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Abstract: For lower limb rehabilitation robots, different patients or patients in different rehabilitation
stages have different motion abilities, and the parameters of the traditional impedance control model
are fixed and cannot achieve the best active suppleness training effect. In this paper, an active training
control method based on the spring damping model (SDM) and the fuzzy adaptive adjustment of its
parameters is proposed. The SDM offsets the target trajectory according to the patient interaction
force to obtain a new desired trajectory, creating a controllable impedance environment for the patient.
Fuzzy rules are established using coefficients reflecting the patient’s motion ability to adaptively
adjust the stiffness and damping coefficients of the SDM. The virtual human–machine force interaction
environment is changed to achieve the adaptive adjustment of the resistance training difficulty on
the motion ability. The adaptive impedance control method proposed in this paper has achieved the
expected goal through experimental verification, which can greatly mobilize the active participation
of patients and help improve the rehabilitation effect of patients.

Keywords: active training; fuzzy adaptive; rehabilitation robot

1. Introduction

Within the realm of robotics for rehabilitation, adaptive human–machine interaction
(HMI) refers to dynamically adjusting and optimizing the control process of rehabilitation
robots based on the perception and understanding of the patient’s movement status,
rehabilitation needs, and environmental changes in order to provide more personalized,
efficient, and safe rehabilitation training. Adaptive HMI control in rehabilitation robotics
involves interdisciplinary knowledge such as rehabilitation medicine, HMI [1,2], machine
learning, sensor technology, etc. [3,4].

Traditional robotic rehabilitation devices typically have fixed training modes and
control model parameters, making it difficult to adaptively adjust according to the patient’s
abilities, condition, and engagement level, which limits their application in personalized re-
habilitation treatment. Adaptive impedance control can make the behavior of rehabilitation
robots more flexible [5–8]. By collecting the patient’s biosignals and motion information, it
is possible to evaluate and monitor the patient’s rehabilitation status in real time. Based on
the actual performance of the patient, the assistance or resistance provided by the robot
can be adjusted accordingly, thus providing a more personalized training mode during
the rehabilitation process. The advantages of adaptive impedance control lie in increas-
ing the robustness and adaptability of the rehabilitation robot system. Traditional fixed
parameter control methods are difficult to adapt to changes in the patient’s rehabilitation
movement state. However, adaptive impedance control can dynamically adjust the behav-
ior of the robot based on the actual performance of the patient, allowing the robot to better
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adapt to the patient’s rehabilitation progress and changing ability levels, enhancing patient
engagement and mechanical interaction.

The study of adaptive HMI control strategies for rehabilitation robots is important
to improve the therapeutic effect and patient experience of rehabilitation robots. Firstly,
adaptive HMI control strategies can be personalized and adjusted based on the individual
differences and rehabilitation needs of patients in order to better meet their rehabilitation
requirements. For example, for patients of different ages, genders, rehabilitation stages,
disease severity, and physical abilities, adaptive HMI control strategies can be tailored
to their specific rehabilitation goals and ability levels, enabling rehabilitation robots to
better adapt to the needs of different patients and provide more personalized and precise
rehabilitation training. Secondly, adaptive HMI control strategies can be dynamically
adjusted based on the real-time movement status of patients, providing a more flexible
and natural HMI experience [9]. For example, when a patient is fatigued, rehabilitation
robots can adjust through adaptive HMI control strategies to avoid excessive fatigue or
emotional burden, thereby improving patient engagement and cooperation, enhancing
rehabilitation effects. When a patient’s movement status is good and the interaction force
fits well with the demands of the target task, the difficulty of the task can be increased by
adjusting the parameters of the controller, stimulating the patient’s initiative and motivation
for movement. In addition, adaptive HMI control strategies can also be adjusted based
on changes in the environment to ensure that rehabilitation robots can maintain stable
and safe operation under different environmental conditions. For example, in different
clinical settings, rehabilitation facilities, or home environments, rehabilitation robots need
to be adaptive and flexible, perceiving and responding to environmental changes through
adaptive HMI control strategies to ensure the security and efficiency of the rehabilitation
training [8,10,11].

