(t). From the sequence of im-
pulses sD(t) and sM (t) representing the sequence of startle
responses into a phase of length N we compute three values:

SD =
1

N

NX
t=1

sD(t) (10)

SM =
1

N

NX
t=1

sM (t) (11)

SA = SM · SD (12)

SN =
1

N

NX
k=1

Θ(sM (t) > 0) (13)

where Θ(·) represents the Heaviside step function.

3.4 Feature normalization
Another prominent problem that arises in emotion recog-

nition and in many other pattern recognition situations is
the management of differences among subjects and within
the same subject, among temporally separated experiments.
We can refer to these two similar problems respectively as
spatial and temporal difference.
In Figure 6, there is an example of what happens to the
HRVratio feature when we consider different subjects. It
is possible to see that each subject has his own value that
changes according to the task he is doing with the robot.
The use of normalization technique improves the perfor-
mance of the classifier because each feature is less depen-
dent from the subject or from time. Using a normalization
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Figure 6: Spatial difference for HRVratio values of all
subjects. The bottom graph represent how sample
are distributed between subjects

technique is not straightforward since sometimes it is possi-
ble to lose information contained in the data. For instance,
if the information is coded in the variance, the normaliza-
tion wastes information because all the features will have
the same range of values. We use a normalization technique
for the Galvanic Skin Response since it is the most sensible
to temporal difference (see eq.9). The same technique was
presentend in different works, such as [9].
One of the contributions of our work is the proposal of a
new normalization technique that takes into account spatial
differences. By considering a single rehabilitation task we
can assume the Rest phase as a normal situation that does
not create stress. Indeed, the other phases can be viewed
as situations in which the stress level changes from to the
normal one. From this consideration, we decided to use the
values acquired from the Rest phase as scaling factor for the
others.
As an example consider the i-th feature xi among all the
phases of a rehabilitation session. Suppose the session is
composed of N working phases separated by (N − 1) rest
phases (remember that our experimental setting is charac-
terized by a sequence of alternating phases of Work and
Rest) for a total of (2 · N − 1) observations of the same

feature in the same task. Representing with x
(rj)

i the j-th
observation of the rest phase we can compute the normal-
ization factor as the mean of the feature values in the rest
phases:

Z =
1

N − 1

N−1X
j=1

x
(rj)

i (14)

We can then recompute the values of all the (2 · N − 1)
observations in the same task as:

xi =
xi

Z
(15)

In Figure 7, we present the normalized value of HRVratio

for all subjects. It is easy to see that the differences among
subjects are reduced with respect to the situation shown in
Figure 6.

4. FEATURE PROJECTION AND CLASSI-
FICATION METHODS

Feature projection is performed to reduce noise and in-
crease the correlation between data and labels. We selected
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as projection algorithm the Linear Discriminant Analysis
(LDA) or Fisher’s projection [4]. The objective of the algo-
rithm is to find a transformation matrix w that can project
data into a lower dimensional space in which classes are well
separated. Let consider a sequence X of N sample points
into a M -dimensional space; each sample point x belongs
to a class wi ∈ C. To obtain Fisher’s projection, we first
compute a within-class scatter matrix Sw as:

Sw =
X

wi∈C

X
x∈wi

(x− µi)(x− µi)
T (16)

where µi is the mean value of sample points that belong to
class wi. Then we compute a between-class scatter matrix

Sb =
X

wi∈C

Ni(µ− µi)(µ− µi)
T (17)

where Ni is the number of sample points in the class wi

and µ is the mean value of all sample points. The best
transformation matrix w that separates all the classes is the
one that maximizes

J(w) =
wTSww

wTSbw
. (18)

The maximum of J(w) solves equation S−1
w Sbw − λw = 0.

Indeed w is the set of the generalized eigenvectors of S−1
w Sb.

This method gives only (|C|−1) eigenvectors associated with
non-zero eigenvalues. The projected set is then y = wtx.
According to what we have stated before, we want to point
out that our objective is to demonstrate that it is possible to
discriminate between different levels of stress that people can
feel while they are involved in a rehabilitation task. Thus,
we seek for a relationship betwen data and assigned labels
without paying too much attention to which classification
system might be the best one.
As classification algorithm, we selected K-NN [3]. The goal
of the algorithm is to assign a class label to the unknown
sample according to the class of the majority of the points
around it (K is the number of neighbors we have to consider).
The concept of “near” sample can be defined in many ways
but the most used is the geometrical one: two samples are
near if their Euclidean distance is low. Indeed, we choose
the first K closer samples as neighbor and we assign to the
unknown sample the same class label as the one to which
most of the neighbors belong.
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We have a dataset of 277 elements and, since we want to
evaluate performance on new data, we chose the “leave one
out cross validation” technique [4].

