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ABSTRACT: Elderly people may lose the ability to walk normally as their muscles weaken, or it may
be difficult for them to maintain balance while walking. In addition to aging, nerve damage such as
stroke, trauma, infectious diseases, accidents, ... may cause loss of balance in walking and weakening
of muscles. Wearable robots are crucial for helping patients with lower limb diseases, particularly those
with trouble walking since their numbers are rising. These robots assist patients in walking, provide
comfort, and aid in recuperation. In this study, the fast model predictive control based on the Lasso
regression theory (Lasso- FMPC) and the extended Kalman filter (€ F) was used to make a novel
controller that helps the patient walk by adjusting the impedance so that, in addition to regular walking,
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the patient has to put out the most effort when walking. To evaluate the effectiveness of the proposed

method, first, using OpenSIM software, the required torque data was determined for healthy, disabled,
and sick people. Then, using these obtained data, the model fitting parameters were determined. In the

Lasso Regression

Fast Model Predictive Control (
FMPC)

Lasso - FMPC

end, experiments including a healthy person and a modular lower limb exoskeleton were performed. The
findings show that the proposed method successfully estimates the patient’s torque and correctly adjusts

the robot’s assistance level to the user’s behavior, thereby maximizing his activity during treatment.

Robot-Assisted Rehabilitation

1- Introduction

As the number of older people in the world grows at rates
that have never been seen before, neuromuscular diseases
related to getting older are becoming more common worldwide
[1]. Now, more people want rehabilitation services than those
who can get them, and the trend suggests that this difference
may get more prominent in the future [2,3]. Assistive robotic
devices could be one way to close the gap between the
demand for and the supply of rehabilitation services [4].
Several robotic rehabilitation tools are presently available,
and many more are under development. The most popular
commercial robotic rehabilitation technologies for upper limb
rehabilitation are sling-suspension-type [5], exoskeletons
[6], and end-effector devices [7]. On the other hand, robotic
exoskeletons treat specific joints while preventing dangerous
or unhelpful compensatory movements that can happen when
recovering with end-effector devices. Robotic physiotherapy
has two operating modes: passive and active, depending on
the degree of the patient’s movement impairment [8]. Also,
this treatment helps the patient’s paralyzed arm avoid muscle
atrophy, keep or improve its range of motion, get stronger,
have less tone, and improve its ability to change [9,10].

Researchers have developed and deployed control
techniques to address the control issues in rehabilitation. Most
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of the time, they deal with conventional methods like position
and force control, two extreme examples of impedance
control, computed torque control [11], sliding mode control
[12, 13], MPC [14], robust adaptive control [15], fuzzy
control [16], and neural network [18]. In addition, force
control only works in confined places. The robot may need
to initially be brought into touch with the environment using
position control mode if it does not establish first contact with
it. The force control mode can then be 27 turned on following
that. However, moving between control modes is likely to
cause inconsistent behavior. When the appropriate time to
change the control mode is different from the appropriate
time for a real environmental change, these unstable reactions
may result. Impedance control (IC), which is excellent for
dynamic systems with uncertain or time-varying properties,
was utilized to make systems more compliant and safer to
use when people were engaged, as was adaptive control
(AC ) , which was used for upper-limb rehabilitation robotic
devices [19,20]. These two authors combined ZC and AC
methodologies to create adaptive impedance control (AIC )
systems. However, the AC method was based on inverse
dynamics, which required acceleration measurement and
reversibility of the anticipated inertia matrix. Measuring
acceleration could be preferable because signals can be
somewhat noisy. Implementing these control strategies is
difficult since the computed inertia matrix’s reversibility is
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only sometimes attained.

The construction and management of a knee exoskeleton
powered by a specialized rotating series eclastic actuator
(SEA) were covered in [24]. To ensure safe contact with the
patient, impedance control is used to enable the orthosis to
change impedance during the gait phases. The development
of AZC methods for robot-assisted rehabilitation can benefit
from this property. An AZC -based need-assistance system
for ankle rehabilitation is proposed in [26]. The torque and
kinematics data of the robot are used to assess the dynamic
contribution of the patient during movement. The stiffness
parameter of the impedance controller is next proposed to
be calculated using two robot auxiliary control algorithms
(complementary and optimum). This paper’s evaluation of
the suggested need-assistance solutions was expanded and
published in [27, 28, 29]. So, a controller should be developed
to offer the aid or changes required to accomplish educational
tasks of rehabilitation by the patient’s functional capacity.
Corrective or assistance controllers are those that include
these features.