The impedance parameters set by the active training mode of most rehabilitation robots
are fixed, for example, Huo et al. [12] used an impedance control method to provide assisted
force for hip and knee joints to achieve up-and-sit movement training; Jamwal et al. [13]
used an impedance control method to achieve the supple control of an ankle rehabilitation
robot; and Koopman et al. [14] achieved active training through impedance control to
stimulate patients’ enthusiasm for training. Although fixed impedance parameters have
certain active flexibility, it is difficult to adapt to the dynamic changes of patients’ motor
abilities. In order to better adapt to the individual needs of patients’ motor abilities,
changing impedance parameters should be provided. Liang Xu et al., from North China
University of Technology, designed a fuzzy variable stiffness adaptive regulator to ensure
patient safety during active training by using active flexibility control to avoid confrontation
between the patient’s lower limbs and the robot. Similarly, Yongfei Feng [7,15] from
Yanshan University, China, developed a lower limb rehabilitation robot and proposed an
adaptive control system that reflects the patient’s rehabilitation status in order to meet the
patient’s optimal training state.

This paper proposes an active rehabilitation training control method based on SDM
and its parameter fuzzy adaptive adjustment for the existing active rehabilitation training
model. The SDM creates a controlled impedance environment for the patient by modi-
fying the target trajectory according to HMI force to obtain a new desired trajectory, and
establishes fuzzy rules using coefficients reflecting the patient’s motor ability to adaptively
adjust the stiffness coefficient and damping coefficient of the SDM to change the virtual
human–machine force interaction environment in order to achieve an adaptive adjustment
of the active training difficulty on motor ability.

2. Materials and Methods
2.1. Mechanical Design and Sensor Systems for of Lebot

The human body inertia parameters can be referred to the National Standard of China
(GB/T17245-2004). Table 1 shows the average values of the parameters of each part, and the
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data refer to the parameters related to adult males aged from 18 to 60 years old and adult
females aged from 18 to 55 years old, where H is the body height and M is the body mass.

Table 1. Inertial parameters of human lower limb segments.

Lower Limb Segments Length Center of Mass Position Mass

Upper trunk L0 = 0.470H R0 = 0.264H M0 = 0.607M
Thighs L1 = 0.245H R1 = 0.106H M1 = 0.107M

Calf L2 = 0.246H R2 = 0.107H M2 = 0.046M
Foot L3 = 0.074H R3 = 0.018H M3 = 0.016M

The mechanical structure of the Lebot is designed according to the principle of modu-
larity. The mechanical structure of the robot consists of three main modules: the movable
chassis module, the weight-reducing support seat module, and the exoskeleton mechanical
leg module. The overall model of Lebot is shown in Figure 1. The robot can be adjusted to
different sizes and support positions according to individual patient differences. During
use, the patient is placed in a sitting or lying position with both feet on the pedals of the
mechanical leg, the centers of the joints of the lower limbs are aligned with the centers of
rotation of the robot joints, and the body is fixed to the robot through safety straps and aids
to prevent secondary injuries caused by overturning during the training process [16].
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Figure 1. The general structure of the Lebot.

In this study, tension pressure sensors were used to identify HMI forces [17], as shown
in Figure 2, with pressure sensors on the thigh, shank, and plantar. The distance between
the thigh pressure sensor and center of rotation of hip joint is λ1, the distance between the
shank pressure sensor and the center of rotation of the knee joint is λ2, and the distance
between the plantar pressure sensor and the center of rotation of the ankle joint is λ3.
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2.2. Active Training Based on Fixed Parameters of SDM

In this paper, an active training control strategy based on the SDM is proposed for the
middle and late stages of patient rehabilitation [17], and the block diagram of the traditional
active training control strategy is shown in Figure 3. The control method includes internal
and external closed-loop control. The internal loop uses a sliding mode controller (SMC)
to realize the tracking of the actual trajectory of the robotic arm against the set trajectory
reflecting the patient’s movement intention. The outer loop uses a SDM to realize the set
trajectory to follow the HMI force to achieve the purpose of soft control, in which each
motion joint of the rehabilitation robot is regarded as a virtual SDM. The input of the model
is the active HMI force, which is identified by the tensile force sensor and sEMG signal; the
output of the model is the adjustment amount e of the motion trajectory according to the
HMI force, so as to realize the active and soft motor function rehabilitation training and
ensure the patient can complete the active training efficiently. The adjustment quantity e
is obtained from Equation (1), where x1, x2, x3 are the output of the hip, knee, ankle SDM,
respectively:

e =
∣∣x1 x2 x3

∣∣T (1)

Machines 2023, 11, x FOR PEER REVIEW 4 of 15 
 

 

2λ

1λ

3λ

Plantar pressure sensor

Shank pressure sensor

Thigh pressure sensor

 
Figure 2. Description of pressure sensor locations. 

