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Abstract: In this paper, serial elastic actuators (SEAs) in conjunction with an accelerometer are
proposed as force sensors to detect the intention of movement, and the SEA is proposed as a
gentle actuator of a patient’s upper-limb exoskeleton. A smooth trajectory is proposed to provide
comfortable performance. There is an offset trajectory between the link and the motor, which
increases safety by preventing sudden movements, and the offset is equivalent to the torsional
elastic spring constant. The proposed control law is based on a backstepping approach tested in
real-time experiments with robust results in a 2-DoF upper-limb rehabilitation exoskeleton. The
experimental results showed a sensitivity of 100% and a positive predictive value of 97.5% for
movement intention detection.

Keywords: movement intent; series elastic actuator; force sensor; exoskeleton

1. Introduction

Loss of mobility is a condition that renders a person unable to perform body move-
ments in a coordinated manner and without pain. Diverse factors can cause this condition,
for example, stroke, musculoskeletal disorders, neuromuscular disorders, or physical
trauma like broken bones or spinal cord injury. When motor functions are lost, the affected
individual becomes unable to perform daily living tasks such as walking, standing up,
eating, or even manipulating objects easily. This means that not only is the individual’s
independence affected, but their mental health is also altered. However, through reha-
bilitation therapy;, it is possible to recover mobility and functionality, which also leads to
restoring confidence in the individual.

Rehabilitation therapy is a medical treatment focused on recovering as much of
the motor capabilities of the affected individual as possible by using different methods,
including traditional methods (assisted exercises, massages, electrostimulation, etc.) as
well as modern treatments that may include the use of robotic devices such as exoskeletons,
which can improve the effectiveness of the therapy [1,2].

The objective of the exoskeleton is to aid the patient in performing repetitive movement
exercises that are focused on increasing muscular strength, improving coordination, and
relearning movement patterns. This means that the rehabilitation process involves a
complex human-robot interaction (HRI) since physical coupling is needed between the
exoskeleton and the patient’s limbs [3]. So, to ensure correct rehabilitation, it is essential
that the actions of the exoskeleton be coordinated and adapted to the user’s capabilities,
since unexpected behavior during the interaction can result in serious damage. In Ref. [4],
the authors claim that one way to improve the HRI is by using exoskeletons driven by
series elastic actuators (SEAs). The basic mechanical configuration of an SEA consists
of a spring coupled between the shaft of the motor and the link. This configuration
offers a wide range of advantages over rigid exoskeletons. The elastic element serves as a
compliant interface between the human and the exoskeleton, allowing better adaptation
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to the natural movements of the user and protecting them from sudden shocks while also
adding backdrivability properties, which, in exoskeletons, are useful, especially in force-
sensing applications. With this configuration, safety and comfort during the rehabilitation
process are ensured. Another way to increase the HRI is by incorporating a system capable
of detecting human motion intentions into the exoskeleton so that the exoskeleton will
offer assistance only when the patient requires it. This gives a better sense of control to the
patient over the exoskeleton.

The detection of voluntary motion intention involves the use of electronic devices
and algorithms to analyze biological and biomechanical signals related to the body motion
process [5-7]. At the brain level, the intention to move originates in the form of electrical
impulses in the motor cortex [8]. Brain-computer interfaces (BCls) can be used to analyze
the electrical signals related to the movement intention [9]. A common method to acquire
and analyze the brain’s electrical activity is electroencephalography (EEG) [10]. At the
muscle level, techniques to analyze electrical activity in the muscle fibers, like electromyog-
raphy (EMG), can be used to detect motion intention [11]. At the body level, small changes
in the movement state can be detected by encoders, inertial measurement units (IMUs), and
force sensors [12,13]; these changes can be used to identify the voluntary motion intention.
In the case of SEAs, the deformation of the spring can be exploited to detect the movement
intention. This can be achieved by measuring the angular difference between the rotor and
the spring [14,15].

