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Abstract. Compliance control is the key to human–robot physical interaction, which can improve the safety
and comfort of robot-assisted rehabilitation. Aiming to address the problems of the large time delay and low
compliance of the system caused by the slow speed of motion intention recognition based on the force signal, this
paper integrates the force signal and the surface electromyography (sEMG) signal as the input of the elbow–wrist
rehabilitation robot, which improves the responsiveness of the system. To further enhance the trajectory-tracking
performance of the system, a sliding-mode controller based on the double exponential reaching law (DE-SMC)
is designed. Then, the force and sEMG signal fusion experiment and the compliance control experiment were
carried out. The former showed that the fused force signal would judge the subject’s motion intention 102.5 ms
in advance, while the latter confirmed that the compliance control strategy based on the DE-SMC controller
effectively improved the compliance of elbow and radioulnar joint movement.

1 Introduction

In recent years, due to the aging of the population, acciden-
tal injury, nervous system diseases, etc., cases of impaired
upper-limb motor ability have occurred frequently. The use
of upper-limb rehabilitation robots to assist stroke or hemi-
plegic patients in rehabilitation training can improve their
athletic ability (Duret et al., 2015). The training mode of the
rehabilitation robot is mainly divided into active and passive.
Active rehabilitation training can help patients improve the
efficiency of rehabilitation training by accurately perceiving
the movement intention of the human body (Li et al., 2022).

Accurate recognition of patients’ motion intention is the
premise of active rehabilitation training. The sensor informa-
tion commonly used in rehabilitation training includes the
multi-dimensional force signal, surface electromyography
(sEMG) signals, and electroencephalogram (EEG) signals.
The human–robot interaction force signal is used to ensure
the accuracy of recognition. Based on the multi-dimensional
force sensor system, Huo et al. (2011) proposed a concept
called “intentional reaching direction (IRD)” to quantita-
tively describe the motion intention of the human body and

verified the effectiveness of IRD. The sEMG signal directly
reflects the movement intention of the human body. After
processing by support vector machine (SVM), it can be used
as input information to control the rehabilitation robot (Cai
et al., 2019; Ruiz-Olaya et al., 2015). However, the study of
Cesqui et al. (2013) showed that the pattern recognition al-
gorithm based on SVM was not suitable for decoding the
motion intention of patients with nerve injury. In order to
solve the above problems, Ao et al. (2023) used a convo-
lutional neural network model to convert the sEMG signal
into grayscale images for hand motion intention recognition
and achieved a high success rate. Antuvan et al. (2016) re-
alized the online classification of human upper-limb move-
ment through the extreme learning machine (ELM) algo-
rithm, which provides a new method for the real-time con-
trol of rehabilitation robots. Due to the high complexity of
limb movement and the inherent instability of the sEMG
signal, the feasibility of control schemes based on machine
learning (ML) and deep learning (DL) in actual scenarios
is greatly limited (Bao et al., 2022). At present, the pattern
recognition algorithm for EEG signals is a research hotspot.
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Shi et al. (2021) used convolutional a neural network to ex-
tract the deep features of EEG signals and combined this
with SVM to classify the deep features. In order to solve the
problem of low control efficiency when using EEG signals
alone, Tang et al. (2022) used a pattern recognition method
based on graph convolutional network (GCN) and gated re-
current unit network (GRU) to obtain the motion intention
of the human body. However, the motion intention recogni-
tion method based on EEG has difficulty in distinguishing
the movement of the left and right limbs of the human body.
Song et al. (2022) proposed a hierarchical recognition motion
intention (HRMI) method that combines EEG and sEMG sig-
nals. This method has been well applied in the actual scene.

In practical applications, it is difficult to accurately and
quickly identify human motion intention by using the inter-
active force signal, sEMG signal, or EEG signal alone (Luo
et al., 2024). The control system based on the human–robot
interaction force signal has strong robustness but general dy-
namic response performance. sEMG signals are susceptible
to external interference. It is necessary to eliminate factors
such as skin humidity and carefully select the acquisition po-
sition to accurately determine the movement intention of the
human body (Horiuchi et al., 2009; Soma et al., 2011). The
response speed of EEG signals is slow, and it is difficult to
distinguish the movement of the left and right limbs of the
human body (Stefanou et al., 2017). Little et al. (2021) found
that the accuracy of pattern recognition based on human
physiological signals is low, and, when kinematic signals are
included, the prediction accuracy is greatly improved. Kine-
matic signals provide a reliable source of information for
predicting the trajectory of the human body. Therefore, this
paper proposes a force and sEMG signal fusion algorithm
based on the Kalman filter and uses the calculated fusion
force signal as input to achieve the unity of response rapidity
and force compliance of the control system.