2.2. Active Training Based on Fixed Parameters of SDM 
In this paper, an active training control strategy based on the SDM is proposed for 

the middle and late stages of patient rehabilitation [17], and the block diagram of the tra-
ditional active training control strategy is shown in Figure 3. The control method includes 
internal and external closed-loop control. The internal loop uses a sliding mode controller 
(SMC) to realize the tracking of the actual trajectory of the robotic arm against the set 
trajectory reflecting the patient’s movement intention. The outer loop uses a SDM to real-
ize the set trajectory to follow the HMI force to achieve the purpose of soft control, in 
which each motion joint of the rehabilitation robot is regarded as a virtual SDM. The input 
of the model is the active HMI force, which is identified by the tensile force sensor and 
sEMG signal; the output of the model is the adjustment amount e of the motion trajectory 
according to the HMI force, so as to realize the active and soft motor function rehabilita-
tion training and ensure the patient can complete the active training efficiently. The ad-
justment quantity 𝒆 is obtained from Equation (1), where 𝑥ଵ, 𝑥ଶ, 𝑥ଷ are the output of the 
hip, knee, ankle SDM, respectively: 𝒆 = |𝑥ଵ 𝑥ଶ 𝑥ଷ|்  (1)

 
Figure 3. Block diagram of active training control based on fixed parameters of spring-damping 
model. 

2.2.1. Virtual Spring-Damping Model 
The SDM is shown in Figure 4, where m is the virtual model mass, k is the elasticity 

coefficient, 𝑏 is the damping coefficient, 𝑥 is the displacement, and 𝐹 is the HMI force. 

Figure 3. Block diagram of active training control based on fixed parameters of spring-
damping model.

2.2.1. Virtual Spring-Damping Model

The SDM is shown in Figure 4, where m is the virtual model mass, k is the elasticity
coefficient, b is the damping coefficient, x is the displacement, and F is the HMI force.
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The SDM can establish the relationship between the HMI force and the joint angle. A
dynamic analysis by Newton’s second law of motion shows that:

m
..
x + b

.
x + kx = F (2)

The Laplace transform is applied to transform Equation (2) to the frequency domain
for analysis as follows:

ms2X(s) + bsX(s) + kX(s) = F(s) (3)
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The transfer function of the SDM is obtained by collating:

G(s) =
F(s)
X(s)

= ms2 + bs + k (4)

The characteristic equation of the spring-damped model system is obtained as follows:

ms2 + bs + k = 0 (5)

Introduction of damping ratio ξ = b
2
√

km
and intrinsic frequency wn =

√
k
m facilitate

the analysis of the model. Then, by substituting into the characteristic equation, we
can obtain:

s2 + 2ξwns + wn
2 = 0 (6)

The characteristic roots of the characteristic equation are as follows:

s = −ξwn ± wn

√
ξ2 − 1 (7)

(1) 0 < ξ < 1. The solution of the characteristic equation is a pair of imaginary conjugate
roots. The system is underdamped.

(2) ξ = 1. The roots of the characteristic equation are a pair of real weight roots and the
damping of the system is in the form of critical damping.

(3) ξ > 1. The roots of the characteristic equation are mutually exclusive real roots and
the damping of the system is in an overdamped state.

(4) ξ < 0. The number of roots of the characteristic equation is greater than 0. The system
is unstable.

In addition, the SDM allows not only to derive the relationship between force and
position, but also to optimize the stability of the system by adjusting ξ, wn.

The rehabilitation robot controller uses a microprocessor and requires discretization of
the kinematic equations of the SDM. The following is an example for a single joint. Assume
that the acceleration of the model at moment k is

..
xi(k), the velocity is

.
xi(k), the position is

xi(k), the interaction force is Fi(k), and the control period is ∆t. Then, in the spring-damped
model, the motion of the mass block at moment k + 1 can be obtained from the equation:

..
xi(k + 1) =

(
Fi(k)− b

.
xi(k)− kx(k)i)/m

.
xi(k + 1) =

..
xi(k)∆t +

.
xi(k)

xi(k + 1) = xi(k) +
(

.
xi(k+1)+

.
xi(k))∆t

2

(8)