In recent times, several researchers have developed human-robot interfaces to detect
human movement intentions. These interfaces enable the exoskeletons to adapt their
assistance dynamically to fulfill the requirements of each patient. For instance, Refs. [16-19]
used EEG to detect the motion intention signals generated by the user’s brain and convert
them into commands for the exoskeleton. In Refs. [20-22], EMG was utilized to develop
diverse control methods with the objective of assisting the user in the rehabilitation process
according to the patient’s movement intention. The main issue when using bioelectrical
signals to detect human motion intentions is that these signals are prone to noise and
are also hard to analyze [23]. In the specific case of EMG, these signals are susceptible to
changes due to muscle fatigue and electrode location. On the other hand, EEG requires high
concentration on the body movement task, which can be complicated in an uncontrolled
environment due to the presence of distractors.

Some researchers have used biomechanical signals to detect human motion intentions.
In Ref. [24], a human—machine interface for an upper-limb exoskeleton that integrates a
force sensor was developed; in another study [25], IMUs in conjunction with encoders
were used to detect the gait state and recognize the patient’s gait intentions; meanwhile,
in Refs. [26,27], IMUs and neural networks were employed for human motion intention
detection. Other prototypes take advantage of the mechanical properties of exoskeletons
driven by SEAs and include algorithms for movement intention detection based on signals
obtained through EMG or IMUs [28-31].

The accuracy of motion detection is an important characteristic to ensure a correct
HRI [32,33]. In Ref. [34], the authors used EEG signals to evaluate seven classifiers in
order to choose the best one to detect the movement intention of the arm. Experimental
tests were performed by six health subjects, obtaining a detection accuracy of 70%. In
Ref. [35], nine IMUs and a pressure sensor were used to measure the angles of human body
parts. Neural networks were employed for the detection of gait movement identification,
obtaining a recognition accuracy of 98.5%. The authors in [36] used an IMU to detect
foot contact and potentiometers to measure the angle of the left and right hip joints to
develop an online gait recognition algorithm based on a Fuzzy Inference System. The
algorithm was evaluated using three subjects, obtaining a recognition accuracy of 98%.
The motion detection algorithm proposed in [37] fuses EMG and accelerometer signals to
recognize the motion patterns of the lower limbs, showing that the fused feature-based
recognition algorithm can achieve 95% or higher accuracy than recognition with only EMG
or an accelerometer. In Ref. [38], the movement intention detection algorithm fuses data
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obtained from EMG and force sensors located in various muscles. The experimental results
showed an accuracy of 90% in detecting the movement intention. Finally, in Ref. [39], the
authors proposed a movement intention detection algorithm based on logistic regression
and multiple data fusion (force sensor, joint angle measurement, air pressure sensor, and
EMG,). This algorithm reached an accuracy of 98%.

The present study proposes a new method for the detection of human movement
intention by data fusion of the signal provided by SEAs in conjunction with an IMU.
The performance of the proposed detection method is analyzed through experimental
tests using an exoskeleton for the glenohumeral joint. The objective is to detect the human
intention of the movements related to flexion—extension, as well as the abduction-adduction
of the glenohumeral joint. The experimental results showed a sensitivity of 100% and a
positive predictive value of 97.5% for the movement intention detection.

The main contribution of this work is the proposition and implementation of a new
method to detect human movement intention that takes advantage of the mechanical
configuration of the series elastic actuator to operate as a force sensor. This approach is
capable of accurately detecting small changes in the angular positions of each joint, which
can be directly related to the movement intention.

The paper is organized as follows. Materials and methods are presented in Section 2,
including the mechanical description of the exoskeleton, its instrumentation, its dynamic
model, the design of its control, the motion intention detection algorithm, and the ex-
perimental protocol. The experimental results are presented in Section 3. Finally, the
conclusions are presented in Section 4.

2. Materials and Methods
2.1. Upper-Limb Rehabilitation Exoskeleton
2.1.1. Mechanical Design

This section provides a study on a glenohumeral joint rehabilitation exoskeleton,
which is a robot with rotational joints and two moving links with two degrees of freedom.
As shown in Figure 1, each rehabilitation exoskeleton joint corresponds to a specific human
shoulder movement: the first joint corresponds to the abduction-adduction movement,
while the second joint corresponds to the flexion—extension movement. The exoskeleton
design includes an adjustable structure, so that it can be used by adult patients of different
sizes, and it has mechanical stops to prevent hyperextension of the glenohumeral joint. The
exoskeleton was manufactured in 6061-T6 aluminum alloy using rapid prototyping.