The compliance control of the rehabilitation robot mainly
includes impedance control and admittance control. This
strategy allows patients to independently adjust the output
behavior of the device, which is the most effective way to
achieve smooth and accurate multi-functional human–robot
interaction (Tucker et al., 2015). In order to balance the re-
sponsiveness and stability of the control system, fuzzy logic
or neural networks are often used to update the parameters
of admittance control (Ayas and Altas, 2017; Sharkawy and
Koustoumpardis, 2022). Zhang et al. (2022) and Wu and
Chen (2021), respectively, used the radial basis function neu-
ral network and the minimum jerk cost principle to update the
sliding-mode controller parameters of the admittance control
inner loop, which greatly improved the robustness of the sys-
tem. Abbas et al. (2023) proposed an event-triggered adap-
tive backstepping (ETAB) admittance control strategy to re-
duce the dynamic interference during human–robot interac-
tion obstacles and to improve the compatibility of the system.
In order to reduce the cost and complexity of the system, Sun
et al. (2021) proposed a sensor reduction technique that does

not sacrifice human–robot physical interaction. This tech-
nique uses only two sensors to simulate the virtual dynamics
of impedance control. Aiming to address the problem of low
participation by patients in the process of active rehabilita-
tion training, admittance control can be designed by adding
a force attenuation term or adopting the principle of mini-
mum intervention without using external electrical stimula-
tion (Wolbrecht et al., 2008; Wu et al., 2018). In addition,
Culmer et al. (2010) also designed a cooperative admittance
control strategy for dual-robot systems to ensure the safety of
active rehabilitation training to the greatest extent. The above
compliance control strategies are all for exoskeleton rehabili-
tation robots. Xie et al. (2021) and Saglia et al. (2013) devel-
oped admittance control strategies based on sEMG signals
for cable-driven finger rehabilitation robots and parallel re-
habilitation robots, respectively. In this paper, an admittance
control strategy with a fusion force signal as the system in-
put is designed for an elbow–wrist rehabilitation robot. Fi-
nally, the feasibility of the force and sEMG signal fusion
algorithm and the compliance control strategy is proved by
experiments.

This paper is mainly divided into five parts. The first part
introduces the research status of the human motion intention
recognition and compliance control strategy of the rehabil-
itation robot. The second part proposes a force and sEMG
signal fusion algorithm. The third part deduces the admit-
tance control based on the fusion force signal and verifies
the stability of the system. The fourth part carries out ex-
periments and designs a rehabilitation satisfaction evaluation
system. The fifth part presents the conclusion and future im-
provement direction.

2 Fusion of force and sEMG signals

2.1 Estimation of human–robot interaction force

The elbow–wrist rehabilitation robot mainly consists of a
series-parallel hybrid mechanism R(2-URR/RRS)Pe, a lift-
ing column, an electric control box, and a touch screen.
Among them, Pe is an elastic prismatic pair driven by the hu-
man elbow joint, which is used to compensate for the axis
error of the elbow joint. The adoption of the elastic pris-
matic pair and inflatable airbags improves the comfort of pa-
tients during active rehabilitation training. The structure of
the elbow–wrist rehabilitation robot is shown in Fig. 1.

The human motion branch and the elbow–wrist rehabilita-
tion robot form a human–robot closed-loop system, with the
force at the end of the human arm measured by a 3D force
sensor as the system input. Since the 3D force sensor cannot
directly measure the torque information required for active
rehabilitation of the elbow and wrist joints, it is necessary to
convert the force information into torque information using
the positional relationship between coordinate systems. The
coordinate system of the elbow–wrist rehabilitation robot is
shown in Fig. 2.
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Figure 1. Elbow–wrist rehabilitation robot.

Figure 2. Coordinate system of the elbow–wrist rehabilitation
robot.

{O} and {P } are the fixed coordinate system and the mov-
ing coordinate system of the robot, respectively, and {P ′} is
the force sensor coordinate system. The moving platform of
the mechanism can be described as follows in the fixed coor-
dinate system:

OP =
[

0 −hsinα hcosα
]T
. (1)

The instantaneous pose of the moving platform can be ex-
pressed by the rotation matrix R:

R= R (x,α)R (y,β)R (z,0)

=

 cosβ 0 sinβ
sinα sinβ cosα −sinα cosβ
−cosα sinβ sinα cosα cosβ

 . (2)

Since P ′ is the origin of the force sensor coordinate system,
the force signal can be expressed as follows:

F =
(
fx fy fz

)T
= P ′M. (3)

In the initial pose, when the force sensor rotates θ around the
Z axis of the moving coordinate system, the rotation matrix
can be expressed as follows:

R′ =

 cosθ −sinθ 0
sinθ cosθ 0

0 0 1

 . (4)

At this time, the position of P ′ in the moving coordinate sys-
tem can be described as follows:

PP ′ =
[
n · cos

(
θ + π

2

)
n · sin

(
θ + π

2

)
m
]T
. (5)

Given n= 8 and m= 75, the homogeneous coordinates of
point M in the fixed coordinate system are as follows:

[
OM

1

]
=

[
R OP

0 1

][
R′ PP ′

0 1

][
P ′M

1

]
. (6)

The homogeneous coordinates of point P ′ in the fixed coor-
dinate system are as follows:

[
OP ′

1

]
=

[
R OP

0 1

][
R′ PP ′

0 1

][
0
1

]
. (7)

Vector P ′M can be expressed as follows:

P ′M =OM −OP ′. (8)

In order to meet the safety principle, the speed and ac-
celeration of the rehabilitation robot during the movement
are small, and the influence of the mass distribution of the
robot at different initial positions on the measured value of
the force sensor can be compensated for by software. It is
known that i =

(
1 0 0

)T , j =
(

0 1 0
)T , and so

the torque of the space force on the X axis of the fixed coor-
dinate system, that is, the elbow joint torque, is as follows:

Mx =
[
OP ′−

(
OP ′ · i

)
i
]
×
[
P ′M −

(
P ′M · i

)
i
]
. (9)

The torque of the space force on the Y axis of the moving
coordinate system, that is, the wrist joint torque, is as follows:

My =
[
PP ′−

(
PP ′ · j

)
j
]
×
[
P ′M −

(
P ′M · j

)
j
]
. (10)
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By solving the above torque, the expressions of Mx and My

can be obtained as follows:

Mx = (fx cosα cosβ − fy(sinα cosγ

+ cosα sinβ sinγ )
+ fz(sinα sinγ − cosα sinβ cosγ ))
(8cosα sinγ +hsinα+ 80cosβ sinα
+ 8sinα sinβ cosγ )
+ (fz(cosα sinγ + sinα sinβ cosγ )
− fy(cosα cosγ − sinα sinβ sinγ )
− fx sinα cosβ)(hcosα− 8sinα sinγ
+ 80cosα cosβ + 8cosα sinβ cosγ ), (11)

My =−
(
8fx cosγ + 80fy sinγ + 80fz cosγ

)
, (12)

where α is the elbow joint angle; β is the wrist joint angle; γ
is the radioulnar joint angle; and fx , fy , and fz are the com-
ponents of the spatial force along the X-axis, Y -axis, and
Z-axis directions of the force sensor coordinate system, re-
spectively. Although the torque of the space force to the force
sensor coordinate system is zero in theory, in the actual reha-
bilitation training, due to the offset of the force action point,
the torque of the space force to the X axis of the force sensor
coordinate system, that is, the radioulnar joint torque, is as
follows:

Mz =−fy · n=−8fy . (13)

2.2 Acquisition and processing of the sEMG signal

The motion patterns of the elbow and wrist joints are related
to the state of the upper-limb muscles and are characterized
by sEMG signals. The sEMG has poor robustness and is eas-
ily affected by the external environment. The interference
factors in the acquisition process mainly include the follow-
ing:

1. External environmental noise. This mainly refers to the
electromagnetic (EMC) interference caused by elec-
tronic equipment, power supply, and wires to the sEMG
signal acquisition equipment. The EMC interference
will lead to a large distortion of the signal, and the sys-
tem will not be able to operate normally. Therefore, the
acquisition of sEMG signals should be carried out in a
space without too many electronic devices and should
ensure that the acquisition device is at least 1 m away
from the electric control box of the elbow–wrist reha-
bilitation robot.

2. Muscle fatigue. The longer the signal acquisition time
is, the deeper the fatigue of human muscles will be, and
the amplitude of the sEMG signal will increase signifi-
cantly. At this time, the sEMG signal cannot feed back
the patient’s real motion intention. During the actual
operation, the signal acquisition time is not more than

5 min. If the time exceeds the specified time, the subject
must take a short rest until the arm muscles are com-
pletely relaxed.

3. Resistance of the skin. Factors such as dry epidermal tis-
sue, dense stratum corneum, and secretions on the sur-
face of the skin increase the resistance of the skin. High
resistance will make the amplifier circuit more sensitive
to noise, which will cause the signal-to-noise ratio of
the system to decrease and the random error to increase.
The common method is to depilate and clean the skin in
the signal acquisition area before pasting the electrode.
In the process of signal acquisition, excessive sweat se-
cretion will lead to increased skin impedance and even
make the electrode fall off. Therefore, it is necessary to
ensure that the subject carries out the experiment at a
comfortable temperature.

4. Position of the electrode. During the movement of the
subject, the electrode may produce a small displace-
ment due to muscle contraction or stretching, resulting
in a low-frequency drift of the sEMG signal. Therefore,
when pasting the electrode, it is necessary to follow
the direction of the muscle fibers and try to stay away
from the joints with a large range of motion. In addi-
tion, the spacing of each acquisition position should be
at least 3 cm in order to reduce the mutual interference
between the signals and the friction between the wires.
If the electrode loosens or even falls off directly during
the signal acquisition process, it is necessary to immedi-
ately stop the experiment and replace the new electrode.

The structure of human upper-limb muscles is complex. Dif-
ferent muscle groups are composed of varying numbers of
deep and superficial muscles. Since the number of channels
supported by the acquisition system is limited and because an
excessive number of signal acquisition positions is not con-
ducive to motion decoupling and feature dimensionality re-
duction, targeted selection of signal acquisition positions is
required. The selected muscles should avoid functional over-
lap as much as possible to ensure that the contribution of
muscles to different movements is differentiated. Among the
muscles associated with elbow and wrist movements, the bi-
ceps brachii, which can significantly characterize elbow joint
motion, as well as the pronator teres and supinator muscles,
which can significantly characterize radioulnar joint motion,
are selected as the signal acquisition positions. The acquisi-
tion positions of the sEMG signals are shown in Fig. 3.

Because the sEMG signal has poor resistance to external
interference, the original signal needs to be filtered before
data fusion, as shown in Fig. 4. From the time domain char-
acteristics, the filtered signal is more stable, and the ampli-
tude is reduced (Li et al., 2021).