2.2.2. Research on Trajectory Tracking Disturbance Suppression Method Based on SMC

In practical applications, the linkages of multi-joint lower limb rehabilitation robots
have irregular shapes and uneven mass distribution. Considering the influence of the
wiring of the electrical control system, the installation of sensors for different purposes,
the placement of motors and actuators, etc., and because the components in the robot arm
are affected by various factors, including friction, elasticity, inertia, etc., it is difficult for
the mathematical model to completely and accurately describe the behavior of the robot
arm, and the lower limb rehabilitation robot is a strongly coupled complex nonlinear time-
varying system [18]. Disturbances in the external environment can also have an impact
on the accuracy of trajectory tracking. For example, muscle spasms or uncoordinated
movements of the patient may cause the trajectory of the robotic arm to deviate from the
expected trajectory, thus affecting the treatment outcome. To address these challenges, the
robotic arms of rehabilitation robots often employ advanced control algorithms to improve
accuracy and robustness [19]. In this study, a terminal SMC is used to implement the target
trajectory tracking.
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The general model of the human–machine coupled system of mechanical legs is:

M(q)
..
q + C

(
q,

.
q
) .
q + G(q) + τd = τ + F

(
q,

.
q,

..
q
)

(9)

where F
(
q,

.
q,

..
q
)
= −∆M(q)

..
q − ∆C

(
q,

.
q
) .
q − ∆G(q) represents the modeling error of the

system, M(q) denotes the symmetric positive definite inertia matrix of the system, C
(
q,

.
q
)

denotes the centrifugal and Gauche force matrices of the system, G(q) denotes the gravity
matrix of the system, and τ denotes the control input matrix.

Transforming Equation (9) by extraction yields:

..
q = M−1[τ − C

(
q,

.
q
) .
q− G(q) + d(t)

]
(10)

Among them, d(t) = −∆M(q)
..
q− ∆C

(
q,

.
q
) .
q− ∆G(q)− τd.

For the subsequent application of the control law, Equation (9) can be written in the
following form:

.
z = h(x)u + f (x, z) + d(t) (11)

Among them, x =
[
q1 q2

]
, z =

[ .
q1

.
q2
]T , h(x) = M−1, u = τ.

f (x, z) = M−1(C(q,
.
q
) .
q + G(q)

)
, d(t) represents system modeling errors and external

perturbations.
The position and velocity signal errors of the system are defined as:{

e = q− qd.
e =

.
q− .

qd
(12)

where, qd and
.
qd represent the desired position and velocity signals, respectively. That is,

the design objective of this paper is to satisfy:

lim
t→∞
‖e‖ = lim

t→∞
‖q− qd‖ → 0

Assume that d(t) is bounded, i.e.:

‖d‖ ≤ K

Design the sliding surface as:

σ = e + J
.
e

p
q (13)

where J is a determinant matrix and p/q (p, q are positive odd numbers) to satisfy the
condition 1 < p/q < 2.

Derivation of Equation (12) shows that:

.
σ =

.
e +

p
q

J
.
e

p
q ..
e (14)

Theorem 1. Considering the system (9) with unknown external disturbances are present, using the
designed terminal SMC (14), the system trajectory tracking error will converge to a small range
near zero.

τ = h(x)−1
[

..
qd −

q
p

J−1 .
e2− p

q − f (x, z)− kσ− K̂sgn(σ)
]

(15)

where k > 0, K̂ represents the estimate of the unknown constant K to compensate for the external

perturbations, and
∼
K = K̂− Kis set, the designed adaptive law takes the following form:

K̂ =
p
q

∥∥∥∥J
.
e

p
q−1

σ

∥∥∥∥ (16)
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Proof of Theorem 1. The Lyapunov function is set to the following form:

Vm = σTσ +
1
2

∼
K

2
(17)

The derivation of Equation (16):

.
Vm = σT .

σ+
∼
K

.
K̂ (18)

Bringing Equation (14) into (17) and collapsing it to obtain:

.
Vm = σT

(
.
e + p

q J
.
e

p
q−1..

e
)
+
(
K̂− K

) .
K̂

= p
q σT J

.
e

p
q−1
(

..
e + q

p J−1 .
e2− p

q

)
+
(
K̂− K

) .
K̂

= p
q σT J

.
e

p
q−1
(

..
q− ..

qd +
q
p J−1 .

e2− p
q

)
+
(
K̂− K

) .
K̂

= p
q σT J

.
e

p
q−1
(

h·(x)u + f (x, z) + d(t)− ..
qd +

q
p J−1 .