Flexion-Extension

Abduction-Adduction “

Figure 1. Glenohumeral joint rehabilitation exoskeleton showing the two degrees of freedom that
allow the flexion—extension and abduction—adduction movements.
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2.1.2. Sensors and Actuators

In order to obtain a direct measurement of the patient’s intention to move a particular
joint, serial elastic actuators (SEAs) were added to each of the exoskeleton joints, as shown
in Figure 2. SEAs act as both actuators and force sensors, giving the patient a small range
of joint displacement to generate movements that can be interpreted as motion intention.

A

Torsional Bearing

Spring

Figure 2. Configuration scheme of the serial elastic actuator used in the two joints of the exoskeleton.

The elastic element of the SEAs is formed by a torsional spring located between the
power element, in this case a motor harmonic drive FHA-14C-100 (from HARMONIC
DRIVE), and the link to be moved, supported by a double row ball bearing, which prevents
the spring from suffering from unwanted deformations (Figure 2). The spring has a stiffness
of 138.65 Nm/rad and a symmetrical configuration which exerts the same torque both
clockwise and counterclockwise.

The reading of the angular positions of the motor (before the torsional spring) and
the link (after the torsional spring) is carried out through a coaxial configuration using
two AMT203-V (from CUI Devices) absolute rotary magnetic encoders, with a resolution of
12 bits.

Finally, a low-cost inertial measurement unit based on a MPU-6050 chip was included
at the distal end of the exoskeleton to obtain direct measurements of the angular velocity
of the joint and linear end-link accelerations. These inertial signals are acquired using a
6-DOF (three angular speeds and three linear accelerations) IMU GY-521 module connected
to PC target through an I2C communication interface.

The angular speeds for X, Y, and Z axes are given by a triaxial angular speed sensor
(gyroscope) with a sensitivity of up to 131 LSBs / dps and a full range of 250, 500,
£1000, and £2000 dps, while linear accelerations are given by a triaxial accelerometer with
a full scale programmable range of £2 g, £4 g, +8 g, and £16 g.

2.1.3. Dynamical Model of the Exoskeleton

Figure 3 shows the simplified free-body diagram of the exoskeleton shoulder. The
mass of each link is specified by m, for link 1 and m for link 2; I, and Iy represent the
distances from the center of mass of link 1 to the proximal articulation (origin); /; represents
the length of link 1 and I, corresponds to the distance from center of mass of link 2 to
its proximal articulation. The inertia of each link is denoted by I; and I,. k; and k; are
the elastic joint stiffness; J; and |, are the inertia of each of the rotors, respectively. The
angular positions of links 1 and 2 are denoted by g; and g , while 6; and 6; are the angular
positions of motors 1 and 2, respectively. The dynamical model expressed in compact form
obtained through the Euler-Lagrange approach is as follows.
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Figure 3. Schematic diagram of the exoskeleton’s shoulder with elastic joints.
M(q)§+C(q,9)q+8(q) + Klg — 0] — 7,(t) =0 O
J6+BO—Klg— 0] = T(t)
with
My = hy + by + Z%le + l§m1 + (Iy + Ly + Z%mz) sinz(qz)
M, =0
My =0
M22 = IZZ + lel%
1 . .
Ci1 = -5 sm(Zqz)(mzL% — Ly + Ioy)42
1 . .
Cio=—3 sin(2q2) (m2L3 — Iy + Iy )41
1 . .
Cy = 3 sin(2q) (maL3 — Iy + Doy )41
Gy = Ihgmy cos(qz) sin(qq) — Iygmy cos(q1)
Gy = Ihgmy cos(q1) sin(gz)
and

Ji © by 0 ki 0

I= [0 ]2]' = {0 bz]' = [0 kZ]
where g = [q1 q2]" represents the angular position vector of the exoskeleton links, and
their derivatives 4 and § € R? represent the vector of the velocity and acceleration of
the links, while 8 = [0 6,]" represents the angular position vector of the exoskeleton
motors, and § and 8 € R? represent the vector of the velocity and acceleration of the motors.
M(q) € R?**2 denotes the inertia matrix, C(q,4) € R>*? is the Coriolis and centripetal
force matrix, G(g) € R? corresponds to the vector of gravitational forces and torques, B is a
positive definite diagonal matrix and its values are the viscous friction parameters of each
motor B = diag(by,by), T4 (t) denotes the external movements of the user, and 7(t) € R?
represents the control input.