Impedance control is frequently used to help patients
during robot-assisted rehabilitation training activities,
according to robot-assisted training with the feature of
need-assistance [30]. Clinical investigations on stroke
patients revealed that impedance control-based rehabilitation
robots are more effective than robot-assisted therapy that
only mimics conventional therapy at lowering upper limb
muscular strength and enhancing patients’ motor function
[31, 32]. The patient’s spatial flexibility is constrained despite
the impedance control approach, allowing the patient’s arm
to stray from the training route. When patients veer from
the intended course, assistance from the robot is constantly
offered as a restorative force to assist them. Therefore, to
maximize patient freedom, researchers have created an
impedance-based demand-assistance technique that may be
broadly split into two categories: strip-type controllers and
window-type controllers. The patient’s arm is free to roam
around thanks to the window-type controller’s predefined
route and the moveable window. When the patient’s arm is
positioned outside the moving window, the robot’s auxiliary
force corrects the patient’s arm toward the moving window
[33, 34]. Another sort of band-type controller is based on a
fault-tolerant region (]-‘TR) , which establishes the inner and
outer limits of FTR to produce a fault-tolerant band that
permits patient movement. The window-type assist controller
restricts the patient’s spatial flexibility, whereas the strip-type
assist controller grants the patient entire freedom and lets him
pick his course without the robot’s help. The patient’s arm
is completely free to move when it is in F7R , but when it
deviates from FTR , the robot applies an auxiliary force to
assist the patient’s arm in completing the rehabilitation training
job. Additionally, research has been done to find ways to give
patients more independence. To expand the patient’s spatial
flexibility, in [35] first created a rope-based exoskeleton
rehabilitation robot and then included a fault-tolerant zone
surrounding the planned trajectory. The possibility of adding
a plane channel around the predefined path based on a two-
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link rehabilitation robot was validated in [36]. The tape-type
assistive controller has shown effective results in clinical
studies, but it has a tendency - or “slackness”- that causes
the patient to rely excessively on the helpful force [37]. The
robot will not offer aid or correction as long as the patient’s
arm is within F7R , significantly reducing the patient’s
active engagement. The F7R may be given a velocity curve
to add, which causes a simulated movement in the F7TR .
The controller produces a moving wall to force the patient’s
arm to move with the virtual motion to complete the training
job and prevent laxity when the patient’s arm is immobile or
moving too slowly in F7TR .

The patient’s effort during the rehabilitation process forms
the foundation of the proposed AC systems. The torques and
forces generated by the patient, as well as the stiffness and
damping values of the patient’s joints, can be used to quantify
effort. It becomes apparent that it is necessary to evaluate the
patient’s torque and stiffness/damping characteristics when he
interacts with active orthoses and exoskeletons. Torque given
from the orthosis or other information sources, such as force
sensors like a multi-axial load cell, can be used to estimate
patient torque either directly or indirectly. This second
approach has the major benefit of not utilizing force sensors,
which lowers the overall cost of the device. [38] presents two
methods for calculating interaction forces in robotic effectors.
The first one combines a recursive estimating approach built
on the least squares method with filtered dynamic equations.
A generalized moment-based disturbance observer is part
of the latter. Both techniques do away with the necessity to
invert the inertial matrix and measure acceleration. The major
objective of the best robot-assisted rehabilitation systems is
to reduce the cost function associated with the rehabilitation
aim and the patient-robot interaction [39]. According to
[40], the interaction between a patient and a robot during a
rehabilitation process is comparable to the interaction between
a student and a teacher during a lesson. In this instance, the
instructor (the robot) makes just a small attempt to reduce the
student’s (the patient’s) mistake. The patient should exert the
majority of the effort.

