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ABSTRACT

Adolescent idiopathic scoliosis (AIS) is a sideway curvature of the spinal column combined with a vertebral rotation that usually
occurs in adolescents without any known causes. Bracing, the most common conservative treatment of AIS, has not fully exploited
the benefits of the active control approaches powered by artificial intelligence (AI), although AI has entered a wide range of
applications. The correction forces exerted by the brace are controlled passively by regulating the tightness of the brace's strap.
Besides, training the learning-based control methods using a virtual model is of high importance in the AIS brace treatment, since
training using trial and error on human subjects may result in unexpected pressure and injuries on the patient's torso. However,
digital twin (DT) modeling, an emerging technology, has not been implemented into the AIS brace treatment yet. In this paper,
reinforcement learning-based position-based impedance control (RLPIC) is proposed to enable a robotic brace to learn the desired
physical interaction between the robotic brace and the human torso. A five-dimensional (5D) three-layer DT is also developed to be
used for training the RLPIC in a simulated environment. The 5D three-layer DT consists of a physical system, a three-layer digital
model of the physical system, including the robotic brace, human torso, and the physical human-robot interaction (HRI), a
bidirectional connection between them, and an optimization dimension. A neural network-based regression model is also proposed
to estimate the unknown parameters of the digital model. Numerical simulations and real-time experiments are performed to
validate the 5D three-layer DT model. The proposed RLPIC trained using the 5D three-layer DT is verified using numerical
simulations in terms of position tracking, velocity tracking, and HRI control. It is concluded that the proposed learning-based
interaction control approach can improve the HRI control by learning the desired interaction in a simulated environment.

Abbreviations: 3D, three dimensional; 5D, five dimensional; 5D three-layer DT, five-dimensional three-layer digital twin; Al, artificial intelligence; AIS, adolescent idiopathic scoliosis; DOF, degrees
of freedom; DS, digital system; DT, digital twin; HRI, human-robot interaction; IC, impedance control; IDC, inverse dynamic control; IIOT, industrial internet of things; MB, multi body; MB-FE,
multi body-finite element; MRAIC, model reference adaptive impedance control; NN, neural network; NPIC, novel position-based impedance control; P2V, physical to virtual; PIC, position-based
impedance control; PPO, proximal policy optimization; PS, physical system; RL, reinforcement learning; RLPIC, reinforcement learning-based position-based impedance control; RMSE, root mean
square error; SGP, Stewart-Gough platform; V2P, virtual to physical; VPIC, variable position-based impedance control.
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1 | Introduction

Adolescent idiopathic scoliosis (AIS) is an abnormal curvature
with three-dimensional (3D) deformation of the human spine
that occurs in adolescents without any known reason. Bracing,
as the most common nonsurgical treatment, is prescribed to
halt or mitigate curvature progression and avoid surgery. Three
common types of braces, including full-time rigid, night-time
rigid, and soft braces, have been developed to date [1-7]. One of
the most important challenges in the AIS brace treatment is to
fit the brace on the patient's trunk and adjust the in-brace
correction pressure, which has a direct impact on the brace's
effectiveness. The brace is currently adjusted passively by
regulating the tightness of the brace's strap using follow-up and
X-ray checks with trial and error on the patient. Although only
a few robotic braces that use typical motion control and force
control strategies, for example, PID, have been developed
[8-11], the advantages of active closed-loop control methods
have not been fully exploited in the AIS brace treatment yet.
Impedance control (IC) has been widely implemented in robotic
rehabilitation [12-16], but IC has not been implemented into
the AIS brace treatment yet. The IC is a better solution than
typical motion or force control for human-robot interaction
(HRI) control, where the robot has direct contact with the
human subject as the environment, because it regulates the
dynamic relationship between motion and interaction force to
provide smooth physical HRI in contrast to typical motion
control and force control strategies that control only motion and
force independently. In our previous works [17, 18], a robotic
brace was developed, and novel IC strategies were proposed
to control the biomechanical interaction in the AIS brace
treatment. However, the major issue with the typical IC is how
to define the desired impedance parameters. What is the desired
impedance model for the AIS brace treatment?

On the other hand, reinforcement learning (RL) is a widely
studied topic in learning and control communities. The concept
of RL policy, that is, taking the states of the environment
(observations) and generating actions to perform a task in an
optimal manner, is similar to the role of a controller in a control
system. In RL, the first step is to determine the environment,
which can be a simulated environment or the physical one. The
environment in RL includes the plant, for example, the robot, its
surrounding workplace, for example, the human body, and any
other elements outside the RL agent. The observations for the RL
agent are defined using sensory measurements. The action vari-
ables can be the control input, for example, the actuator torques.
The action can also be any other variables, for example, the ref-
erence position that is used as the desired input to the low-level
controller. The next step is to define the reward function. Since
the RL algorithm is trying to take the best actions for performing
the task in an optimal manner by maximizing the reward func-
tion, the reward function should be defined such that it will be
increased if the task is performing well, and the desired goal is
approaching. After that, a policy should be chosen to enable
the agent to map the observations into the optimal actions by
maximizing the reward function. Finally, a training algorithm
is defined to train the policy and find the optimal solutions.
Sutton and Barto [19] presented a good introduction to RL, and
the specific RL problems in robotics were described [20-22].
Chatzilygeroudis et al. [23] presented recent advancements in RL,

with a focus on data-efficient algorithms, and deep learning
advanced solutions for RL problems were reviewed by
Arulkumaran et al. [24]. In brief, RL is an interesting topic for
control engineers because a typical control problem is mapped to
an RL problem without any need for concerns about designing
the control law and tuning the controller gains. Since there is no
research work concerning learning-based active control in the AIS
brace treatment, the RL-based IC is an open research topic for
interaction control of the AIS brace treatment so that the robotic
brace can learn the desired impedance parameters required
to provide the desired physical HRI for the AIS brace treatment.
The RL agent learns from the observations obtained from trial
and error by applying good or bad actions to the environment.
However, in the AIS brace treatment, training the RL agent using
trial and error on a human subject may cause serious challenges,
e.g., injuries in the human torso and new spinal deformities
because of the wrong actions that the RL agent might take.
Besides, the long-time process and harmful radiation exposure
due to repeated radiographic examinations are the other dis-
advantages of trial and error with human subjects. Therefore,
computational modeling can be adopted to develop a simulated
environment for training the RL agent without trial and error on
human subjects. However, the output of the computational model
might be different from its physical counterpart because of the
model uncertainty. Therefore, the significant issue to be ad-
dressed is how to improve the computational model and increase
the model's reliability to mirror the biomechanical behavior of the
AIS brace treatment. On the other hand, digital twin (DT) is an
emerging technology that entered our lives in the field of pro-
duction and engineering, and it is also going to lead to a revo-
lution in healthcare [25]. A DT is a digital replica of a physical
system (PS) that is updated using data from the PS and allows
simulation and prediction of the state of the system in a virtual
environment. The concept of DT was first implemented in the
NASA Apollo 13 program in the 1960s [26, 27]. The first docu-
mented definition of DT was provided by Michael Grieves in his
presentation in the context of product life cycle management in
2003 and later in a white paper [28]. A comprehensive classifi-
cation of the research articles in the field of DT was presented in a
recently published two-part review paper [29, 30]. It is indicated
that the DT has been implemented in different application
domains, including manufacturing, mechanics, civil, structure,
aerospace, energy, and healthcare. Although the review paper
[29] shows a leading role of manufacturing in the DT field,
healthcare has the least number of published papers in DT. An
automatic gait data control system for fully actuated lower limb
exoskeleton digital twining was proposed by improving the inte-
gration of DT with the medical rehabilitation field and analyzing
the patient's gait data through a simulation experiment [31]. A
robot-assisted telerehabilitation system with integrated industrial
internet of things (IIOT) and DT was developed for post-stroke
patients with upper limb dysfunction [32]. Although some at-
tempts were made to develop DT in robotic rehabilitation, there
are no research articles focusing on creating a DT for the AIS
brace treatment. Therefore, developing a DT of the AIS brace
treatment will overcome the above-mentioned limitations and it
can be used for training the RL agent in a virtual environment.

