life
Article

A Mirror Bilateral Neuro-Rehabilitation Robot System with the
sEMG-Based Real-Time Patient Active Participant Assessment
Ziyi Yang 1 , Shuxiang Guo 2,3, *, Hideyuki Hirata 3 and Masahiko Kawanishi 4
1
2

3

4

*



Citation: Yang, Z.; Guo, S.; Hirata,
H.; Kawanishi, M. A Mirror Bilateral
Neuro-Rehabilitation Robot System
with the sEMG-Based Real-Time

Graduate School of Engineering, Kagawa University, Takamatsu 761-0396, Japan; s21d502@kagawa-u.ac.jp
Key Laboratory of Convergence Medical Engineering System and Healthcare Technology, The Ministry of
Industry and Information Technology, Beijing Institute of Technology, Beijing 100081, China
Department of Intelligent Mechanical Systems Engineering, Kagawa University, Takamatsu 761-0396, Japan;
hirata@kagawa-u.ac.jp
Department of Neurological Surgery, Faculty of Medicine, Kagawa University, Takamatsu 761-0793, Japan;
mk@kms.ac.jp
Correspondence: guo.shuxiang@kagawa-u.ac.jp; Tel.: +81-087-864-2333

Abstract: In this paper, a novel mirror visual feedback-based (MVF) bilateral neurorehabilitation
system with surface electromyography (sEMG)-based patient active force assessment was proposed
for upper limb motor recovery and improvement of limb inter-coordination. A mirror visual feedbackbased human–robot interface was designed to facilitate the bilateral isometric force output training
task. To achieve patient active participant assessment, an sEMG signals-based elbow joint isometric
force estimation method was implemented into the proposed system for real-time affected side force
assessment and participation evaluation. To assist the affected side limb efficiently and precisely,
a mirror bilateral control framework was presented for bilateral limb coordination. Preliminary
experiments were conducted to evaluate the estimation accuracy of force estimation method and
force tracking accuracy of system performance. The experimental results show the proposed force
estimation method can efficiently calculate the elbow joint force in real-time, and the affected side
limb of patients can be assisted to track output force of the non-paretic side limb for better limb
coordination by the proposed bilateral rehabilitation system.
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Hemiplegia, which is a common sequela after post unilateral stroke, always refers
to the hemiparesis on the contralateral side of the upper limbs leading to disability on
one side [1]. Due to the asymmetrical motor function between bilateral side limbs, the
impaired paretic arms can disorder the bimanual coordination function and disrupt the
inter-hemispheric balance, which reveals the interlimb coordination after stroke may be
a crucial point for stroke motor rehabilitation [2]. To address this kind of spatiotemporal
incoordination of bilateral side limbs, bilateral rehabilitation training is considered as a
promising way for hemiplegic recovery, which can activate the ipsilesional primary motor
area (M1), supplementary motor area (SMA), and primary sensory cortex (S1) as well as
enhance the intra-hemispheric and inter-hemispheric connectivity within the sensorimotor
network and the cortical motor system. Bilateral rehabilitation training is more effective
than unilateral arm training [3]. On the other hand, mirror visual feedback (MVF), a
kind of mirror therapy of neurorehabilitation for hemiplegia [4], was proven that it can
efficiently induce the human primary motor cortex (M1) for motor function recovery [5].
This phenomenon might be utilized to accelerate motor control rehabilitation processing.
Due to a lack of medical sources and the increasing number of stroke patients, robotaided rehabilitation is proposed to accelerate recovery processing based on the aforementioned neurological principle [6,7]. For hemiplegic patients, the bilateral rehabilitation
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robotics system is designed with a special feature that can allow patients to perform
the symmetric movements of the paretic side limb using the motor information of the
non-paretic side limb. Leonardis et al. [8] developed the BRAVO hand exoskeleton for rehabilitation, which can assist the paretic side limb to grasp the real object for bilateral training.
Gasser et al. [9] designed an upper limber exoskeleton for daily life activities assistant for
patients with hemiparesis. Miao et al. [10] presented a platform robotics system with a
subject-specific workspace for bilateral rehabilitation training. In our previous works, a
series of exoskeleton robotic systems have been proposed for bilateral rehabilitation in the
last decade, including a three degree of freedoms (DOF) portable exoskeleton [11,12], and
two kinds of compliance actuator-integrated exoskeleton device [13,14].
Furthermore, the surface electromyography (sEMG) is a muscle drive signal that
contains the motor information of the central nervous system (CNS) and brain, which
is always utilized for rehabilitation assessment [15], human intention prediction [16–18],
human movement classification [19–21], prosthesis control [22–24], and rehabilitation robot
control [25–27]. As the reference [28], the neuroplasticity can be induced by the patient’s
active participation that requires the rehabilitation training system should be implemented
with an active participant assessment function. The real-time patient participation assessment not only can let therapists clearly know the training effect but also can encourage
the patients to focus on the training task and improve the training effect. In the isometric
bilateral lifting training, the output force is the key evaluation metrics for active participation and muscle state. Therefore, the active forces of the antagonistic muscle pairs of elbow
joint should be evaluated for participation assessment.