Active segment extraction is performed on the filtered sig-
nal. The purpose of active segment extraction is to distin-
guish whether the fluctuations of the sEMG signal corre-
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Figure 3. The acquisition position of sEMG signals.

Figure 4. Filtering of sEMG Signals. (a) Original signal; (b) fil-
tered signal.

spond to effective human motion or interference under a rest-
ing state. The core of active segment extraction lies in de-
termining the start and end points of movement. Based on
the moving-average method, a flexible single-channel multi-
threshold extraction algorithm is adopted for active segment
extraction. The calculation equation of the moving average
method is as follows:

sEMGaver_d(i)=

∣∣∣∣∣
[
H∑
k=1

sEMGraw(i)/H

]∣∣∣∣∣ , i < N, (14)

where sEMGraw(i) represents the original signal amplitude
of the single channel at time i,N is the number of data points,
and H is the number of channels. Under the premise of a
sampling frequency of 1000 Hz, the time window WTime of
the moving-average method is set to 100 ms, and the moving
window WTrans is set to 50 ms. Therefore, each time win-
dow will retain part of the information of the previous time
window. Finally, the moving-average processing can be ob-

Figure 5. The results of the active segment extraction.

tained:

s(i)=
i+WTime−1∑

j=i

sEMGaver_d(i+WTrans)/WTime,

i < N −WTime+ 1. (15)

The single-channel multi-threshold extraction algorithm is a
delay decision algorithm that sacrifices some real-time per-
formance to ensure data accuracy. Using this method to ex-
tract the active segment of the signal, the mean value of the
moving window and the extraction result of the active seg-
ment are shown in Fig. 5.

2.3 Design of multi-source information fusion algorithm

A complete sEMG muscle force estimation framework is
composed of two parts: feature extraction and muscle force
model construction. The one-dimensional time series char-
acterizing muscle activation state is taken as the input of the
force estimation model. Muscle force models are generally
divided into physiological models and pure mathematical
models. The representative physiological model is the Hill
model (Chen and Franklin, 2023), which calculates muscle
force by combining the active force from muscle fibers and
the passive force from tendons and corrects the active force
considering individual muscle conditions. Due to the com-
plex structure and difficult parameter determination of the
Hill model, mathematical models are commonly adopted in
practical applications. The selection criterion of mathemat-
ical models is to fit the function between muscle force and
sEMG as much as possible to achieve the minimum force
estimation error. In view of the high coupling of forearm
muscles, this paper only conducts the force estimation of
the biceps brachii. Typical models include the neural net-
work model, polynomial model, power exponential model,
and linear model (Wahid et al., 2024). The linear model has a
simple calculation process but cannot accurately describe the
actual relationship between sEMG and muscle force. In com-
parison, the polynomial model presents higher fitting degree
with high efficiency and high precision. Hence, the polyno-
mial model is selected for sEMG-based muscle force esti-
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Figure 6. Conversion of sEMG signals.

mation (Zhang et al., 2019). The nonlinear relationship be-
tween sEMG signals and muscle force is described using a
quadratic polynomial model:


F = a0+ a1 ·RMS+ a2 ·RMS2

RMS=

√
1

N−1

N∑
i=1
x2(i)

, (16)

where F is the estimated muscle force signals; x(i) refers
to the sEMG signal; N is the length of the sEMG signal;
RMS represents the root mean square of sEMG signals; and
a0, a1, and a2 are regression coefficients identified by the
least squares method. The estimated muscle force values are
shown in Fig. 6.

The estimated force signal in Fig. 6 exhibits large abrupt
changes. If directly used as the input of the control system,
it is difficult to achieve compliant control of the elbow–wrist
rehabilitation robot. Although the estimated force signal is
difficult to apply directly to the control of the elbow–wrist
rehabilitation robot, its predictability of the patient’s move-
ment complements the accuracy of the actual force signal.
This paper specifies that the fusion of the actual force sig-
nal and the estimated force signal is a linear process. There-
fore, the Kalman filtering method is adopted for denoising
and optimal estimation of the fused force signal. At time k,
the system equation can be described as follows:

{
xk = Axk−1+Buk−1+Qk−1
yk =Hxk +Rk

, (17)

where xk is the current state of the system, yk is the measured
value, A is the state transition matrix, B is the control matrix,
Qk−1 is the system state noise, Rk is the measured noise, and
uk−1 is the control quantity. The goal of the Kalman filter is
to minimize the difference between the predicted value and
the actual value. The update method of the system equation

Table 1. Results of multi-source information fusion.

Kk Start point (N ) End point (N ) Duration (s)

0.3 0.90 2.84 0.953
0.4 0.75 3.32 0.940
0.5 0.63 5.00 0.869
0.6 0.61 5.96 0.817
1 (SD) 2.00 2.00 0.933

and the measurement equation is
x̂−k = Ax̂k−1+Buk−1
P−k = APk−1A

T
+Qk−1

Kk = P
−

k H
T(HP−k H

T
+Rk)

x̂k = x̂
−

k +Kk(yk −Hx̂k−1)
Pk = (I−KkH )P−k

, (18)

where x̂−k is the estimated value of the system state at time
k, P−k is the covariance matrix, and I is the unit matrix. The
magnitude of Kalman gain Kk depends on Qk−1 and Rk . By
adjusting Qk−1 and Rk , Kk converges to 0.3, 0.4, 0.5, and
0.6, respectively. The multi-source information fusion curve
is shown in Fig. 7.