In brief, various DT models, including 3D and 5D, have been
proposed in the past decade [28, 29, 33]. Grieves [28] proposed
a 3D DT composed of a PS, a digital system (DS), and the
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connections between them. A 5D DT that consists of PS, DS, a
service component, DT data, and connections was proposed by
Tao et al. [33]. A new 5D DT of a lithium-ion cell composed of
PS, DS, physical to virtual (P2V), virtual to physical (V2P), and
optimization was proposed in the two-part review paper [29, 30]
and this is adopted to develop a 5D three-layer DT of the AIS
brace treatment in this paper. Besides, a RL-based position-
based impedance control (RLPIC) algorithm is proposed for
active closed-loop interaction control of the AIS brace treat-
ment. The RL agent is trained using the 5D three-layer DT. The
P2V data flow is established by estimating the unknown
parameters of the 5D three-layer DT using a Neural Network
(NN)-based regressor according to the data set collected from
real-time experiments. Using the NN-based regression model,
the time needed for manually tuning the contact parameters is
reduced. Furthermore, to establish a V2P data flow, the desired
impedance parameters for a given desired displacement are
predicted using the RLPIC trained by the 5D three-layer DT.
The RLPIC can improve the safety and compliance of the
patient by learning the desired HRI for AIS treatment in the
simulated environment (DT). The developed DT can also
potentially improve the brace adjustment process without trial
and error on the human subject. Note that, in this paper, the
real-time experiments refer to the practical tests that are per-
formed on the PS. Figure 1 presents the main contribution of
this paper.

The rest of the paper is organized as follows: The 5D three-layer
DT is created in Section 2. The proposed RLPIC algorithm is

(A)

formulated in Section 3. Section 4 presents the numerical simu-
lations and real-time experiments. Section 5 concludes the paper.

2 | 5D Three-Layer DT of the AIS Brace
Treatment

A DT of a PS mimics the behavior of its physical counterpart in a
virtual environment. In this paper, the DT technology is exploited
to improve and optimize the brace treatment of AIS by modeling
and predicting its biomechanical behavior in advance. First, an
overview of our preliminary works [17, 18] on the modeling of the
AIS brace treatment is explained in Section 2.1. Second, the 5D
three-layer DT model of the AIS brace treatment is presented in
Section 2.2. It consists of five dimensions, including the PS, its
three-layer digital model, P2V data flow, V2P data flow, and
optimization. The physical model consists of the robotic brace
developed in our previous work [17], the human torso, and the
physical HRI. The three-layer digital model is created by adding
the solid body model of the human torso to the multi body (MB)
model of the robotic brace and modeling the HRI as a
mass-spring-damper system. To develop a P2V data flow, the
unknown parameters of the HRI model are identified by training
anNN-based regressor using data sets from real-time experiments.
The identified values of the unknown parameters are optimized to
develop the fifth dimension. The V2P data flow is established by
training the RLPIC algorithm proposed in Section 3 using the 5D
three-layer DT to predict the desired impedance model required
for AIS treatment. The NN-based regression model used for
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FIGURE 1 | The main contribution of this paper: (A) Five-dimensional (5D) three-layer digital twin (DT) model. (B) Reinforcement learning-
based position-based impedance control (RLPIC) for the AIS brace treatment trained using the 5D three-layer DT.
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identifying the unknown parameters of the digital model is finally
presented in Section 2.3.

2.1 | Preliminaries

An overview of our preliminary works [17, 18] in the field of the
AIS brace treatment modeling is presented in this subsection.
A robotic brace was developed using a 3D scan of a scoliosis
patient [17]. It consists of three Stewart-Gough platforms (SGPs)
and 18 degrees of freedom (DOF). The analytical model of each
SGP of the robotic brace was independently derived using
the Lagrangian formulation [17]. Besides, a multi body-finite
element (MB-FE) Simscape model along with an analytical
model of the robotic brace were developed [18]. The analytical
model of the robotic brace was developed by deriving the
dynamics model of three SGPs as a single unit.

2.2 | The DT Model

The 5D three-layer DT model of the AIS brace treatment, shown
in Figure 2, is presented. It consists of five dimensions, and each

(A)

dimension is highlighted with orange in Figure 2A. The PS, as
the first dimension of the 5D three-layer DT model, consists of
the robotic brace [17], the patient's trunk, and the physical HRI
between them. The robotic brace has one fixed ring placed
around the hip and three moving rings that have direct contact
with the ribs connected to vertebrae T4, T7, and T11.

The second dimension is the three-layer digital model of the PS,
shown in Figure 2A. Three layers of the digital model include (a)
the MB model of the robotic brace, (b) the solid body model of the
human torso, and (c) HRI modeling. The MB model of the robotic
brace developed based on its SolidWorks model [18] is added to the
solid body model of the human torso, and the physical interaction
between the moving rings of the MB model and the solid body
model of the torso is defined as a virtual mass-spring-damper
system using the “Spatial Contact Force” block from Simscape
Multibody Library. It models the physical contact between a pair of
3D geometries and uses a built-in penalty method to compute the
normal and friction forces. The implementation detail of the three-
layer digital model is presented in Section 4.1.