5. RESULTS
Before going into the details of classifier performances it

is worth to notice how data are distributed into the feature
space after the projection is performed1. Figure 8 shows
a scatter plot of the projected data colored by class val-
ues. Classes are mapped into numbers according to this
schema: 0 is No Work, 1 is Work, 2 is Stress 1, 3 is Stress
2 and 4 is Stress 3. Values are then related to colors. It
is possible to see that three groups out of five are well sep-
arated in the obtained feature space. The first one on the
right represents the No Work class, the upper most one rep-
resents Stress 2 and the left most represents the Stress 3
category. On the contrary Work category and Stress 1 are
not so much divided and it seems that they form a unique
group. There is a big difference between the Rest phase and
all the “Work phases”. In the first situation, the subject is
doing nothing, while in the latter the subject is moving. As
a result, the heart rate increases, the respiration rate is also
higher, and all biological signals change. These patterns are
more prominent in higher stress classes, since in these situa-
tions the noise induced in the robot reaction is high enough
to make the task very difficult. Intermediate situations are
much more difficult to discriminate because each subject has
his/her own reaction to physical stimuli. The introduction
of normalization technique reduces these problems and this
gives the possibility to detect an intermediate level of stress
represented by the class Stress 2. In conclusion, the last two
classes are not so different and their discrimination is not
reliable. Merging together these two classes, we obtain a

1Resulting features, after projection, are linear combination
of original features. These features are ordered by decreasing
value of eigenvalues associated to the transformation matrix
(see section 4)
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Figure 9: Projected data with linear discriminant
analysis. The resulting features after projection are
ordered with respect the corresponding eigenvalue
of the transformation matrix. The last feature is
non rapresented. Colors are related to subjects

Table 1: Confusion matrix of 277-fold cross valida-
tion

NW(0) W(1) S1(2) S2(3) S3(4) ←Classified as

104 1 0 1 0 NW (0)
2 25 1 0 0 W (1)
1 2 30 7 1 S1 (2)
0 9 5 29 2 S2 (3)
1 2 4 3 56 S3 (4)

new group representing low level of stress in which subject
is doing something that he/she can afford to do.
In Figure 9 we present the same data showed in Figure 8,
but colors are now related to subjects. The graph shows
that the classes we have found are not related to subjects,
but are actually related to the emotional states we have con-
sidered. The performance of the K-NN (K = 11) algorithm
applied to the projected data is 88.09% of correct classifi-
cation. The confusion matrix is the presented in Table 1.
Classes are represented by numbers and labels. The results
for each class are represented in Table 2 and confirm what
we have seen from the graph of Figure 8. The class of No
Work is easy to discriminate because it is substantially dif-
ferent from the others. Among the “work classes”, Stress 3
is more easy to distinguish because the noise we have in-
troduced in this case is very high. The intermediate levels
of stress represented by classes Work, Stress 1 and Stress 2
have still high performance. The Stress 1 class has the low-
est performance because it is located on the same position
of Work. If we put together these classes we will have only
one group of samples, as previously underlined, with higher
performance of classification.

6. CONCLUSION
In this work we have presented a way to measure the stress

level during a rehabilitation process. We have proposed a
method to extract features from data and analyze them in

Table 2: Performance of the classifier related to each
class

Class TPR FPR Precision F-Measure

NW (0) 0.9811 0.0234 0.9630 0.971963
W (1) 0.8929 0.0201 0.8333 0.862069
S1 (2) 0.7317 0.0424 0.7500 0.740741
S2 (3) 0.8056 0.0456 0.7250 0.763158
S3 (4) 0.8485 0.0142 0.9492 0.896000

order to discriminate among five levels of stress. We have
shown that discriminating those classes is possible if we in-
troduce a good way for establishing the ground truth. The
hypothesis we used was almost verified: subjects can be in-
duced into a specific level of stress acting on a control vari-
able that is the noise used in the robot controller.
We can make some considerations about the quality of each
category. No work, Work, Stress 2 and Stress 3 are well
separated since data bring enough information to perform
the discrimination. Stress 1 and Work are actually sepa-
rated from the others, but they are very similar. In our
opinion, it is not a fault of the system, but it is a problem
of ground truth establishment. We have stated so far that
we have no labels representing the real situation, but we
have labels that we suppose to be related to emotions we
want to discriminate. We have also said that the more we
have separation, the more can detect that we have induced
the subject in a different situation. These results show that
the two situations of work and work with low noise are are
perceived as not so much different for the subject. We do
not have performend any kind of post-analysis with ques-
tionnaire to evaluate how much the hypothesis of the stress
level was correct with respect to what subject have really
feeled. This will be one of the future works. Indeed, we
can state that during the work phases we can distinguish
four levels of stress with an average performance of 88.09%.
We could also add more noise to introduce another class of
higher stress, but we have first to validate this model with
real patients trying to establish whether these stress levels
are significant also in these subjects and whether they are
enough to significantly adapt the behavior of the robot to
both the performance and the stress status.
The measure of stress as a part of subject emotional state
augments the power of human–robot interaction, no longer
only cognitive, but also emotional. We have seen so far that
emotion can influence the way people behave an so, “cap-
turing” emotions gives us more accurate information on the
real state of the subject. We can use such information to
adapt the behavior of the robot to interacting people. The
user is acting with the robot by the use of the handle used
to control it. Also the robot is affecting the user because
the noise it is producing increases his/her stress level. Two
control loops are going together. The first one is done by
the user that is moving the handle producing a movement
of the robot. The second one is done by the robot changing
the noise level and it is closed by the affective channel.
In our opinion, it is possible to use the emotional state for the
adaptation of therapy parameters that now are controlled by
doctors, helping them in the decision. For instance, if we can
control the difficulty of an exercise and we want to establish
when we have to switch to a higher level we can observe
the dynamical measure given by the robot; but saying that



patient is having good results is different from saying that
he is obtaining such results with a particular stress level.
Maybe, he can achieve good results with a lot of stress or,
on the contrary, good results without stress. Only the sec-
ond situation is to be preferred, to decide when to change
the difficulty of the exercise.
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