Even though MPC offers several benefits over traditional
controllers, with this control, the desired performance may
be stated as a single cost function that any user can quickly
modify. Additionally, the reduction of the cost function in
M®PC control formulation guarantees both the tracking
error and the smoothness of orthosis behavior. The wearer’s
comfort may be significantly and favorably impacted by
this smoothness. The tracking error also demonstrates the
controller’s capacity to maintain a desired trajectory while
accounting for external disturbances and uncertainties.
Due to its conceptual simplicity and capability to handle
complicated systems with numerous inputs, outputs, and
rigid control requirements with ease, M'PC has gained
widespread acceptance in academia and industry [41-43].
Real-time M'PC frameworks have been suggested in recent
years [44-46] as a result of the work of researchers, and they
have been used as control strategies in robotic applications,
such as lower-limb, humanoids [47], mobile robots [48],
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and exoskeleton robots [49]. Additionally, robust tube-based
MPC techniques have been created and presented for use
with additional applications to deal with model uncertainties
and outside disturbances [50]. By using this method, a
control problem is transformed into a quadratic programming
problem that may be resolved using several techniques,
including gradient-based optimization [51], and neural
networks [52]. The M'PC, which is regarded as a successful
approach for resolving the latency issue, has been researched
for need-assistance rehabilitation in the past. Using a delta
robot and nonlinear M'PC, in [53] are optimized trainee skill
level, motor learning, and training task completion for an
upper body rehabilitation virtual task. Although this method
shows promise for neuro-rehabilitation, it does not directly
take into account joint behavior in humans. To control a
simulated upper limb rehabilitation robot in the presence of
disturbances, researchers investigated the use of M'PC. Task
accuracy increased, but the method failed to separate human
effort from external disruption [54]. By taking into account
an upper-limb exoskeleton model and employing muscle
activity for human joint torque estimation, in [55] utilized
MPC for a 1-DOF upper limb rehabilitation task.

According to the literature review, the following open
challenges still exist in the control of rehabilitation robots:

1) Most of the upper limb remote rehabilitation methods
published in the literature are related to end-effector robots,
which cannot ensure consistent and safe performance in each
joint from the point of view of control systems.

2) In the literature, the interaction of the robot with
the environment is not considered, or this interaction is
considered with a constant force.

3) Failure to investigate the best enhancement of the
therapist’s skills with the robot.

4) Not predicting the torque created by the patient and not
considering its effect on the robot torque.

5) The discussion of allocation of control has not been
considered in any of the previous references.

Therefore, the contribution and the advantages of the
proposed approach are summarized below:

1) The proposed approach satisfies the property of control
allocation. That is, in this method, optimization is done in
such a way that if the control force does not have much effect
in one direction, it can be zero.

2) The proposed approach has faster calculations than
other forecasting methods.

3) In the proposed approach, the EXF is used to estimate
the torque of the patient, and with this estimated torque, the
torque of the robot is optimized.

4) The main advantage of this work compared to other
works is the use of OpenSim software to generate movement
data for healthy and patient people and use it in simulation.

5) Accurate and fast performance of this method compared
to other traditional M'PC methods.

However, using robotic exoskeletons allows therapy to be
conducted at the joint level because the human arm is coupled
to the robot at various points. Most upper limb remote
rehabilitation procedures published in the literature are for

end-effector robots. In this paper, we employ torque feedback
on several linkages to execute a targeted joint treatment and
ensure compliant and secure performance at each joint from
the standpoint of control systems. Safety and the capacity
to react to human torque inputs with smooth and natural
motion are of utmost importance when working with humans
in the loop. The patient’s torque is taken from OpenSim, an
open-source software program for biomechanical modeling,
simulation, and analysis, to improve the implementation
of these algorithms. This study’s primary contribution is
to propose a fast model predictive control based on Lasso
regression (Lasso-FM PC) using the extended Kalman filter
EKF. The proposed controller assists the patient in walking
by adjusting the impedance. In addition to regular walking,
the patient has to exert the most effort while walking, and the
system receives reasonable control allocation. The simulation
results show the incredible effectiveness of the proposed
control in robot-assisted rehabilitation.