The third, fourth, and fifth dimensions of the 5D three-layer DT
model, shown in Figure 2A, are P2V data flow, optimization,
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FIGURE 2 | Five-dimensional (5D) three-layer digital twin (DT): (A) Five dimensions and three layers of the DT are shown. (B) The third and

fourth dimensions of the DT are presented in detail.
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and V2P data flow, respectively. These three dimensions are
established to twin the three-layer digital model with its phys-
ical counterpart by establishing bidirectional data flow (P2V,
V2P) between the PS and the digital model and optimizing the
unknown parameters of the digital model. P2V data flow is a
connection from the PS to the digital model in which the data
from PS are used to update the state of the digital model [29].
To establish the P2V data flow (third dimension), real-time
experiments are conducted and the unknown parameters of
the HRI model, including stiffness and damping, are estimated
using an NN-based regression model and the experimental data.
Numerical simulations using the three-layer digital model
indicate that the magnitude of the output interaction force
varies on changing the unknown parameters of the “Spatial
Contact Force” block. The unknown parameters of the “Spatial
Contact Force” block must be chosen such that the output
interaction force of the three-layer digital model fits the output
interaction force of the PS. Therefore, real-time experiments are
carried out and the interaction force-motion data are collected.
The interaction force-motion data set is used to identify the
unknown parameters of the HRI model using the NN-based
regression model, which is described in detail in Section 2.3.

In the fourth dimension, the estimated parameters are optimized
using the ‘Parameter Estimator’ App from the Simulink Design
Optimization Toolbox. The P2V data flow is a connection
between the digital model and PS, in which the digital model is
used to predict the state of the PS [29]. The RLPIC algorithm
is trained using the three-layer digital model. The trained RLPIC
is then utilized to predict the desired impedance model required
for HRI control of the PS and establish the V2P data flow. In other
words, the RLPIC algorithm trained using the digital model acts
as a predictor to create data flow from DS to PS. In addition,
the trained RLPIC algorithm can be implemented in the PS to
provide the desired impedance model for HRI control. The details
of the V2P data flow are presented in Sections 3 and 4.2.

2.3 | Parameter Identification

To identify the unknown parameters of the digital model, the
NN-based regression model is explained in detail, as shown in
Figure 2B. The linear mass-spring-damper model of the HRI is
defined as follows:

my + ¢y + ky = Fo, @)

where m, ¢, and k denote the torso mass, virtual damping, and
virtual stiffness of the physical HRI model, respectively. y and
Fey also represent the displacement of the torso and the inter-
action force along the y-direction, respectively. Note that the
y-direction is defined along the intersection line of the coronal
and transverse planes with the positive direction to the right
side of the coronal plane seen from the front view. Besides,
y and j indicate the velocity and acceleration of the torso at the
interaction point, respectively. The x-direction is also defined
along the intersection line of the sagittal and transverse planes
with the positive direction to the front side of the sagittal plane
seen from the front view, and the z-axis is perpendicular to both
x- and y-axes with the positive direction to the top of the torso.
In addition, the origin of the reference frame is located at the

center of the fixed ring. The torso mass m is also assumed to be
40kg according to the torso mass of a typical human subject.
Note that the formulation is written for only one DOF and the
same procedure can be implemented for the other DOFs as
well. The main goal is to identify the virtual stiffness and
damping parameters of the HRI model k and c (the stiffness and
damping parameters of the “Spatial Contact Force” block) using
the interaction force 7, and torso's displacement y measure-
ments collected from the real-time experiments. For this pur-
pose, Equation (1) is discretized and rewritten as follows:

ay(ND+by(j—D=Fp-—my(j—2),a=m+c+kx*d,b

= -2m — ¢,

2

where j and dt denote the time step and the sampling time,
respectively. To identify the unknown parameters k and c, the
parameters a and b should be estimated first. The regression
method can be used to estimate the parameters a and b using
real-time measurements. Since an NN with one hidden layer
can act as a regression model, an NN-based regression model is
designed to estimate the parameters a and b, as shown in Fig-
ure 2B. The output of the NN-based regression model is com-
puted as follows:

ReLU (w1 + wy + .. + W)Y () + Wyi1 + Wy

+ o+ W)y (G — 1)) (3)
= Ey - my(] - 2)

The activation function of the NN-based regression model is
assumed to be ReLU. The size of the hidden layer is considered
n. wy to w, and wy4; to w,, denote the weights of the
NN-based regression model, respectively. Comparison of
Equations (2) and (3) shows that a = w; + w, + ... + w,, and
b =wn41 + Wnip + ... + Wy, The NN is trained using real-time
measurements and the weights, and parameters a and b
are obtained. Finally, the unknown parameters k and ¢ are
computed by replacing a and b into Equation (2).

The estimated k and ¢ are then considered as an initial guess and
they are optimized using the “Parameter Estimator” App from the
Simulink Design Optimization Toolbox, such that the interaction
force obtained from DT and the PS for a given displacement fit
each other and the DT is validated. The details of the third and
fourth dimensions are shown on the right-hand side of Figure 2B.

It should be mentioned that the 5D-three-layer DT model is
patient-specific, meaning that it can be personalized for any
individual patient. Three layers of the DT model can be per-
sonalized for each individual patient. The MB model of the
robotic brace can be personalized by performing a 3D surface
scan of a new scoliosis patient and updating the CAD model of
the robotic brace by designing and adding new rings to the
inner part of the current moving rings such that the outer part
of the new rings fits the surface of the new patient's torso. Then,
the solid body model of the torso can be personalized using the
new 3D surface scan of the new patient. Finally, the same
procedure as that described in Sections 2.2 and 2.3 is utilized to
identify the unknown parameters of the HRI model according
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to the data set collected from real-time experiments on the new
patient. Hereby, the DT model is personalized for each indi-
vidual patient.

3 | The Proposed RLPIC Algorithm

First, an overview of our previous works [17, 18] on the HRI
control of the AIS brace treatment is presented. Two novel
controllers from the IC family, including model reference
adaptive impedance control (MRAIC) [17] and novel position-
based impedance control (NPIC) [18], were proposed. In
MRAIC, an adaptive law was designed to regulate the imped-
ance parameters such that the actual impedance model follows
the reference impedance model. In NPIC, the actual impedance
parameters are estimated using interaction force-motion mea-
surements and the impedance parameters' errors were then
used to regulate the measured interaction force, which is the
primary input of the PIC, such that the desired impedance
model is achieved.