When the fused force signal is greater than 2N , the pa-
tient is determined to have motion intention, and the elbow–
wrist rehabilitation robot starts to move. Conversely, when
the fused force signal is less than 2N , the elbow–wrist re-
habilitation robot stops moving. The results are analyzed us-
ing the values of the actual force signal corresponding to the
start and end points of motion from the fused force signal
and the motion duration as evaluation indicators, as shown
in Table 1. It should be noted that the sEMG muscle force
and six-dimensional force data in Fig. 7 are the average val-
ues collected from multiple experiments conducted on three
healthy subjects. The variances of the estimated force signals
and six-dimensional force signals of the three subjects are all
within 15 %.

It can be seen from Table 1 that the force at the motion
starting point has little difference, and an early response to
motion can be achieved in all cases, whereas the force at the
motion ending point varies greatly. WhenKk is 0.3, the force
at the motion starting point is relatively large, resulting in
poor dynamic response of the system. When Kk is greater
than 0.5, the force at the motion ending point is relatively
large, and the patient will feel an impact at the end of the
motion, which impairs the motion compliance. From the per-
spective of the motion duration of the elbow–wrist rehabili-
tation robot, the motion duration at Kk = 0.4 is closer to the
standard motion time. In summary, to balance the rapid re-
sponse of the control system and force compliance, the fused
force signal with a Kalman gain of 0.4 is selected as the input
of the control system. The multi-source information fusion
algorithm based on Kalman filtering uses the characteristics
of human–robot interaction force signals and sEMG signals
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Figure 7. Multi-source information fusion based on Kalman filter. (a) Kk = 0.3; (b) Kk = 0.4; (c) Kk = 0.5; (d) Kk = 0.6.

Figure 8. Admittance control model.

for motion intention recognition so as to predict the upper-
limb motion of the patient.

3 Compliance control strategy based on the fused
force signal

3.1 Admittance control model

The compliance control strategy of the elbow–wrist rehabil-
itation robot enables patients with upper-limb motor disor-
ders to actively participate in rehabilitation training on the
premise of ensuring their safety, thereby improving the effi-
ciency of treatment. However, recognizing the patient’s mo-
tion intention using the fused force signal is only the first
step of rehabilitation training. Next, the recognized motion
intention needs to be transformed into motor motion through
the control model. Since the elbow–wrist rehabilitation robot
takes the fused force signal as the input of the control sys-
tem, an admittance control model is adopted in this paper, in
which the inner loop is a sliding-mode controller, as shown
in Fig. 8.

The essence of admittance control is to indirectly realize
force control by modifying the angles of each joint of the
robot, and its model reflects the mapping relationship be-
tween the fused force signal error and the displacement cor-
rection. However, the admittance principle cannot achieve
target trajectory tracking, and so the sliding-mode controller
is also required to track the displacement of the elbow–
wrist rehabilitation robot. Compared with the conventional
PD controller, the sliding-mode controller exhibits stronger

robustness against external disturbance forces and dynami-
cally varying nonlinear systems. Considering the problems of
chattering and slow convergence speed in the sliding-mode
reaching law, this paper designs a sliding-mode controller
based on the double exponential reaching law, which sup-
presses chattering while ensuring the motion performance of
the elbow–wrist rehabilitation robot. The reference variables
θ̇r and θ̈r are defined as follows:{
θ̇r = θ̇d +3 (θd − θ )
θ̈r = θ̈d +�

(
θ̇d − θ̇

) , (19)

where θ̇d is the expected value of the joint angular velocity,
θ̈d is the expected value of the joint angular acceleration, and
3 and � are the gain matrices. The parameter error matrix is
defined as follows:
M̃(θ )=M(θ )−M(θ )
C̃(θ, θ̇ )= C(θ, θ̇ )−C(θ, θ̇ )
G̃(θ, θ̇ )=G(θ, θ̇ )−G(θ, θ̇ )

. (20)

The combination of Eqs. (19) and (20) can be obtained: M̃(θ )θ̈r + C̃(θ, θ̇ )θ̇r + G̃(θ )= Y
(
θ, θ̇, θ̇r , θ̈r

)
2̃

2̃= [φi]T
; |φi | ≤ p̂i; i = 1,2,3· · ·,n

Y
(
θ, θ̇, θ̇r , θ̈r

)
=
[
yij
]
;
∣∣yij ∣∣≤ ŷij ;j = 1,2,3· · ·,10n

. (21)

Next, the sliding-mode switching function is defined as fol-
lows:

s = θ̇r − θ̇ = θ̇d − θ +3 (θd − θ )= ė+3e. (22)

The control law can be designed as follows:

u=M(θ )θ̈r +C(θ, θ̇ )θ̇r +G(θ )+ τc, (23)

where τc is the compensation term used to compensate for the
unmodeled dynamic changes and the overall disturbance of
the system. The expression of the double exponential reach-
ing law is defined as follows:

ṡ =−K1|s|
αsgn(s)−K2|s|

βsgn(s)−K3s, (24)
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Figure 9. Sliding-mode controller based on the double exponential
reaching law.

where K1, K2, and K3 are gain coefficients; α is the first ex-
ponential coefficient; and β is the second exponential coeffi-
cient. According to Eq. (24), τc can be expressed as follows:

τc =K1|s|
αsgn(s)+K2|s|

βsgn(s)+K3s

=

 k11|s1|
αsgn(s1)+ k21|s1|

βsgn(s1)+ k31s1
. . .

k1n|sn|
αsgn(sn)+ k2n|sn|

βsgn(sn)+ k3nsn

 . (25)

Figure 9 is the block diagram of the sliding-mode controller.
The sliding-mode controller based on the double exponen-
tial reaching law achieves a good balance between chatter-
ing suppression and motion performance guarantee for the
elbow–wrist rehabilitation robot.