e2− p
q

)
+
(
K̂− K

) .
K̂

= p
q σT J

.
e

p
q−1[d + k ∗ σ− K̂sgn(σ)

]
+
(
K̂− K

) .
K̂

≤ p
q

∥∥∥∥σT J
.
e

p
q−1
∥∥∥∥‖d‖ − kp

q σT J
.
e

p
q−1

σ− p
q

∥∥∥∥σT J
.
e

p
q−1
∥∥∥∥K̂ +

(
K̂− K

) .
K̂

≤ p
q

∥∥∥∥σT J
.
e

p
q−1
∥∥∥∥K− kp

q σT J
.
e

p
q−1

σ− p
q

∥∥∥∥σT J
.
e

p
q−1
∥∥∥∥K̂ +

(
K̂− K

) .
K̂

=

(
p
q

∥∥∥∥σT J
.
e

p
q−1
∥∥∥∥− .

K̂
)(

K̂− K
)
− kp

q σT J
.
e

p
q−1

σ

≤ − kp
q σT J

.
e

p
q−1

σ ≤ 0

(19)

According to Equation (19), the designed sliding-mode based controller can ensure
that the tracking error of the system tends to 0 and the system can be made stable. �

2.3. Active Training by Adding a Fuzzy Adaptive Impedance Parameter Regulator

The spring-damped model control method with fixed parameters described in Section 2.2
of this paper has some active suppleness, although it can adjust the reference motion trajectory
according to the active force applied by the human lower limbs. However, the disadvantage
of this method is that it is difficult to determine the optimal model parameters to achieve
the best active suppleness. This is mainly due to the fact that different patients and the same
patient apply different forces to the rehabilitation robot at different times, and the human body
impedance characteristics vary, leading to changes in the characteristics of the interaction
environment. Therefore, if the impedance parameters are expected to be fixed, it will be
difficult to regulate the dynamic relationship between the robot and the patient and will
have poor adaptability for training tasks with individual differences. The fixed-parameter
SDM control method is less robust and cannot adapt to changes in external environmental
parameters, and its active flexibility still needs further improvement.

In order to achieve an active and adaptive rehabilitation training environment, this
paper proposes a fuzzy adaptive impedance parameter active control scheme based on
the SDM as shown in Figure 5. For the dynamic change of impedance parameters during
rehabilitation training, the SDM of the outer ring incorporates a fuzzy adaptive impedance
parameter regulator to adjust the damping coefficient and the stiffness coefficient in real
time with the HMI force, the state fluctuation rate (SFR) of the affected limb [20], the position
deviation and the velocity deviation as inputs, so as to achieve the human impedance.
The damping and stiffness coefficients are adjusted in real time as inputs to achieve the
self-adaptation of human impedance.
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SFR, calculated using Equation (20):

SFR =
.

τh (20)

where τh is the interaction force between the affected limb and a single joint of the robot.
The smaller the fluctuation of the actual interaction force between the affected limb and
the end of the robot, the more stable the state of the affected limb and the smaller the SFR,
which is normalized to be in the range of (0, 1).

The HMI force actively exerted by the patient is an intuitive representation of the pa-
tient’s motor intention. In the process of active rehabilitation training, the motor impedance
can be adjusted according to the interaction force actively applied by the patient, and a
motor impedance adaptive regulator based on the patient’s active motor intention can
be constructed: when the affected limb deviates from the reference trajectory, the motor
impedance will increase accordingly, and the patient will feel the strain; on the contrary,
the motor impedance will decrease accordingly. When the SFR value calculated by the
patient’s motion state assessment module is smaller, it means that the HMI force is more
stable and the patient’s motion state is better, and the motion impedance will increase
appropriately; on the contrary, the motion impedance will decrease. Therefore, in this
section, the range of the deviation of the affected limb from the set trajectory, the interaction
force reflecting the patient’s movement intention, and the SFR value calculated by the
patient’s movement state assessment module are used as the basis to design the adaptive
regulator of impedance parameters to dynamically adjust the movement impedance in real
time, so as to build an active and soft rehabilitation training environment for the patient and
avoid the secondary injury of the affected limb while stimulating the patient’s enthusiasm
to participate in training.