In this section, an RLPIC algorithm is proposed to improve the
performance of the typical PIC in terms of pose tracking,
velocity tracking, and HRI control. The schematic diagram of
the RLPIC is shown in Figure 3. First, the typical PIC algorithm
is described. In PIC, the virtual pose of the robot X, is computed
using the desired impedance model and the measured interac-
tion force. An internal motion control loop is then utilized to
provide the virtual pose so that the desired pose is achieved in
the presence of the physical HRI. The desired impedance model
is considered as follows:

M,é + Cyzé + Kge = F, 4)

where My, Cy4, and Ky are 18 X 18 diagonal matrices and denote
the desired mass, damping, and stiffness parameters, respec-
tively. Note that the desired impedance parameters of each DOF
are defined independently and the correlations between the
impedance parameters of different DOFs are assumed to be zero
[34]. This is why the desired impedance matrices My, Cq4, and
K, have a diagonal form with the size 0of 18 X 18. e =X, — X,
é, and € are 18 X 1 vectors representing the pose error, velocity
error, and acceleration error, respectively. X4 and X denote
the 18 X 1 desired pose and actual pose vectors of the robotic
brace, respectively. The actual pose of the robotic brace
is defined as X = [X{T 01,7 X%T 057 X7 037]T, where

Xi=[x y» zl%i=1,2,3 denote the position vector of the
ith moving ring with respect to the world frame. Besides,
Oy = 6;[5xi Sy 5], i = 1,2, 3 represents the orientation of the
ith moving ring expressed in the screw representation form with
respect to the world frame. It should also be mentioned that the
x-, ¥-, and z-directions are defined along the normal vector to
the coronal, sagittal, and transverse planes, respectively. Note that
the 18 X 1 interaction force vector F, includes both contact forces
and contact torques. The virtual pose of the robotic brace X,
required to achieve the desired pose Xy in the presence of the
measured interaction force 7, is computed by rewriting Equation
(4) as follows:

MyX, + CiX, + KgX, = MgXq + C4Xq + KqXq4 — F, (5)

where X; and X, represent the desired velocity and accelera-
tion of the robotic brace. X, and X, also denote the virtual
velocity and acceleration of the robotic brace, respectively.
The inverse dynamic control (IDC) is then utilized for the pose
control of the robotic brace, while the virtual pose X, is applied
as a reference input to the IDC. Therefore, the control law of the
IDC is formulated as follows:

F=M®X, + KaX, - X) + K,(X, - X))+ CX + G + F,,
(6)

where K}, and Ky are 18 X 18 diagonal matrices and denote the
proportional and derivative gains of the IDC. M, C, and G
denote the 18 X 18 mass matrix, the 18 X 18 Coriolis and the
centrifugal matrix, and the 18 X 1 gravity vector of the robotic
brace, respectively [17, 18]. X represents the actual velocity of
the robotic brace and F is also an 18 X 1 vector representing the
projection of the actuator forces 7 in the task space.

The main issue in implementing IC into the AIS brace treat-
ment lies in finding a way to determine the desired impedance
parameters. In other words, finding the desired impedance
parameters required for providing the desired HRI for the AIS
brace treatment is challenging. Although there is no research
article focusing on implementing IC into the AIS brace treat-
ment, the importance of the in-brace correction pressure/force
(interaction force F,) has been widely studied in the literature
[35-38]. In the AIS brace treatment, it is crucial for orthotists to
know how much interaction force 7, is exerted on the patient's
torso by the brace, because the interaction force 7, has a direct
impact on the AIS curvature correction and the effectiveness of

Actuator force T

Position-based
impedance

o
Virtual pose X,

Inverse Dynamic Control )
(IDC)-Eq. (6)

—TL
U J

control-Eq. (5)
Desired
pose X4

Actual pose X

Environment

Proximal Policy Optimization

ontrol input F

Actor
Desired stiffness L Actual Ppse X,
KELPIC and desired % — = velocity X, and
damping CKLPIC Critic [H—— ewarc- interaction force
¢ skt Egs. (7)-(10) 7,
FIGURE 3 | Schematic diagram of the reinforcement learning-based position-based impedance control (RLPIC).
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the AIS brace treatment. The interaction force 7, reported by the
above-mentioned in vivo studies has an extensive range, and it is
still unclear [35-38]. On the other hand, the impedance param-
eters directly impact the interaction force 7, and motion vari-
ables. This is why determining the desired impedance
parameters required for providing the desired interaction force
F. and motion for the AIS brace treatment is challenging. In this
section, an RL-based approach is proposed to predict the desired
impedance parameters of the PIC (Ky and My) according to the
interaction force and motion measurements. For this purpose,
the environment, actions, observations, the reward function, the
RL algorithm, and the architecture of the NN used for training
the RL algorithm are defined. The robotic brace, human torso,
and the PIC approach presented in Equations (4)-(6) are
assumed to be the environment for the RL agent, as shown in
Figure 3. Note that the 5D three-layer DT is used to train the RL
agent because the RL agent learns from both good and bad ac-
tions and training the RL algorithm using the human subject
may cause unexpected motion/forces and consequently injuries
on the patient's torso. Therefore, instead of using the PS as the
environment, the 5D three-layer DT along with the PIC is
assumed to be the environment for the RL agent. The desired
stiffness Kg and damping Cy are chosen as the action variables to
allow the RL agent to control the physical HRI. Predicting the
desired impedance parameters by the RL agent while following
the desired pose will allow the robot to provide the desired HRI.
The observation space consists of the robot's pose X, desired pose
X, velocity X, desired velocity Xy, and the interaction force 7.

The design of the reward function plays a vital role in learning a
task using an RL agent. The main goal of the reward function is
to quantify the goodness of a selected action, and it is used for
updating the current policy to take the best action in the next
time step. Design of the reward function depends on the type of
the task and it should be defined such that the robot gets rewards
to incentivize such a behavior. In this paper, the reward function
is defined such that the robotic brace follows the desired trajec-
tory Xy, keeps tracking a reference velocity in the task space X,
and avoids exerting a large interaction force on the patient's
torso. The reward function r is defined as follows: [39]

r=wyr, + WrFy + wyn, (7)

where 1y, 1y, and 1, are 18 X 1 column vectors denoting the pose
reward, the interaction force reward, and the velocity reward in 18
DOFs, respectively. The weights wy,, wy, and w,, are 1 X 18 row

vectors representing the weights of the pose, the interaction force,
and velocity rewards in 18 DOFs, respectively. The weights are
tuned manually according to the importance of the corresponding
reward. The reward terms for i DOF are defined as follows:

1p (D) = exp (—[cp(Xa (i) — X D)), ®
1y (i) = exp(—[cp(Femax(D) — (), ©
1 (D) = exp (=[en(Xa () — X (D)), (10)

where ¢, ¢, and c,; denote the error coefficients of the
corresponding reward term. F,max represents the upper
boundary for the interaction force to ensure safe physical HRI.
The error coefficients should be chosen such that each error has
reasonable sensitivity [39].

The proximal policy optimization (PPO) algorithm is chosen as
the RL algorithm [40, 41]. It is based on an actor—critic struc-
ture, combined with the trust region method. The architecture
of the actor's NN consists of two fully connected layers of 256
neurons with ReLU as the activation function, followed by a
fully connected layer with a size of one neuron and tanh as the
activation function, which is in parallel with one fully con-
nected layer with one neuron. The architecture of the NN for
the critic in the PPO algorithm consists of two fully connected
layers with 256 neurons. The activation function for each layer
is ReLU. A third fully connected layer is also used to map the
output of the previous layer into proper dimensions.