The first equation in (1) represents the dynamics of the robot links, while the second
equation is the dynamics of the actuators.

]T
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The dynamic parameters of the exoskeleton are shown in Table 1:

Table 1. Exoskeleton dynamic parameters.

Parameter Value Units

h 0.1284 m

I, 0.1176 m

Iex 0.1281 m

ley 0.1414 m

my 1.7611 Kg

My 0.2013 Kg

L 0.0123 Kg m?

Ly 0.0101 Kg m?

Iy 0.0103 Kg m?

I 0.21 Kg m?

I 0.21 Kg m?

by 0.015 Kgm?/s
by 0.015 Kgm?/s
g 9.81 m/s?

2.2. Control Strategy

The control law applied in this work is based on the model proposed by [38], which
adopts a backstepping methodology as follows: By rewriting (1), we obtain a cascaded form:

0 =K' (M(9)§+C(q,9)4+8(q) — () +q

.9 . (2)
6=\ (t—K(6—4q)— BO)
A virtual control law 87 € R? is proposed for 6 in the first equation of (2) as:
6° = g+ K~ [M(q)9 + C(q,4)0 +8(q) — T(t) — Kar] (3)
with
K4 > 0 € R?*? is diagonal and constant

v=4g"—A§
G=q-4" (4)
r=4-—v

A > 0 € R?? is diagonal and constant

Solving for 6 from the definition of & = 8 — 07, and substituting in the first equation
of (2), we have

K6 = M(q)i+C(q,4)r + Kyr (5)
with # = § — 9.
The following Lyapunov candidate function is proposed:
V= %rTM(q)r (6)

In order to study the stability of the system (5), the derivative of (6) along the trajecto-
ries of the system is calculated as follows:



Actuators 2023, 13, 284 7 of 15

V= 2 M(g)r + 7" M(g)i

= 2" M(q)r + 1" [KB — C(d,q)r K] )

= " [Kgr + K] + 2" [M(g) —2C (4, q)]r

where the matrix [M(q) — 2C(4,q9)] is skew-symmetric and implies that
rT[M(q) —2C(4,4)]r = 0. Then:

V =—+TK;r ++TKO (8)

If § = 0, then V < 0 and r tends to zero when  — co. Moreover, since r = § + A§ and
its transfer function H% is stable and minimum phase, it follows that § and § converge to
zero when t — 0.

The motor torque is calculated with the purpose of ensuring the global asymptotic
stability of the system. In this case, we considered 7 as the input of the second equation
of (2). To calculate the control law T, the time derivative of 0 is computed as 6=6-0°

and 6 = 6 — §7, and substituting the above into the second equation of (2), it follows that

0=] ' (t—BO+K(qg—0))— & )

The proposed control law is:

T =BO—K(q—0)+ J§° — JR16 — JR,B (10)

where Ry and R, € R?*? are positive diagonal matrices.
Then, introducing (10) into (9), we obtain:

0 =] "(BO—K(q—0)+]J8° — JR6— JRy0— BO+K(q —6)) — §°

" < S (11)
=71 (J8° — JRy6 — JR8) — 6
and therefore . .
6 =—Ri0—R,0 (12)
which is a linear second-order differential equation.
Choosing the following variable change:
X1 = é
2 (13)
Xy = 0

(12) can be rewritten in the form ¥ = Ax as follows:

X 0 I ][
o=l B &

where x = [il] , and recalling that 5, 5, and 6 € R?, it follows that
2
B 0 12><2 Axd
A= [Rz RJ e R (15)

It can be easily demonstrated that A is a Hurwitz matrix; therefore, (12) is globally

exponentially stable, and then 06— 0,5 — 0,5 — 0, and from (8), it follows that if r — 0,
then § — 0.
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07 is a variable that serves as the virtual control input of the first equation of (1), and
depends on the dynamics of the links and their desired path (¢9°*). In addition, this variable
compensates the exoskeleton gravity vector.

On the other hand, g9*° is the desired trajectory of the exoskeleton links. g%¢* remains
at zero until the user’s motion intention is detected, and then generates a single cycle of
motion in the joint that detected the movement intention.