The fuzzy adaptive impedance parameter regulator introduced in this paper consists
of two parts: a fuzzy variable stiffness adaptive regulator and a fuzzy variable damping
adaptive regulator. The fuzzy variable stiffness adaptive regulator adjusts the optimal
stiffness coefficient matrix dynamically in real time to achieve the adaptive adjustment
of the stiffness according to the amount of angular change of the motion trajectory and
the interaction force exerted by the human lower limbs on the lower limb mechanism
of the rehabilitation robot. The fuzzy variable damping adaptive regulator, on the other
hand, dynamically adjusts the optimal damping coefficient matrix in real time according
to the amount of angular velocity variation of the motion trajectory and the interaction
force exerted by the human lower limb on the lower limb mechanism of the rehabilitation
robot in order to achieve the adaptive adjustment of damping. In addition, this paper also
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uses SFR as the coefficient of the variation amount of stiffness coefficient and the variation
amount of damping coefficient.

(1) Design of fuzzy variable stiffness adaptive regulator

In the design of the fuzzy variable stiffness adaptive regulator, the angular devia-
tion from the reference trajectory ∆q and the active interaction force τ exerted by the
patient’s limb on the robot’s lower limb mechanism are used as inputs to the regulator
and are divided into 5 levels for fuzzy adjustment, namely positive large, positive small,
zero, negative small, and negative large, which are represented by LP, P, Z, N, and LN,
respectively. The adjustment quantity ∆K of the stiffness coefficient matrix is used as the
output of the regulator, which is also divided into 5 levels. The fuzzy rules of variable
stiffness coefficients designed according to the magnitude of the patient’s deviation from
the range of motion of the reference trajectory and the active interaction force exerted by
the patient’s affected limb on the robot’s lower limb mechanism are shown in Table 1. The
fuzzy inference method is applied to obtain the adjustment of the stiffness coefficient ∆K.
The optimal stiffness coefficient is then K*,

K* = K + (1− SFR)∆K (21)

(2) Design of fuzzy variable damping adaptive regulator

Similarly, the inputs to the fuzzy variable damping coefficient regulator, i.e., the change
in the angular velocity of the motion trajectory ∆

.
q and the active interaction force τ applied

by the patient to the robot, are also fuzzy-adjusted in 5 levels. The adjustment quantity
∆B of the damping coefficient matrix is used as the output of the regulator, which is also
divided into 5 levels. The fuzzy rules of the variable damping coefficient based on the error
of the joint angular velocity and the active interaction force exerted by the patient on the
robot are shown in Table 2. The optimal damping coefficient is B*, which is obtained by
applying the fuzzy inference method (Table 3).

Table 2. Table of fuzzy rules for variable stiffness coefficient ∆K.

∆q
τ

NB NS ZO PS PB

NB NB NS NS ZO ZO

NS NS NS ZO ZO PS

ZO NS ZO ZO ZO PS

PS ZO ZO ZO PS PB

PB ZO ZO ZO PB PB

Table 3. Table of fuzzy rules for variable damping factor ∆B.

∆B
τ

NB NS ZO PS PB

NB NB NS NS ZO ZO

NS NS NS ZO ZO PS

ZO NS ZO ZO ZO PS

PS ZO ZO ZO PS PB

PB ZO ZO ZO PB PB

B* = B + (1− SFR)∆B (22)
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3. Results
3.1. Simulation Verification Experiments

In this section, the proposed fuzzy adaptive impedance parameter regulator is verified
by simulation experiments. The hip, knee, and ankle joint models of the right leg of the
Lebot system are imported into MATLAB and Simulink. The control objective is to make
the angular outputs q1, q2, and q3 of the right hip, knee, and ankle joints of the human–
robot system follow the desired trajectories qd1, qd2, and qd3. The desired trajectory is a
gait planning curve, and the initial parameters of the SDM are set as follows: m = 1, b = 5,
k = 2, and the simulation time is set as 3 s. The desired trajectory of each joint is shown in
Figure 6.
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In order to simulate the change of patients’ interaction force, this paper artificially
designed the patients’ interaction force in the simulation, as shown in Figure 7. In order to
simulate two patients with different motor abilitis, two groups of interaction force were
designed, which are 100% interaction force (100%τhi) and 50% interaction force (50%τhi);
100%τhi indicates the patient with strong motor ability, as shown by the blue dashed line in
Figure 7, and 50%τhi indicates the patient with weak motor ability, as shown in Figure 7 by
the red solid line.
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(b) Knee joint interaction torque simulation, (c) Ankle joint interaction torque simulation.