4 | Numerical Simulations and Experimental
Results

In Section 4.1, the 5D three-layer DT is validated through
numerical simulations and real-time experiments. The proposed
RLPIC is trained and verified using the 5D three-layer DT in
Section 4.2. The workflow of this section is shown in Figure 4.
First, real-time experiments are conducted, and the interaction
force-displacement measurements are collected. The same dis-
placement is then applied as the primary input to the 5D three-
layer DT. The NN regression model proposed in Section 2.3 is
trained using data collected from real-time experiments and the
unknown parameters of the “Spatial Contact Force® block are es-
timated. The estimated unknown parameters are finally optimized

[ Numerical simulations and experiments ]

Training Neural

Real-time
experiment

regressor

Network (NN)-based

Verification by comparing

Stiffness and damping of the ‘Spatial
Contact Force’ block in the DT model
Y

l Validation }~ [0

— - ptimization
Optimized stiffness

and damping k, ¢

FIGURE 4 | Numerical simulations and experiments.

RLPIC with PIC:
1. Position tracking,
2. Velocity tracking,
3. Human-Robot
Interaction (HRI) control

Train RLPIC
using the 5D
three-layer DT
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using the “Parameter Estimator” App from the Simulink Design
Optimization Toolbox such that the output interaction force
obtained from numerical simulations fits the interaction force
collected through real-time experiments. Second, the RL agent is
trained using the 5D three-layer DT and the RLPIC is verified in
terms of position tracking, velocity tracking, and HRI control.

4.1 | Validation of the 5D Three-Layer DT Model
The 5D three-layer DT of the AIS brace treatment is validated
through numerical simulations and real-time experiments.
The implementation details of the three-layer digital model
are explained first, as shown in Figure 5A. The MB model of the
robotic brace is created using its SolidWorks model. The ‘Simscape
Multibody Link’ plugin installed on SolidWorks is used to create an
“xml” file from the SolidWorks model of the robotic brace. The MB
model of the robotic brace is then created in Simscape by importing
the “xml” file into Simscape using the MATLAB command
“smimport.” “smimport” is a MATLAB command that is used for
importing the CAD or URDF files into MATLAB. Note that the
geometry and configuration of the MB model of the robotic brace fit
the physical model of the robotic brace.

The solid body model of the human torso is created. One “File
Solid” block from the Simscape Multibody Library is used to
create the solid body model of the torso. The ‘File Solid’ block is
used to model a solid body, with its geometry, inertial, color,
and reference frame taken from a CAD file. The geometry of the
torso model is taken from the 3D surface scan of a scoliosis
patient [17]. The density of the torso, 1000 kg/m?, is taken from
[42]. The solid body model of the torso is connected to
the World Frame in the MB model of the robotic brace with a
“6 DOF” joint available in the Simscape Multibody Library.

To create the HRI model, “Spatial Contact Force” blocks are

used. Since direct connection of the moving rings in the MB
model and the solid body model of the torso to the “Spatial

(A)

Contact Force” blocks is not allowed in Simscape, six proxies
are connected to the moving rings and six proxies are also
connected to the solid body model of the torso using the “Rigid
Transform” block. The proxies are defined using the “Brick
Solid” block. The physical contact between the moving rings
and the torso model is defined as the physical contact between
the proxies connected to the moving rings and the torso model.
The proxies from the solid body model of the torso are finally
connected to the base frame of the “Spatial Contact Force”
blocks and the proxies from the moving rings are connected to
the follower frame of the “Spatial Contact Force” block to form
the three-layer digital model. Note that the “Rigid Transform”
block defines and maintains a translational and rotational
relationship between two frames during simulations. Besides,
the “Brick Solid” block creates a prismatic shape with its
geometry, inertia, and color.

The proxies are not directly dictating the exact geometry of the
contacting surfaces. The proxies are mainly used as a simplified
representation of the physical contact behavior, for example,
stiffness, damping, and friction, of the complex bodies. The
exact geometry (shape, size, and surface) of the bodies is not
represented by the proxies. This is why six proxies at some
specific points of the torso and moving rings' CAD models were
used to represent an approximate shape and geometry of the
torso and moving rings. Besides, the mass of the proxies is
defined as zero to avoid any effects on dynamics.

Second, real-time experiments are conducted. In the real-time
experiment, shown in Figure 5B, a healthy human subject from
our research group wears the robotic brace, and a 10 mm dis-
placement along the —y-direction (left side in the coronal plane
seen from the front view) is implemented using the robotic
brace equipped with a closed-loop control system. Note that
only the second SGP of the robotic brace (two rings located in
the middle of the robotic brace) is used for real-time experi-
ments. The MRAIC strategy is utilized to provide the desired
HRI control. National Instruments (NI) compact RIO 9082 is

Implementation detail of the three-layer digital model

[ First layer: Multi Body (MB) model of robotic brace ]
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Implementation details and experimental setup: (A) Implementation details of the three-layer digital model. (B) Experimental setup
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by which the interaction force-motion data are collected to be used for the five-dimensional (5D) three-layer digital twin (DT) validation.
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used for implementing the real-time control system. The NI
9201 input modules and NI 9472 output modules are used for
measuring the interaction force-motion data and implementing
the PWM signal to the linear actuators. The interaction
force-motion data are collected to be used for the unknown
parameters’ identification, optimization, and DT validation.

Third, the NN regression model presented in Section 2.3 is
trained using the collected data. The interaction forces obtained
from the experiments and predicted by the NN regression
model along with the error between them are shown in
Figure 6. It can be seen that the interaction forces obtained from
the experiments and the NN regression model fit each other.
The optimal size of the hidden layer of the NN regression model
is n = 10. The root mean square error (RMSE) is 0.031343. The
unknown parameters of the “Spatial Contact Force” block k and
¢ are estimated using the NN regression model in Equations (2)
and (3) as 10,000 N/m and 100 Ns/m, respectively. The esti-
mated unknown parameters are optimized using the “Parame-
ter Estimator” App from the Simulink Design Optimization
Toolbox. In this simulation, the gradient descent method and
the sequential quadratic programming algorithm [43] are
selected for solving the optimization problem and the sum
squared errors are defined as the cost function. The optimal
values for the parameters k and ¢ are 6400 N/m and 150,
respectively. Note that the performance of the MRAIC con-
troller used in the real-time experiments, which depends on the
controller gains, has direct effects on the measured interaction
force and displacement data set. Therefore, the MRAIC per-
formance can act as a source of the error that can be seen in
Figure 6. In addition, the size of collected data set is the other
source of the error that can be seen in Figure 6. More experi-
mental tests need to be conducted to create a huge source of
data set. The huge source of data set will improve the training
process and increase the accuracy of the output interaction
force predicted by the NN regressor. Besides, the noisy mea-
surements, experimental system setup, and fabrication errors
are the sources of error in the experiments.