The control parameters for the backstepping controller are shown in Table 2.

des

Table 2. Backstepping control parameters.

Parameter Value

K, diag (0.1, 0.1)
A diag (30, 100)
Ry diag (500, 500)
R, diag (25, 25)

2.3. Movement Intent Detection

In order to detect the human intention movement, data fusion is used by appropri-
ately combining the force sensed by the SEA (f ') and the derivative of the accelerometers
measurement signals («), where:

F= {g] — K(q - 0)

Xy Ax
t L‘y] B L'ly]

The force signal F is passed through a filter F;(s), while the derivative of the ac-
celerometer measurement signals « is passed through a filter F,(s). These filters were
designed as second-order lowpass filters, with a cut-off frequency of 10 Hz. In this way, the
movement intent signal (¢) is given as § = Fy(s)F + F(s)a. The complementary filters are
such that Fy(s) + F>(s) = 1, where Fy(s) = 13, while F,(s) = 1%

For x = 0, Fi(s) = 1 and F,(s) = 0, and the movement intent signal ¢ is equal to
the full force signal. On the other hand, for k = oo, F;(s) = 0 and F(s) = 1, the force
signal is completely suppressed, and the movement intent signal ¢ is only the derivative of
the accelerometer measurement signals. In practice, the filter parameter x = 0.5 has been
selected experimentally so that the amplitude of the motion intention signal is as large as

possible. Figure 4 shows the diagram of the complementary filter to obtain the movement
intent signal.

(16)

Force Sensor ; Movement Intent
er

W (D

Acelerometer

+
ler
Au
el %( -

Figure 4. Movement intent signal diagram.

2.4. Exoskeleton Motion Start Algorithm

Once the intention to move has been detected, the exoskeleton must be able to start
the rehabilitation routine corresponding to the movement that has been detected. The task
of the exoskeleton motion start algorithm is to decide when the patient wishes to move and
to start a rehabilitation routine depending on the input signals.
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The motion start algorithm consists, first of all, of a comparison of the movement intent
signal ¢ with a variable threshold ¢, to determine the start of the exoskeleton movement.
The variable threshold is given by an average of ¢ plus an offset; i.e.,

go = &+ goffset (17)

where the average of & (£) is obtained from the last 50 samples of &, while the offset ¢, £ fset
is obtained experimentally. For these experiments, the offset was set to 1.

As a result of the comparison of the movement intent signal ¢ with the variable
threshold &, the flag 7 is obtained. Once the flag is activated (¢ > ¢;), the trajectory control
stage begins. During this phase, the reading of the movement intention signal is ignored,
and the rehabilitation process is initiated. This process involves a movement routine where
the patient performs a flexion—extension or abduction-adduction cycle, depending on
the input signal. In this phase, the range of movement and duration can be modified
according to the capabilities of the patient. The adaptability of the movement routine
is crucial for a personalized rehabilitation. By adjusting the parameters of the trajectory,
the system can fit each patient’s unique progress and needs. For instance, in the early
stages of rehabilitation, when the patient’s muscles are still weak, the system will set a
lower amplitude and frequency to prevent overexertion and potential injury. As the patient
gradually builds strength and flexibility, these parameters can be increased progressively
to provide a more challenging workout that promotes further improvement. To assist the
patient in correctly executing the movement routine, trajectory control by the backstepping
approach, as defined in (10), is implemented.

Upon completion of the movement cycle, the rest stage commences. In this phase,
the exoskeleton returns to the rest position (g = 0) for a predefined time (t.s;). This stage
is designed to delay the reading of the movement intention signals, allowing the patient
to rest between rehabilitation cycles. It is important to note that the resting time can be
adjusted according to the needs of each patient. This rest period is essential for preventing
fatigue and allowing muscles to recover, thereby reducing the risk of strain or injury.

The rest time can be tailored based on the patient’s endurance and overall health,
minimizing risks. At the end of the rest stage, the algorithm resumes measuring movement
intention signals, awaiting the activation of the flag once again. This cyclical process of
activity and rest ensures a structured and effective rehabilitation regimen that adapts dy-
namically to the patient’s progress. Figure 5 shows the exoskeleton motion start algorithm
flow chart, which illustrates each of the stages previously explained.