3.2 Stability analysis of the controller

Based on the Lyapunov stability criterion, the stability of the
compliance control system for the elbow–wrist rehabilitation
robot is analyzed. First, the Lyapunov function is constructed
as follows:

V =
1
2
sTM(θ )s. (26)

The derivative of Eq. (26) can be obtained:

V̇ = sTM(θ )ṡ+
1
2
sTṀ(θ )s. (27)

Substituting Eq. (22) into Eq. (27) allows us to obtain the
following:

V̇ = sT [M(θ )θ̈r +C(θ, θ̇ )θ̇r +G(θ )− u
]
. (28)

The combination of Eqs. (23) and (28) can be obtained:

V̇ = sT [M(θ )θ̈r +C(θ, θ̇ )θ̇r +G(θ )

−M(θ )θ̈r −C(θ, θ̇ )θ̇r −G(θ )− τc
]

= sT
[
M̃(θ )θ̈r + C̃(θ, θ̇ )θ̇r + G̃(θ )− τc

]
= sT

[
Y (θ, θ̇, θ̇r , θ̈r )2̃− τc

]
. (29)

It can be seen from Eq. (29) that the model error 2̃ and the
compensation term τc will affect the stability of the system.

Therefore, by combining Eqs. (25) and (29), the following
can be obtained:

V̇2 =

n∑
i=1

10n∑
j=1

siyij φ̃i −

n∑
i=1

si
(
k1i |si |

αsgn(si)

+k2i |si |
βsgn(si)+ k3isi

)
=

n∑
i=1

10n∑
j=1

siyij φ̃i

−

n∑
i=1

(
k1i |si |

α+1
+ k2i |si |

β+1
+ k3isi

)
=

n∑
i=1

10n∑
j=1

siyij φ̃i −

n∑
i=1

ŷij p̂j |si |
α+1

−

n∑
i=1

ŷij p̂j |si |
β+1
−

n∑
i=1

ŷij p̂j s
2
i

≤−

n∑
i=1

ŷij p̂j s
2
i ≤ 0. (30)

In Eq. (30), when V̇2 ≡ 0, the value of s is 0. It can be con-
cluded that s ≡ 0 is the global equilibrium point that makes
the system asymptotically stable, that is, the point at which
the system will eventually converge to the global equilibrium
point.

3.3 Simulation of the control strategy

Simulink simulations are conducted to verify the trajectory-
tracking performance of the sliding-mode controller with a
double exponential reaching law (DE-SMC). Comparative
analyses are performed with the PD controller and the IPSO-
based adaptive fuzzy PID controller (AF-PID). Pulse sig-
nals, triangular signals, and standard sinusoidal signals are
employed as system inputs for comparative tests. The corre-
sponding simulation results are presented in Fig. 10.

The aforementioned simulations were conducted under
ideal conditions with no external disturbances. Subsequently,
the actual motion data of human elbow, wrist, and radioul-
nar joints are taken as the input of the control system. The
tracking performance of the three controllers for the desired
trajectory is presented in Fig. 11.

By analyzing the curves in Figs. 10 and 11, it can be found
that the PD controller can track the desired trajectory but with
unsatisfactory performance, which is mainly reflected in the
large tracking error during the motion commutation stage.
Although the adaptive fuzzy PID controller enables online
parameter updating and improves system robustness, it suf-
fers from poor real-time performance in parameter tuning,
resulting in a control effect comparable to that of the PD con-
troller. In contrast, the sliding-mode controller achieves su-
perior trajectory-tracking performance with fast convergence
speed and low tracking error, which conforms to the inherent
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Figure 10. Simulation curves. (a) Pulse signal input. (b) Triangular signal input. (c) Sinusoidal signal input.

Figure 11. Simulation curves of different joints. (a) Elbow joint; (b) wrist joint; (c) radioulnar joint.

characteristic of the high reaching rate of the sliding-mode
control strategy. It can be concluded that the PID controller
based on swarm optimization algorithms is suitable for large-
delay and large-inertia systems with slowly time-varying pa-
rameters, while the sliding-mode controller is more applica-
ble to strongly nonlinear systems with severe external distur-
bances and high real-time requirements.