Figure 7 shows the interaction force obtained from the 5D three-
layer DT in comparison with the measured interaction force

obtained from the real-time experiments. The error between the
interaction force of the DT and the PS is reasonable and the DT is
validated. Besides, it can be seen that the physical HRI needs
approx. 3 s to be settled down and stabilized. One reason behind
the large discrepancy that is shown in Figure 7 is that the MRAIC
will provide a smooth interaction force in the experiments, while
the interaction force obtained from the numerical simulations of
the DT model is not smooth because the former is open loop.
The other reason is that the MRAIC needs transient time to
provide the desired behavior and the steady-state response.
However, the numerical simulations of the DT model are open
loop, and the initial transient that is seen in the experiments is
not simulated with the numerical simulations of the DT model.
Note that the frequency of the data acquisition in the real-time
experiments and the sample time in the numerical simulations is
50 ms and the total running time is 12 s.

Note that since the X-ray images and biomechanical data of the
patient's torso are not available, it is not possible to create a
biomechanical model of the patient's torso. This is why it is
assumed that the desired displacement of the torso required for
AIS curvature correction Xy is given and the AIS curvature
evolution is not studied in this paper. The desired displacement
of the patient's torso can be obtained using the X-ray images
and the biomechanical characteristics of the patient's torso. In
other words, in this paper, the main purpose is to implement
the desired displacement to the patient's torso using the trained
RLPIC, while providing a smooth interaction force. Besides, this
assumption does not risk invalidating the adaptability of the
RLPIC algorithm for the brace, because the proposed trained RL
agent has the capability to adapt to the changes made in the
environment, that is, torso model. In other words, the RL agent
learns the desired impedance parameters required for providing
the desired displacement and smooth interaction force accord-
ing to the interaction force and motion data. Therefore, a
complete biomechanical model of the torso instead of using a
solid body model of the torso will not have any impact on the
adaptability of the proposed RLPIC algorithm. In addition, the
5D three-layer DT model is patient-specific. Although the torso
is modeled as a single solid body, the mass of the solid body of
the torso is different from patient to patient and the stiffness
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FIGURE 6 | Interaction force in the y-direction obtained from the real-time experiments, the interaction force predicted by the neural network

(NN)-based regression model, and the error between them.
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and damping parameters k and ¢ of the physical HRI between
the robotic brace and the torso model are also patient-specific.

Since the proposed RLPIC controller is trained using a patient-
specific 5D three-layer DT model, the adaptability of the RLPIC
is not affected by modeling the torso as a solid body.

4.2 | Verify the Proposed RLPIC

In this subsection, the proposed RLPIC is trained using the 5D
three-layer DT and the performance of the RLPIC is verified by
comparing the RLPIC with typical PIC in terms of position
tracking, velocity tracking, and HRI control. For this purpose,
the RLPIC and PIC are applied to the second SGP in the y-
direction and the IDC is utilized for pose control of the second
SGP in the other five DOF. In other words, it is assumed that
the physical interaction occurs only in the y-direction to mimic
the scoliosis curvature correction, which is also along the
y-direction (intersection of the coronal plane and transverse
plane). The desired trajectory in the y-direction is defined as a
cubic polynomial with —10 mm displacement, while the desired
translational and rotational displacements in the other five
DOFs are assumed to be zero. Two Simulink models are created
by implementing the PIC and RLPIC to the 5D three-layer DT
model. The “RL agent” block from the Simulink Library is used
to implement the RLPIC algorithm formulated in Section 3 to
the 5D three-layer DT model. The “RL agent” block is a
Simulink block that is used to simulate and train an RL
agent. The observation space is considered a 7 X 1 vector as
[Y2a Y20 Y2 V2 Foy % 22]", Where Yag, Yog, V2 V20 Feys %, and 2o
represent the desired position in the y- direction, the desired
velocity in the y-direction, the actual position in the y-direction,
the actual velocity in the y-direction, the interaction force in the
y-direction, the actual position in the x-direction, and the actual
position in the z-direction, respectively. Note that all these
variables belong to the second SGP. The desired stiffness K4 is
defined as the action space for the RL agent.

The desired stiffness parameter is a dominant factor for low-
velocity motion like AIS treatment using a robotic brace [44].

Therefore, the desired stiffness parameter in RLPIC (K5F) is
defined as the action variable to be regulated using the RL agent
and a constraint is imposed on the desired damping of the
RLPIC (CEFI€) to ensure system stability [44-47]. The desired
mass for both PIC and RLPIC is defined as a constant value
(MEWFIC = MPIC = 2 Kg). The desired damping of the RLPIC is
assumed to be CE-PIC = 2\/M RLPIC 5 KRLPIC — 2\/ 2 x KEEPIC 1o
obtain a critically damped response and ensure system stability
[44-47]. The desired stiffness for PIC (K5'©) is assumed to be
6000 N/m and the desired damping of the PIC is defined as
CHC€ = 2/2 x K€ to ensure stability. The proportional and
derivative gains for the IDC are considered to be 6500 and 1000
for other five DOF.

In this simulation, the reward function is defined using Equa-
tion (7)-(10) as follows:

r =21+ 2y + 2rg, + 21 + 21, (11)
ry = exp(—[80(y,q — ¥) ), (12)
ry = exp (=[80(3q — )P, (13)
rr, = exp (—[5(Fy — D) (14)
re = exp (=[800% — x(t = 0)*), (15)
r, = exp (=[80(z2 — z2(t = 0)) ), (16)

where r, ry, Vs Ts and r, represent the position reward in the
y-direction, the velocity reward in the y-direction, the interac-
tion force reward in the y-direction, the position reward in the
x-direction, and the position reward in the z-direction, respec-
tively. The initial guesses for the error coefficients cy;, ¢4, and ¢y,
are chosen to be in the same range as that chosen by Anand AS
[39], and the final values for the error coefficients are obtained
by trial and error. The reward terms are defined such that the
RL agent is rewarded if the robot approaches the desired posi-
tion and velocity in the y-direction while having no displace-
ments in the x and z-directions and maintaining the interaction
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force in the y-direction less than 4N. The conditions for episode
termination are defined as follows:

y>0.006m,y < —0.4m, [yl > 0.6, a7
S

5yl > SON, (18)

IxI > 0.02m, Izl > 0.02 m. (19)

The PPO algorithm is utilized for training the RL agent, and the
architecture of the actor—critic NN is defined as explained in Sec-
tion 3. The hyperparameters of the PPO agent are as follows: sample
time: 0.050s, discounted factor: 0.99, batch size 64, experience
horizon 512, entropy loss weight: 0.01, clip factor: 0.2, number of
epochs 10, advantage estimation method GAE, and the GAE factor
0.95. The hyperparameters of the actor and critic are assumed to be
as follows: learning rate 0.0003, gradient threshold 1, optimizer
adam, denominator offset 1078, gradient decay 0.9, squared gradi-
ent decay 0.999, and gradient threshold method L2 norm. The L2
regularization parameters for actor and critic networks are defined
as 107> and 0.0002, respectively. The PPO agent is trained for 1000

episodes and the maximum length of the episode is set to 240, while
the total simulation time for each episode is 12 s.