The design in this paper includes a fixed parameter impedance controller and an
adaptive variable impedance controller based on fuzzy rules, and they are simulated, and
the results are shown in Figures 8 and 9. In Figure 8, the impedance parameter is a fixed
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value, the red solid line indicates the reference trajectory, and the yellow dotted dashed line
and the blue dashed line indicate the actual trajectory of the joint under 100%τhi and 50%τhi,
respectively. These trajectories show the adjustment of the joint trajectory by the fixed
parameter impedance controller under different magnitudes of interaction forces. With
the results in Figure 8, we can see that the actual trajectory of the joint deviates from the
reference trajectory, which indicates that when the simulated subject generates interaction
forces with the exoskeletal leg, the impedance controller outputs the trajectory deviation to
adapt the movement to the moment applied by the subject to the joint in order to prevent
excessive confrontation between the exoskeletal leg and the patient’s lower limb and to
avoid damage to the patient by moving according to the fixed trajectory in unexpected
situations. The flexibility and safety of the patient are ensured.
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However, it can be seen from Figure 8 that when the deviation of the output of the
impedance controller with fixed impedance parameters is larger, the patient interaction
force is larger, which indicates that the patient is recovering better in this rehabilitation
stage or is less fatigued in this training, and the active training difficulty needs to be
increased to avoid inertia of the patient, which affects the training effect. Therefore, this
paper proposes an adaptive variable impedance controller based on fuzzy rules, which
can adjust the training intensity according to the changes of the patient’s current state. As
shown in Figure 9b, this adaptive variable impedance controller can change the stiffness
coefficient and damping coefficient to reduce the maximum deviation of the knee joint
angle to 10.54◦ and 5.61◦, respectively. This indicates that the action of the adaptive variable
impedance controller can increase the training intensity and thus contribute to a better
recovery of the patient.

3.2. Actual Verification Experiments

To evaluate the effectiveness of the active training strategy proposed in the paper
during rehabilitation training, we conducted a test experiment with normal subjects. The
Lebot system was selected as the experimental platform. The subject was a 32 years old
male, 178 cm in height and 69 kg weight, recorded as S1. The equipment posture was
adjusted to supine position before training. During the experiment, hip, knee, and ankle
joint angle data and subject interaction force data were collected. The experiments were
divided into two groups, one experiment fixed the impedance parameters of the SDM, and
the other experiment used the active training control strategy of fuzzy adaptive impedance
proposed in this paper. Subject S1 was required to deliver approximately the same force for
each gait cycle as possible during the experiment. After completing the training, to avoid
the disturbance of anomalies, the data from each gait cycle were averaged to analyze the
relationship between the actual joint angles during active training and the target trajectory
and subject interaction forces to compare the differences between the two groups of active
training. The object of this experiment is the hip, knee, and ankle joints of the right leg of
the subject. The control objective is that the actual angles q1, q2, q3 of the right leg hip, knee,
and ankle joints of the man–machine system follow the desired trajectories qd1, qd2, qd3.

The active training results of the subjects under the action of the spring-damped
model controller with fixed impedance parameters are shown in Figure 10a–c. The actual
trajectories q1, q2, q3 will softly deviate from the desired trajectories qd1, qd2, qd3 under the
action of the actual HMI torques τh1, τh2, τh3. It can be seen from Figure 10 that there
is a certain shake in the HMI force, but the output actual trajectories do not produce
corresponding shake, indicating that the spring-damped model output trajectory offset has
a certain anti-disturbance ability, and the model has well stability. It is worth mentioning
that the maximum offset angles of the hip, knee, and ankle joints are 16.3◦, 10.6◦, and
2.5◦, respectively. Under the action of the fuzzy adaptive impedance controller, the active
training results of the subjects are shown in Figure 10d–f, in which the actual trajectories
q1, q2, q3 deviate softly from the desired trajectories qd1, qd2, qd3 under the action of the
actual HMI torques τh1, τh2, τh3. The maximum offset angles of the hip, knee, and ankle
joints are 7.74◦, 5.9◦, and 1.5◦, respectively. The significant decrease compared with the
active training with fixed impedance parameters indicates that the parameters of the SDM
changed during the training process, automatically increasing the elasticity and damping
coefficients of the model and increasing the difficult factor of the active training when
the subject increased the interaction force, and automatically decreasing the elasticity and
damping coefficients of the model and decreasing the difficult factor of the active training
when the subject decreased the interaction force.