To quantitatively compare the trajectory-tracking perfor-
mance among the PD controller, adaptive fuzzy PID con-
troller, and sliding-mode controller based on the double ex-
ponential reaching law, the maximum absolute error and
mean absolute error are selected as evaluation indicators. As
shown in Table 2, the sliding-mode control delivers substan-
tially better control performance than conventional PD con-
trol and exhibits stronger anti-disturbance capability than the
adaptive fuzzy PID controller. In addition, the tracking errors
of the elbow joint and wrist joint are higher than those of the
radioulnar joint, indicating that external disturbance torques
exert a more significant impact on the elbow and wrist joints,
while having a limited effect on the radioulnar joint. In con-
clusion, the proposed sliding-mode controller with a double
exponential reaching law possesses favorable tracking accu-
racy, high robustness, and superior anti-interference ability,
which realizes precise tracking of motion trajectories.

4 Experiments

4.1 The force and sEMG signal fusion experiment

To verify the feasibility of the force and sEMG signal fu-
sion algorithm, experiments were conducted. Since both the

multi-source information fusion algorithm and the compli-
ance control strategy proposed in this paper are at the stage
of feasibility verification and to avoid secondary injury to
patients with upper-limb motor disorders, all subjects in the
experiments are healthy adults who have not received any re-
habilitation training. The upper-arm length of the subjects in
the force and sEMG fusion experiment is 34 cm, the forearm
length is 27 cm, and the hand length is 19.6 cm. The precau-
tions and experimental procedures are as follows:

1. The experiment was conducted in a space with a flat
floor and free from interference from other electronic
equipment. An assistant was present near the subject to
prevent accidents. To further reduce external environ-
mental interference on sEMG signals and to ensure data
accuracy, hair removal and alcohol cleaning were per-
formed on the skin at electrode attachment sites before
the experiment. Electrodes could be attached only after
the skin was completely dry. If electrodes shifted or fell
off during the experiment, data acquisition was restarted
with new electrodes (Xu and Xiong, 2021). In addition,
the room temperature was maintained within 20 to 25°
to avoid sudden changes in electrode impedance caused
by temperature and sweating, which may interfere with
sEMG signal acquisition.

2. On the premise of meeting the above experimental re-
quirements, the prototype of the elbow–wrist rehabili-
tation robot was debugged, particularly to ensure that
all functions of the ZJE-II signal acquisition system
worked normally. The initial posture of the robot was
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Table 2. Error analysis of the control strategy.

Control strategy Maximum absolute error (°) Average absolute error (°)

Elbow Wrist Radioulnar Elbow Wrist Radioulnar

PD 2.56 1.79 0.91 0.52 0.47 0.18
AF-PID 1.91 1.43 0.77 0.41 0.23 0.13
DE-SMC 0.74 0.66 0.25 0.15 0.14 0.08

Figure 12. The force and sEMG signal fusion experiment.

Figure 13. Results of multi-source information fusion.

adjusted to make the subject feel comfortable. Then the
subject held the handle of the robot moving platform in
a sitting position, and, finally, the inflatable airbag was
adjusted to fix the forearm. The use of the inflatable
airbag improved the comfort of rehabilitation training
and also provided a protective effect.

3. The force–sEMG signal fusion program was run. The
subject pulled the elbow–wrist rehabilitation robot in a
pulse force mode, with a force cycle of approximately
1 s. To reduce the influence of muscle fatigue caused by
prolonged movement on sEMG signals, the subject is
required to rest for at least 1 min after every 10 cycles.
During the experiment, the subject’s elbow joint moves
from the initial −80 to −45°, as shown in Fig. 12. Af-
ter the experiment, the collected actual force curve and
the calculated fused force curve are plotted, as shown in
Fig. 13.

In Fig. 13, the red curve represents the subject’s actual
force signal, and the blue curve represents the fused force
signal processed by the fusion algorithm. It can be seen that
the fused force signal achieves a faster response time on the
basis of retaining the high stability and linearity of the actual
force signal, realizing the advance perception of movement.
The equation for calculating the average lead time ta is de-
fined as follows:

ta =
1
N

N∑
i=1

tstart+ tend

2
, (31)

where tstart is the lead time at the start of movement, and
tend is the lead time at the end of movement. The calcula-
tion results show that the fused force signal can predict the
subject’s motion intention 102.5 ms in advance. Therefore,
taking the fused force signal as the input of the admittance
control system achieves the unity of rapid response and force
compliance of the control system.

4.2 Compliance control experiment

The DOF of human motion involved in the compliance con-
trol strategy experiment include flexion and extension of the
elbow joint, adduction and abduction of the wrist joint, and
internal rotation and external rotation of the radioulnar joint.
Before the experiment, the mechanical limit and electrical
limit of the elbow–wrist rehabilitation robot should be en-
sured to work normally to guarantee the safety of the sub-
jects. Then, the initial posture of the elbow–wrist rehabilita-
tion robot and the inflatable airbag were adjusted to make the
subjects feel comfortable. Finally, active rehabilitation train-
ing of the elbow joint, wrist joint, and radioulnar joint was
carried out on three healthy adult males without any previous
rehabilitation training, as shown in Fig. 14. After the exper-
iment, the measured human–robot interaction force and the
motion angle of the servo motor were plotted as curves, as
shown in Fig. 15.

The gray region in Fig. 15 denotes the motion transition
zone. When the blue human–robot interaction force curve
passes through the gray region, the motion direction of the
elbow–wrist rehabilitation robot changes. The force thresh-
old corresponding to the gray region is 2N . When the abso-
lute value of the human–robot interaction force exceeds 2N ,
the system recognizes that the subject has a motion inten-
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Figure 14. Compliance control experiment. (a) Elbow joint; (b)
wrist joint; (c) radioulnar joint.