The results obtained from the trained RLPIC are compared with
those of the PIC in terms of position tracking, velocity tracking,
and HRI control. The desired position in the y-direction and the
actual position in the y-direction obtained from the RLPIC and
PIC are shown in Figure 8. It can be seen that the position
tracking error for RLPIC is less than that of the PIC. In other
words, the RLPIC enables the robot to follow the desired position
while it has physical interaction with the torso. Figure 9 shows
the desired velocity in the y-direction compared to the velocity
obtained from the RLPIC and PIC. As can be seen in Figure 9,
the desired velocity is followed in both RLPIC and PIC, while the
velocity obtained from RLPIC is more stable than that of the PIC
at the beginning of the simulation. The velocity of the PIC shows
a sudden change of approx. —2.8 mm/s at the beginning of the
simulations, while the velocity of RLPIC experiences only
—0.6 mm/s sudden changes at the beginning.

The positions in the x- and z-directions obtained from the IDC
while the RLPIC and PIC are applied to the y-direction are also
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FIGURE 8 | Comparison of the position in the y-direction obtained from the RLPIC and PIC with the desired position in the y-direction.

0.5 % 107 Vel(I)city tracking w‘ith PIC and RL[PIC
@
< 0
é N
E -0.5
b3
£ -1
T
S| ]
=
£ a2f 1
(%]
% —Desired
> 251 —PIC
RLPIC
-3 | | | | 1
0 2 4 6 8 10 12

Time (s)

FIGURE 9 | Velocities in the y-direction obtained from the RLPIC and PIC compared to the desired velocity in the y-direction.
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compared with the desired positions in the x- and z-directions
in Figures 10 and 11, respectively. It is indicated that the IDC
enables the robot to maintain its initial position in the x- and
z-directions. The maximum deviations from the desired posi-
tion in the x- and z-directions in the case where the RLPIC is
applied to the y-direction are less than that of the case where
the PIC is applied to the y-direction. The interaction forces in
the y-direction for the RLPIC and PIC are presented in
Figure 12. It is concluded that the interaction force obtained
from RLPIC is more stable than that of the PIC at the beginning
of the physical HRI. After approx. 4 seconds, the interaction
force in both the RLPIC and PIC settles down and smooth
interaction forces are produced. As can be seen in Figure 12, the
interaction force from the RLPIC is smaller than the maximum
interaction force defined in the reward function. It is concluded
that the RL algorithm can provide a safe and compliant inter-
action force by selecting the proper reward and penalty terms in
the reward function without designing any force control law.
Figure 13 shows the desired stiffness in the y-direction (K5-*1C)
predicted by the RL agent. The desired damping is obtained

using CRMIC€ = 2,/2 x KE"PIC Ag can be seen in Figure 13, the
average stiffness value predicted using the RLPIC is
49,990 N/m and the variation range of the desired stiffness is
25-30 N/m, i.e., 0.05%-0.06% of its average value. It is con-
cluded that the percentage of the stiffness variation range is too
small, meaning that the desired stiffness is predicted well using
the RL agent. Since the stiffness and damping parameters of the
physical HRI model k and ¢ are estimated as a constant value
and constant desired impedance parameters in the RLPIC can
consequently increase the smoothness of the interaction force
Fe, the desired impedance parameters in the RLPIC are
assumed to be constant. Therefore, the deviation of stiffness
from its average value can be a good measure of accuracy.
Besides, the predicted desired impedance parameters satisfy
three criteria that are defined for evaluating the performance of
RLPIC. In other words, these predicted values for the imped-
ance parameters lead to acceptable position tracking, velocity
tracking, and HRI control and the moving ring of the robotic
brace follows the desired trajectory and velocity, while provid-
ing a smooth interaction force and maintaining it smaller than a

-
n

>

N

9]
I

7.35

%1073 Position tracking with PIC and RLPIC
I | I

—Desired
—PIC
RLPIC

2
W

3
[
T

Position in x-direction (m)
3
=
I I
N

3

—

9]
I

/ \J

X

o)
=
-
-

6 8 10 12

Time (s)

FIGURE 10 | The position in the x-direction obtained from the IDC while the RLPIC and PIC are applied in the y-direction is compared with the

desired position in the x-direction.

(m

0.10535

-directio

AN

0.1053 L

Position tracking with PIC and RLPIC
I I I

—Desired
—PIC M
RLPIC

m z

0.10525 -

0.1052 -

Position

0.10515 -

] V4

0.1051
0 2 4

6 8 10 12

Time (s)

FIGURE 11 | The position in the z-direction obtained from the IDC while the RLPIC and PIC are applied in the y-direction is compared with the

desired position in the z-direction.

396

International Journal of Mechanical System Dynamics, 2025

85UB017 SUOLILIOD BAIFER1D) 3|l dde aup Aq peusenob ae ssjoe YO ‘BsN JO S3IN 10y Areiq1T 8UIUO /8|1 UO (SUOIPUCD-PUR-SLLBY /WD A3 1M Afe.q1)BU1 |UO//:SANY) SUORIPUOD pUe SWR 1 8U3 89S *[5202/2T/TT] Uo Afiqiaulluo A8 (1M BuUIORURIG00D AQ 0Z00L ZPSW/Z00T OT/I0p/W0d A8 M AIq1eul|uo//Sdiy Wwoiy papeo|umoq ‘€ ‘G202 ‘20vTL9.2



Interaction force with PIC and RLPIC
| T I

~
Z —FPIC
s 2l —RLPIC||
.E
.g 19| *
T
~18]f .
=
S
S 1.7 I —
S
S1.6f -
R
Q
£
3 1.5 _
= I I I \ |
0 2 4 6 8 10 12
Time (s)
FIGURE 12 | Interaction force in the y-direction obtained from the RLPIC and PIC.
4 Stiffness in y-direction (RLPIC
5.0005 <1 | o ( )
E
51 _
3
g
= 4.9995 - —
Q
)
=
= 4.999
-~
=
@ 4.9985 - —
=
E 4.998- -
d
wn
4.9975 : ' : : :
0 2 4 6 8 10 12
Time (s)
FIGURE 13 | Desired stiffness K5“F'C of the RLPIC algorithm in the y-direction predicted by the reinforcement learning agent.
TABLE 1 | Rootmean square error (RMSE) of positions in the y-, x-, and z-directions, velocity in the y-direction, and the interaction force in the

y-direction.