This study’s six sections are about a new control technique
for robot-assisted rehabilitation. Following the introduction,
the second section covers the system dynamic model of the
rehabilitation robot. The third section discusses the Patient’s
torque observer with the EXF. The controller and suggested
Lasso-FMPC architecture is addressed in Section IV.
Section V examines the simulation data to determine how
effectively the suggested technique functions. The work’s
summation and expression are the focus of the final section.

2- System Dynamic Model

As just the swing phase is taken into account in this study,
a 3-DOF planar vertical exoskeleton is assumed, and the
model is shown as follows [21]:

M(q)q+C(q.9)d +G(q)=7,+7,, (1)

where g e R’ is the joint angular position vector,
g € R’ is the joint angular velocity vector, ¢ € R’ is the
joint angular acceleration vector, M (g) € R™ is the inertia
matrix calculated from the geometry of the manipulator,
C(g,4) R is the matrix containing the Coriolis effect
and Centrifugal torques, G () € R’ is the vector of gravity
term, 7, € R? is the exoskeleton torque vector, T is the
patient torque vector.

Due to control and designing the observer, the model
state-space is expressed as (2).

0 I 0 0
X,=[0 -M7C MG |x, +| M|z, +7,,)
oo 0 0
] ! 7 2)
0
x,=|6
1
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(b)

Fig. 1. (a) During the swing phase, a schematic illustration of the user-exoskeleton model is shown. ,
and are the center of mass locations, length, joint angle, and mass of the i-th link, respectively [22], (b)
A view of the schematic in OpenSim.

where, A p and B g are the state matrix and input matrix,
respectively.

Fig. 1 depicts a schematic illustration of the patient-
exoskeleton model. The ankle and hip joints are denoted by
the subscripts A and H, respectively.

According to Figure 1. a, the following assumptions are
also considered in this study:

1- The center of mass of each link is assumed to be exactly
in the middle of the link.

2- The mass of links is completely different.

3- The moment of inertia of the third link (ankle) is
assumed to be very small.
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3- Patient’s Torque Observer with EXF

The EKF used for estimating the patient’s torque
is discussed in this section. The generalized momenta,
abbreviated p , is the definition of the filtered variable. This
study’s nonlinear model is provided by:

p=f(p)+w 3
z=h(p)+v
here
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f(0)=7,+C"(¢.4)4 -G (q)

) 4)
h(p)=p =M (q)4

where W and v are white Gaussian noise with a mean
of 0, the selection of the process variance matrices and
measurement noises was based on the tuning recommendations
made in [22]. Each time the EKF is used, a time-varying
gain L, is generated. Therefore, the patient moments may
be approximated as follows:

(k)= L, (k) p(k)
futiy =17 (FOZTED ®

in which Af is the sample time, p(k)=H (q(k))j(k),
and p (k) is the expected generalized momenta. Using EXF
for patient torque estimation, an examination of disturbance
observer-based techniques was reported in [23].

4- Lasso — FMPC for Optimal Impedance

With the M'PC, the starting state is the system’s state at
each sampling moment, and the control action is decided by
solving an optimal control problem based on a finite horizon
model. Even though the optimization process makes a control
sequence with a finite number of steps, the plant only gets the
first control action [16,17]. [18] says that the best way to do
rehabilitation is for the patient and the robot to work together
as a teacher and a student.

A teacher (the robot) and a student (the patient) are two
agents that work together to do the same thing. The goal of
walking rehab is to reduce the error § =¢g“ —¢ for a given
expected trajectory qd or to make the person walk in a way
that looks like what is wanted. While the student (the patient)
is being guided or told to follow the trajectory, the teacher
(the robot) works as little as possible, limiting its torque (7,
) and increasing the student’s torque ( 7, ).

4- 1- Model Predictor
The actuators torque, 7,, is specified as follows to
implement the Lasso FMPC :

7, =K, (¢'~q)-B,4 (©)

where K and B, are the robot controller’s damping
and stiffness settings. Since it is presumed that impedance-
controlled series elastic actuators move exoskeleton joints,
they are characterized in this way.