Machines 2023, 11, 565 13 of 15

Machines 2023, 11, x FOR PEER REVIEW 13 of 15 
 

 

The active training results of the subjects under the action of the spring-damped 
model controller with fixed impedance parameters are shown in Figure 10a–c. The actual 
trajectories 𝑞ଵ, 𝑞ଶ, 𝑞ଷ will softly deviate from the desired trajectories 𝑞ௗଵ, 𝑞ௗଶ, 𝑞ௗଷ under 
the action of the actual HMI torques 𝜏୦ଵ, 𝜏୦ଶ, 𝜏୦ଷ. It can be seen from Figure 10 that there 
is a certain shake in the HMI force, but the output actual trajectories do not produce cor-
responding shake, indicating that the spring-damped model output trajectory offset has a 
certain anti-disturbance ability, and the model has well stability. It is worth mentioning 
that the maximum offset angles of the hip, knee, and ankle joints are 16.3°, 10.6°, and 2.5°, 
respectively. Under the action of the fuzzy adaptive impedance controller, the active train-
ing results of the subjects are shown in Figure 10d–f, in which the actual trajectories 𝑞ଵ, 𝑞ଶ, 𝑞ଷ deviate softly from the desired trajectories 𝑞ௗଵ, 𝑞ௗଶ, 𝑞ௗଷ under the action of the 
actual HMI torques 𝜏୦ଵ, 𝜏୦ଶ, 𝜏୦ଷ. The maximum offset angles of the hip, knee, and ankle 
joints are 7.74°, 5.9°, and 1.5°, respectively. The significant decrease compared with the 
active training with fixed impedance parameters indicates that the parameters of the SDM 
changed during the training process, automatically increasing the elasticity and damping 
coefficients of the model and increasing the difficult factor of the active training when the 
subject increased the interaction force, and automatically decreasing the elasticity and 
damping coefficients of the model and decreasing the difficult factor of the active training 
when the subject decreased the interaction force. 

 
Figure 10. Subjects’ joint trajectory−interaction torque curves Fixed−parameter impedance control-
ler results: (a) hip; (b) knee; (c) ankle. Fuzzy adaptive impedance regulator results: (d) hip; (e) knee; 
(f) ankle. 

  

Figure 10. Subjects’ joint trajectory−interaction torque curves Fixed−parameter impedance controller
results: (a) hip; (b) knee; (c) ankle. Fuzzy adaptive impedance regulator results: (d) hip; (e) knee;
(f) ankle.

4. Discussion

Through experiments, it is shown that an adaptive variable impedance control method
based on fuzzy rules is proposed in this paper, which provides an active, flexible, and
efficient rehabilitation training environment for patients. The control scheme consists of an
inner loop and an outer loop; for the problem of dynamic changes of optimal impedance
parameters during rehabilitation training, the outer loop adopts an adaptive control method
based on the fuzzy adjustment of impedance parameters, taking the HMI force, position,
and speed deviation as the input of the adaptive regulator of impedance parameters,
and using fuzzy reasoning to adjust the damping coefficient and stiffness coefficient in
real time to adjust the active training for the current motion state of the human body. The
intensity of the human lower limb and the exoskeleton leg can be avoided to avoid excessive
confrontation and ensure the safety of patients in training. Through the experimental study,
it was found that the SDM proposed in this study has well stability and can realize the actual
trajectory to follow the patient’s active interaction moment with certain flexibility; more
importantly, the fuzzy adaptive impedance controller proposed in this study performs
well in regulating the active training difficulty factor, can fully stimulate the patient’s
active training participation, can reduce the training difficulty factor when the patient’s
interaction force decreases, can increase the patient’s confidence in active training, and
increase the training difficulty factor when the patient’s active ability is enhanced. Thus,
the system can achieve the purpose of the adaptive adjustment of impedance according
to the patient’s motor ability during the patient’s active training. The system performs
well in stimulating the patient’s active movement, which proves that the active training
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control method of the rehabilitation robot based on fuzzy adaptive impedance adjustment
is reasonable and effective.

5. Conclusions

In this paper, an adaptive impedance active training control method is proposed.
Firstly, the SDM is used to achieve the joint angle following of to the patient’s interaction
force, so as to achieve the purpose of soft interaction; then, the sliding mode control is used
to achieve the tracking of the desired trajectory and improve the robustness. Finally, the
idea of fuzzy control is used to change the impedance parameters of the SDM according to
the change of the patient’s interaction force, so as to change the difficulty of active training
and fully mobilize the patient’s active participation. Further research can include virtual
reality game scenarios to improve patient motivation.
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