Root mea

n square error (RMSE)

Velocity in the
y-direction (mm/s)

Position in the
y-direction (mm)

Position in the
x-direction (mm)

Interaction force in
the y-direction (N)

Position in the
z-direction (mm)

PIC 0.31054
RLPIC 0.15245

0.95586
0.22340

0.1526
0.0163

0.072539
0.054103

0.067516
0.049757

threshold value. This is why the stiffness value that the RLPIC
algorithm converges to is the true value of stiffness. In other
words, the desired stiffness is predicted by the RL agent and the
robotic brace learns the desired physical HRI by trial and error
in a virtual environment. However, the desired impedance
model in PIC is constant and it is not adapted according to the
instantaneous interaction force-motion measurements.

To quantify the performance of RLPIC, the RMSEs of the
positions in y, x, and z-directions, velocity in the y-direction,
and the interaction force in the y-direction for both RLPIC and
PIC are presented in Table 1. The RMSE was computed as

sqrt(mean((desiredvalue — actualvalue)?)). As shown in
Table 1, the RMSEs of the positions in the y-, x-, and z-
directions and the velocity in the y-direction for RLPIC is less
than those of the PIC. Therefore, the performance of the RLPIC
is verified in terms of position tracking and velocity tracking. To
verify the performance of the RLPIC in terms of HRI control,
the desired value in the RMSE formula is replaced by the final
value of the interaction force to quantify the deviation of the
interaction force from its final (steady state) value and evaluate
how smooth the HRI is. In Table 1, it can be seen that the
deviation of the interaction force from its final value (RMSE of
the interaction force) for RLPIC is less than that of the PIC. It is
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concluded that the HRI in RLPIC is smoother than that of the
PIC and the performance of RLPIC is verified in terms of HRI
control as well. In brief, it is concluded that implementing the
RL algorithm into the PIC can improve the performance of the
typical PIC in terms of motion tracking and providing safe HRI
by predicting the desired impedance parameters.

Although the RLPIC implies complications, the advantages of
RLPIC in adapting the impedance parameters of RLPIC to the
changes that occur in the environment and the capability of
predicting the desired impedance parameters make the RLPIC
controller a better solution than typical PIC in most cases. One of
the most challenging points in a typical PIC is how to determine
the desired impedance parameters. The constant impedance
parameters of PIC should be chosen by trial and error, while the
trained RLPIC has the capability to predict the desired imped-
ance parameters according to the measured interaction force and
motion data. Besides, the desired criteria for HRI control can be
satisfied by considering the criteria in the reward function
of RLPIC, while the PIC does not have such an advantage to
consider all the HRI constraints. In addition, the impedance
parameters of the environment are not constant and constant
impedance parameters of PIC do not provide the desired HRI for
these types of environments. However, the RLPIC has the
capability to regulate the variable impedance parameters to adapt
the RLPIC controller to the changes occurring in the environ-
ment. Although Variable Position-based Impedance Control
(VPIC) can also be a solution, the RLVPIC has the potential to
show better performance than VPIC by only defining a proper
reward function without any need to design an adaptive law to
regulate the variable impedance parameters of typical VPIC.

5 | Conclusion

AIS brace treatment has not been integrated with DT technol-
ogy and learning-based HRI control approaches. This paper
proposed an RLPIC algorithm that enables the robotic brace to
learn the desired HRI required for AIS rehabilitation. Besides, a
5D three-layer DT of the AIS brace treatment is developed to be
used for training the RLPIC algorithm to avoid trial an error on
human subjects. The 5D three-layer DT includes the PS, a
digital model, bidirectional data flow (P2V and V2P), and
optimization. The three-layer digital model is created by adding
the MB model of the robotic brace to the solid body model of
the human torso, while the physical HRI between the robotic
brace and the torso is modeled as a mass-spring-damper system
using the “Spatial Contact Force” block. Real-time experiments
and numerical simulations are carried out to update the
unknown parameters of the HRI model, establish the P2V data
flow, and validate the DT. An NN-based regression model is
proposed to estimate the unknown stiffness and damping
parameters of the physical HRI model using the interaction
force-motion data collected from the real-time experiments.
The estimated parameters are optimized using the ‘Parameter
Estimator’ App from the Simulink Design Optimization Tool-
box such that the interaction force obtained from the real-time
experiments fits the interaction force obtained from the 5D
three-layer DT. Finally, the RLPIC algorithm trained using the
DT model is utilized to predict the desired HRI and establish
the V2P data flow such that the robotic brace follows a desired

trajectory, maintains the interaction force to less than a maxi-
mum value, and tracks the desired velocity.

Since the RLPIC algorithm is trained using the DT model, the
more accurate the digital model, the more reliable the RLPIC
algorithm is in the clinical rehabilitation therapy. On the other
hand, the ML algorithms used for identifying the unknown
parameters of the DT model improve the digital model accuracy
and twin the digital model with its physical counterpart. In
other words, ML algorithms improve the reliability of the DT
model and consequently can increase the reliability and effec-
tiveness of the RLPIC algorithm in the clinical rehabilitation
therapy. Besides, ML algorithms can be useful in updating the
unknown parameters of the DT model such that the DT model
adapts to the biomechanical changes in the patient's torso that
occur during the period of growth spurt.

Although an RLPIC approach is proposed and a 5D three-layer
DT is created for training the RL agent, further improvements
are needed. For example, more real-time experiments with
different types of motion need to be performed to collect a huge
source of the data set that can be used for unknown parameter
identification, DT validation, and training the RL agent for
different variants of the environment. In addition, a more
complete version of mass-spring-damper models, for example,
nonlinear mass-spring-damper models, can also be used for
HRI modeling as an interesting subject for future work. How-
ever, this represents preliminary research work in implement-
ing RLPIC and DT modeling into the AIS brace treatment and
no other research work has focused on implementing RLPIC
and DT modeling into the AIS brace treatment. This is why the
simplest mass-spring-damper model, that is, the linear model
with constant coefficients, is utilized in this paper for HRI
modeling. Besides, the DT model can also improve the brace
design process and brace adjustments by predicting the bio-
mechanical behavior of the brace performance in advance
without any need for trial and error on human subjects. It can
also play an important role in actual AIS rehabilitation by
training the RLPIC algorithm, which has the potential to be
used in the actual AIS rehabilitation to provide the desired HRI
required for AIS treatment. Furthermore, improving the RL
algorithm used in the RLPIC algorithm by adopting advanced
RL-based approaches currently used in robotic applications will
be an interesting topic for future work. Note that the trained
RLPIC algorithm has not been validated through real-time ex-
periments yet because of the lack of human subjects and limited
time. As ongoing work, we will conduct more real-time ex-
periments to collect more data and validate the trained RLPIC
algorithm.
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