The development of the system over a finite horizon
may be predicted by numerical integration using (6), the
patient-exoskeleton dynamics model, (1), the patient torques
calculated in the preceding section, and the joint beginning

locations and velocities (specified as the present ones). The
fourth-order Runge-Kutta algorithm is applied in this article.

4- 2- Objective Function

Applied torque, 7, , and the tracking error, g = qd -q,
should be included in the objective function to be minimized.
Therefore, this case is also considered in the following
definition.

Definition 1. : Lasso ~-FMPC

The model predictive control problem based on the Lasso
regression theory is expressed as follows:

V;<q~)=minra{VN(ci,ra)eF(ciN){c(qy,@ )}

j:

. (7
St.:
7, €U, ¢4,€X, j=0,.,N-1
with
f(qj°fw)zquqf+T;RTq +HSTaj . (®)

: T
W]th Ta = |:2'T e TT

g wy, |» and S is a constant matrix.
0 and R are positive definite weighted matrices. The Lasso
—-FMPC executes the first action of the optimum policy,
7,(k)=1, , at the current state, § = (k ), at each iteration
k. This action is determined by the online solution of (7),
(8). The obtained implicit control law is also considered as
K@=z, [24].

The main purpose of using Lasso regression theory
in MPC is to take advantage of the main features of this
regression, such as control allocation, feature selection,
filtering, and application to systems with fast dynamics and
machine learning. This makes the lasso method very useful
and efficient, especially for systems that are too active and
need to allocate control and adjust simultaneously. The
characteristics of this regression and other regressions and
their comparison are fully explained in [25].

4- 3- Optimization Problem

The gradient descent optimization approach has been used
in this study to minimize the cost function J(K (k) Given
that the cost function’s (triangle down J (K (k))) negative
gradient tends to move in the direction of its lowest values,
the approach is based on iterative optimization.

K, (k —1), the previous optimal value, is the initial value
of K, for the optimization process. Since instant & contains
only one optimization update, the value of K (k) is given by:

K, (k)=K, (k-1)-nVJ (K, (k)) )

where 77 is the step size of the optimization.
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Table 1. Model fitting parameters

Dhipo -6.9 Wyip -10.85
bup | 27 o, | s14rad/
ey | 942 || e, -3.79
bie, | 261 || @pee | 10.09 mc% o
Apze | -35.18 Y| Pane, 58.1
Bosie, | 1298 || @pe | 5.08 mt% o

5- Simulation Results

As previously stated, since the human arm is connected
to the robot at numerous locations, adopting robotic
exoskeletons enables therapy to be carried out at the joint
level. The majority of published material on upper limb
remote rehabilitation techniques uses end-effector robots. To
conduct a targeted joint treatment and guarantee compliant
and secure performance at each joint from the perspective
of control systems, we use torque feedback on multiple
linkages in this research. When dealing with humans in
the loop, safety and the ability to respond to human torque
inputs with fluid and natural motion are of the utmost
significance. To enhance the execution of these algorithms,
the patient’s torque is collected from OpenSim, an open-
source tool for biomechanical modeling, simulation, and
analysis. To determine patient torques in OpenSim software,
it is necessary to select a function with a known oscillation
frequency. The oscillation frequency of this model, which
is believed to be its most significant characteristic, is used
to replicate the patient torque using a sinusoidal function.
As a result, OpenSim software was used to acquire torque
data for a typical, healthy human stride, and by fitting the
f t)=a,+a,cos(wt)+b,sin(wt) function to the data in Fig.
2, the values in Table 1 were obtained.

To wvalidate the controller introduced in the previous
sections, in this section, we will simulate the dynamic
model with the Lasso . FMPC controller introduced for
impedance control. For simulation, all sections are discrete
at 200 Hz, and the parameters in Table 2 are used to simulate
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Table 2. Model dynamic parameter

m, 7.2Kg L | 04410m

m, 3.3480Kg L, 0.4428 m

m, | 10.0440Kg L, | 0.0702m

J] 0.4668Kg m 2 LlCaM 0.2205 m
J, | 02188Kg.m> | Ly | 0.2214m
Jy | 0.0017Kg.m> | Lic | 0.0351m

the system. The following values are used for system noise
I', and measurement noise I", for the observer.