Movement intention activation Rehabilitation phase Rest phase
A A A
' N\ N r Y
Yes i
Bead r‘povernent ,es Backsteppmg Doy Stop
intention signal Tracking trese Rehabilitation
'3 control

A

7'} lNo
n=0

Figure 5. Exoskeleton motion start algorithm flow chart.

Meanwhile, Figure 6 graphically depicts an example of how the exoskeleton motion
start algorithm process is carried out. Initially, the system waits for the activation of the flag
by reading the movement intention signal ¢, shown in blue. Once the threshold (& > &)
is surpassed, the backstepping trajectory control stage starts, with the desired and actual
trajectories shown in green and red, respectively. After the movement cycle is completed,
the rest stage begins, which in this case lasts t;.s; = 2 s. Finally, the system restarts the
process of detecting movement intention, waiting for the flag to be activated again.
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1.6 - - y -
Wait for Human : ‘Tracklng control : @ {Walt for Human
14 motion start | | & | motion start
! [
f N |
I 1 Threshold ¢
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(] | |
5 !
2 08 | L -
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E 1 1
< 06 | Movement intention signal
i = = = Actual trajectory
0.4 i Desired trajectory
| | |
i ! . |
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| | |
0 e 7 ™ v
0.1 L ! | [ 4
5 10 Time [sec] 15 20 25

Figure 6. Example of exoskeleton motion start algorithm.

2.5. Experimental Protocol

To test the efficiency of our approach, we conducted a concept test experiment with four
healthy voluntary subjects (4 males, 31/31/30/24 years old, height 164/166/168/168 cm,
weight 74/62/60/66 kg). The experimental procedures were approved by the Ethics and
Safety Committee for Research in Human Beings of the National Laboratory in Autonomous
Vehicles and Exoskeletons of the Center for Research and Advanced Studies of the National
Polytechnic Institute, CDMX, México. Participants signed an informed written consent
to participate in the study after being presented with the objectives of the study and
experimental protocol.

The experimental protocol consisted of two stages, a training stage and a movement
intent detection stage, which are detailed below:

* In the first stage, each of the subjects was asked to wear the glenohumeral joint re-
habilitation exoskeleton to perform a series of passive rehabilitation routines so they
could become familiar with the exercise. This stage helped determine the amplitude
and duration of the movements which were comfortable for each subject. The passive
rehabilitation routine consisted of 5 flexion—extension movements followed by 5 shoul-
der abduction-adduction movements, with a resting time of 5 s between each of them.
The final amplitude of the movements ranged from 0.6 to 0.9 rad for flexion-extension
and from 0.6 to 0.7 rad for abduction—adduction, while the duration of each movement
varied between 8.3 and 15.5 s.

e Later, in the second stage, the mode of the exoskeleton was changed to that of “move-
ment intent detection” (Figure 7). In this mode, the subjects were asked to try to
perform the same movements they performed in the previous stage. Although it was
suggested to the subjects to rest 5 s between each exercise, the subjects had complete
freedom to choose when to start each movement, as long as the rest was longer than
2s. This series of exercises was repeated twice. For each attempt, the movement
began from the natural anatomical position (the relaxed arms at the sides of the torso)
which was called the “initial position”; in case of detecting the movement intent, the
exoskeleton performs a movement cycle with the parameters captured in the training
stage and ends again in the initial position pending another attempt of movement by
the subject. Throughout this phase, subjects were asked to indicate the robot’s correct
or incorrect detections; that is, if the robot executed a rehabilitation routine, the subject
was asked to indicate whether or not he attempted to do so, or to indicate the case
in which the robot did not detect a movement that the user did attempt to make. In
order to reduce incorrect detections, before carrying out the two series of previously
mentioned exercises, a manual adjustment of the ¢, parameter was executed for each
participant through 3 offline detection tests. The {, parameter had an adjustment
range between 0.3 and 1.
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(@) Flexion—extension

Figure 7. Movement intent detection experimental tests.