Figure 15. Force–position curve of compliance control. (a) Elbow
joint; (b) wrist joint; (c) radioulnar joint.

tion, and the elbow–wrist rehabilitation robot starts to move.
Otherwise, it remains stationary.

The compliance coefficient can quantify the robot’s ability
to accommodate human voluntary movement, which is es-
sential for reducing the risk of sports injury and improving
the comfort of rehabilitation training. It is generally defined
as the ratio of displacement or joint angle to human–robot
interaction force and is primarily adopted in constant com-

Figure 16. Time delay of the compliance control.

pliance control with fixed stiffness and damping parameters
during passive rehabilitation training (Liu et al., 2017). Nev-
ertheless, the constant parameter mode fails to adapt to indi-
vidual differences in motor ability and muscle tone among
patients, resulting in poor versatility. Accordingly, current
research gradually focuses on adaptive compliance regula-
tion technology, which realizes the real-time dynamic ad-
justment of the compliance coefficient by fusing interaction
force, sEMG signals, and motion data (Tian et al., 2022).
Inspired by the above studies, especially the research con-
ducted by Hu et al. (2023), this paper proposes a novel com-
pliance coefficient based on the time delay characteristics of
human–robot collaborative motion. The time delays of the
elbow–wrist rehabilitation robot in forward and reverse mo-
tions are defined as tpos and tneg, respectively, as shown in
Fig. 16.

To quantitatively characterize the influence of time delay
on the compliance control strategy of the elbow–wrist reha-
bilitation robot, the compliance coefficient of the control sys-
tem is defined as follows:

λ=
1

1
2N

N∑
i=1

(
tpos+tneg
treact

) . (32)

The reference value of the compliance coefficient is deter-
mined when the system only takes six-dimensional force sig-
nals as input and adopts a non-adaptive PD controller. Under
this constraint, repeated experiments show that the robot mo-
tion response delay treact is 400 ms. The average of forward
delay tpos and reverse delay tneg is equal to treact, and the ref-
erence compliance coefficient is calculated as 1. In Eq. (32),
λ is inversely proportional to human–robot interaction delay.
A smaller λ leads to longer motion response lag and poorer
system compliance. Patients will perceive obvious resistance
during rehabilitation training, and excessive system damping
may cause secondary injuries to upper limbs.

It should be noted that the compliance control experiment
in Fig. 14 takes fused force signals as system input and ap-
plies the proposed DE-SMC controller. To verify its perfor-
mance, testers and experimental procedures are kept consis-
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Table 3. Compliance coefficients under different control strategies.

Control strategy Value

Elbow Wrist Radioulnar

PD 1.23 0.78 1.62
AF-PID 1.28 0.45 1.56
DE-SMC 1.39 0.34 1.77

tent, and only different controllers are adopted. The compli-
ance coefficients of elbow, wrist, and radioulnar joints under
three control strategies are obtained, as shown in Table 3.

As shown in Table 3, the system compliance of the robot
adopting the DE-SMC strategy is slightly higher than that of
the AF-PID and PD controllers, while no significant differ-
ence is observed between the latter two. By comparing the
compliance coefficients of each joint, it can be found that the
elbow joint and radioulnar joint present higher compliance,
whereas the wrist joint exhibits relatively low compliance.
Accordingly, the motion response lag of the wrist joint is rel-
atively longer.

5 Conclusions

To meet the needs of patients with upper-limb motor disor-
ders to allow them to actively participate in rehabilitation
training, this paper proposes a compliance control strategy
for an elbow–wrist rehabilitation robot based on multi-source
information fusion. Based on filtering and active segment
extraction of sEMG signals, the estimated force signal and
the actual force signal are fused using Kalman filtering. The
fused force signal with a Kalman gain of 0.4 is selected as
the input of the control system, achieving the unity of rapid
motion response and force compliance. To further improve
the trajectory-tracking performance of the control system,
a sliding-mode controller based on the double exponential
reaching law is designed, and the stability of the system
is verified using the Lyapunov criterion. By comparing the
tracking performance with the traditional PD controller, it
is proved that the sliding-mode controller based on the dou-
ble exponential reaching law has high tracking accuracy and
strong anti-interference ability. Finally, the force and sEMG
fusion experiment and the compliance control experiment
were carried out. The former showed that the fused force
signal can predict the subject’s motion intention 102.5 ms
in advance, while the latter confirmed that the subject’s el-
bow joint and radioulnar joint had high motion compliance,
whereas the wrist joint had relatively low compliance.

According to the experimental results, the overall compli-
ance of the wrist joint is relatively low during the training
process with the elbow–wrist rehabilitation robot. Therefore,
the internal mechanism behind this phenomenon will be pri-
oritized for analysis in future research. Meanwhile, consid-
ering the fact that human–robot interaction force signals ex-

hibit significant random fluctuations in practical clinical en-
vironments, the research team will develop a variable damp-
ing admittance controller. This scheme can suppress the in-
stantaneous drastic acceleration of the control system caused
by sudden force signal changes, thereby effectively avoiding
the risk of secondary injury to patients with upper-limb mo-
tor disorders during rehabilitation training.
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