I, =diag([0.001,0.001,0.001,0.001,0.001,0.001])
I, = diag([0.05,0.05,0.05,0.05,0.05,0.05, (10)
0.03,0.03,0.03,0.01,0.01,0.01])

and objective function parameters selected as follows:

0 =1500" diag([8,4,3])

. (11)
R =0.001" diag([0.2,0.7,1])

In order to check the performance of the proposed
controller, the data of a healthy human walking path was
needed. for this purpose, using the program OpenSim, we
generated the required trajectory of healthy human standard
gait data. Then we used these data to test the proposed
controller to determine the movement of the patient by
the robot. The simulation results for the output of the path
traversed by the patient with the help of the robot are shown
in Figure 3. As can be seen, the proposed method performs
well in following the desired state.

The EKF observer, seen in Figure 4 of the earlier torque
estimate findings, was utilized to get the patient torque
estimation employed in the LFMPC controller. The
oscillation frequency measured at each joint in the preceding
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- Hip Joint Position (LMPC Method)
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Fig. 3. The patient’s trajectory with a robot versus with the standard gait (using £LFM PC method).
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Fig. 4. The estimation of patient torque using EXF.
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Actuator Torques (LMPC Method)

100

— THip
50 Tknee
)
| A LA
~~ 0 . = A 7 > Ve
: VvV \]v
£
& -50F
-100 [
-150 1 I I I |

15 2 25 3

time (s)

(a) The result for optimization with fmincon function of MATLAB.

Actuator Torques (LMPC Method)

150

100

7 (N.m)
>

-100

A \W A W W/\n

-150 : :

1.5 2 25 3

time (s)

(b) The result for optimization with gradient method.

Fig. 5. The control effort signal for actuator torques (using £LFMAM method).

section is utilized to simulate.

The ideal control efforts have been optimized using
two different techniques. The first is the gradient approach
suggested in the controller section, and the second is
the LFMPC controller optimization problem using the
MATLAB fmincon function.

Figure 5 displays the outcomes of the actuators’
produced torques (control signal). While using fmincon
decreases torques, the quality of the intended trajectory is
also diminished. The adoption of the gradient approach is
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justified by the fact that it is 20 times quicker and has a lower
computing cost than other optimization techniques.

In order to evaluate and compare the performance of the
proposed method, the classic MPC method was similarly
used for simulation (this work was done in [22], with the
difference that the motion data of the healthy person was not
used and only a smooth trajectory was assumed to move).
The simulation results are shown in Figure 6. As you can
see, the robot could not move the patient in the trajectory
of healthy human behavior, and the error is high. But in the
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Fig. 6. The patient’s trajectory with a robot versus with the standard gait (using M'PC method).
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Fig. 8. update with gradient method.

proposed method (Figure 3), the robot has been able to follow
the movement trajectory of a healthy human.

Also, to compare the two methods in terms of control
efforts, the control efforts with the classical M'PC method
are also shown in Figure 7. By comparing this result with the
control efforts of the proposed method (Figure 5), it can be
seen that there is control allocation in the proposed method
and a control force is always almost zero.

Figure 8 displays proportional gain values for each stage
of the gradient approach as determined by the Lasso . FMPC
controller.

6- Conclusion

This study is a component of continuing work to create
individualized and adaptable controllers for robot-assisted
rehabilitation. In this study, an online Lasso - FMPC
method based on the assessment of patient torque is used
to determine the ideal stiffness parameters for exoskeleton
impedance control. The EKXF method and the generalized
momenta-based disturbance observer are used to calculate
the patient’s torque during the swing phase. To assess the
effectiveness of the suggested control strategy, experiments
were carried out involving a healthy subject and a modular
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lower limb exoskeleton. The findings demonstrate that the
suggested method successfully estimates the patient’s torque
and correctly adjusts the level of robot assistance to the user’s
behavior, thereby maximizing his or her activity during
therapy. Future research will involve a patient-based clinical
study to determine whether the suggested approach can be
a valuable tool for enhancing neuronal plasticity following
stroke and thereby enhancing motor rehabilitation.
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