3. Experimental Results
3.1. Movement Intent Detection Experimental Results

From the experiments performed, the data shown in Table 3 for flexion—extension
movements and in Table 4 for abduction—adduction movements were obtained, where
true positive (TP) indicates the number of cases that the test detected the subject’s motion
intention and the subject actually attempted to move. False positive (FP) indicates the
number of cases that the test detected an intent to move but that actually the subject did not
intend to move, and false negative (FN) indicates the number of cases that the test did not
detect the intention of movement of the subject but actually the subject intended to move.

Table 3. Movement intent detections for flexion—extension.

Threshold Real True False False
Subject  Amplitude Period Offset Attempts Positive = Positive  Negative
Soffset Pe o ap (FP) (EN)
1 0.9 rad 9.8s 0.3 10 10 1 0
2 0.8 rad 83s 1 10 10 0 0
3 0.8 rad 105 0.3 10 10 1 0
4 0.6 rad 10.5s 0.3 10 10 0 0
Total 40 40 2 0

Table 4. Movement intent detections for abduction—adduction.

Threshold Real True False False
Subject  Amplitude Period Offset Attempts Positive  Positive = Negative
Eoffset P (TP) (EP) (FN)
1 0.7 rad 12.8s 0.3 10 10 0 0
2 0.6 rad 103 s 0.7 10 10 0 0
3 0.7 rad 155s 0.3 10 10 0 0
4 0.6 rad 11.5s 0.3 10 10 0 0
Total 40 40 0 0

To analyze these data, the Sensitivity and Specificity Method was used, from which the
following indexes were obtained:

*  Sensitivity: The proportion of positive cases that are well detected by the experiment.
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TP 80 1
TP+FN 80 +0

Sensitivity = (18)

Positive predictive value (PPV): The proportion of truly positive cases among positive
cases detected by the experiment.

TP 80
T TP+FP 80+2

PPV = 0.975 (19)

3.2. Control Law Performance

Figure 8 shows graphically the signals obtained during a flexion-extension motion

detection experiment. The upper graph shows the desired trajectory, the actual trajectory,
and the motion intention signal, while the lower graph shows the control signal input
during the experiment. Figure 9 shows similar graphs, but for an abduction-adduction
motion detection experiment.

Figure 10 shows in detail the articular behavior of the robot for an abduction exercise

when the subject is opposed to tracking the trajectory.
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Figure 8. Trajectory tracking and control signal input for extension detection.
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Figure 9. Trajectory tracking and control signal input for abduction detection.
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Figure 10. Detail of trajectory tracking and control signal input for abduction exercise.

4. Conclusions

The experimental results presented in this work showed a good performance based
on the proposed backstepping control strategy even though the perturbations are not
considered in the stability analysis; robustness is proved in a real-time experiment. Stiffness
compliance between the human body and the exoskeleton is a priority issue, and the SEA
elastic element provided human comfort. The flexion-extension control allowed the human
to move in the desired trajectories. In the case of abduction-adduction trajectory tracking,
the weight of the links 1 and 2 were compensated for by the control law. This behavior was
observed in the experimental results without tradeoff between comfort and performance.

Following a smooth exoskeleton trajectory avoids sudden movements. If the user
tries to oppose the trajectory, the elastic joint acts to avoid a rude trajectory. The motor
actuator has a positive offset trajectory with respect to the exoskeleton link, this offset is
equivalent to g(g)/K. In the case when the user exerts enough effort not to follow the
desired trajectory, the exoskeleton link only reduces the offset due to the elastic actuator.
This offset could also be changed by K. When K is large enough the offset is almost zero,
which means a direct connection between the motor and the exoskeleton link. In the 14.5 s
(Figure 10) the user pushed up to avoid following the trajectory, which means the offset
trajectory was reduced but the link followed gently the desired trajectory.

From the data shown in Tables 3 and 4, and the results obtained from the sensitivity
analysis, it can be observed that our movement intent detection approach has a sensitivity of
100%, which means that all of the subjects” attempts to move have been detected correctly.
On the other hand, a positive predictive value of 97.5% can also be observed, which
indicates that 2.5% of cases detected as attempts to move but which were not actually real.
These cases can be attributed to small involuntary movements of the subject.

In contrast to other motion intention detection techniques, described in the introduc-
tion section, our approach has better sensitivity and the parameters are easier to adjust. On
the other hand, this proposed algorithm requires a passive training stage as well as a ¢
threshold adjustment for each subject to start the movement stage.
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