The sEMG-based human active force estimation is discovered as it can intuitively reflect muscle motor unit action potentials (MUAPs) for active muscular force evaluation [29].
Zonnino et al. [30] proposed a muscular model-based isometric force estimator using
sEMG signals. As the complexity of the muscular model and substantial calculation load
of the muscular model parameter, the model-free force estimation method using machine
learning is also widely used in rehabilitation scenarios [31,32]. In our previous works,
we compared the estimation accuracy and calculation loads of these two methods in the
isometric force estimation task [33]. The neural network-based method has the advantage
of fast and convenience setup without a human body parameter setting, which is suitable
for rehabilitation scenarios.
As mentioned, a novel mirror bilateral neuro-rehabilitation system with sEMG-based
real-time active force assessment is proposed in this paper and preliminarily tested for the
upper limb elbow joint bilateral isometric force coordination. The conception diagram is
shown in Figure 1. The patient can be allowed to perform the synchronic and isometric
bilateral lifting task of the elbow joint by robotic assistance within a mirror visual feedbackbased human–robot interface. During the training process, the patient active force of the
paretic side limb can be estimated in real-time by the sEMG signals for patient active
participation assessment.
The paper structure is organized as follows: Section 2 introduces the robotics system
in mechanical structure and mirror visual feedback-based human–robot interface design.
The sEMG-based isometric force estimation method is provided in detail for signal preprocessing, feature extraction, and neural networks preparation in Section 3. Then, we
introduce the control framework for the real-time bilateral lifting task in Section 4. The
experimental setup and preliminary results are provided and analyzed in Section 5. The
discussion is based on the experimental results, which includes the comparison of the
sEMG-based force estimation performance with the state-of-art and the effect of the MVF
and robot-assistance performance. Finally, the conclusion and future work are drawn in
Section 7.
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Figure 1. Conception diagram of the proposed mirror bilateral neuro–rehabilitation
neuro−rehabilitation system with real–time
real−time sEMG–based
sEMG−based
patient
active
participant
assessment.
patient active participant assessment.
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structure was selected for high back-drivability and lightweight load for the patients. A
Maxon RE-30 Graphite Brushes Motor was implemented on the back broad, which is attached to the back of the patient by shoulder straps and body belts as the main actuator
system for driving the cable transmission. On the other side of cable transmission, a pulley
of the mainframe on the elbow joint was connected for rotation of flexion and extension
4 of 19
motion of the elbow joint. The VSA was also integrated on the mainframe to regulate the
real-time stiffness output. The output stiffness, as well as the force, was generated by the
deviation between the mainframe and the output link coupled by a pair of antagonistic
springs.In
Inthis
thisstudy,
study,only
onlythe
thehigh-stiffness
high-stiffness condition
condition was
was selected to assist simulation
springs.
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normal
non-compliance
rehabilitation
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2.3. The Mirror Bilateral Training Protocol of Upper Limb Elbow Joint
In this study, a mirror bilateral isometric force training with visual feedback has been
designed for improving motor learning and regaining motor control skills in patients.
Life 2021, 11, x. https://doi.org/10.3390/xxxxx
www.mdpi.com/journal/life
There are three different phases in the training process, including the offline learning phase,
online validation phase, and real-time assist phase. The process involves the subjects sitting
on the chair comfortably and placing their forearms on the table, which ensures their hands
naturally touch the force sensor. Two Ag/AgCl bipolar surface sEMG electrodes were
placed on the biceps and triceps of both side limbs for sEMG signals collection through the
Personal-EMG device (Oisaka Electronic Equipment Ltd., Fukuyama, Hiroshima, Japan).
The bilateral force signals were then displayed by the two symmetric vertical bar models
and the sEMG signals shown in graph models in the human–robot interface configuration.
In the offline learning phase, the active isometric force estimation is established by a neural
network method for muscular force assessment. The subject is instructed to perform an
isometric force output against the force sensor by their healthy side. The force signals
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There are three different phases in the training process, including the offline learning
phase, online validation phase, and real-time assist phase. The process involves the subjects sitting on the chair comfortably and placing their forearms on the table, which ensures their hands naturally touch the force sensor. Two Ag/AgCl bipolar surface sEMG
electrodes were placed on the biceps and triceps of both side limbs for sEMG signals col-

dination controller (introduced in Section 4).
3. sEMG-Based Isometric Active Force Estimation
The sEMG-based active isometric force estimation method is introduced as the fol6 of 19
lowing three subparts for real-time muscle active force assessment.
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3.1. sEMG Signal Processing
SignalSignal
preprocessing
3.1. sEMG
Processingis necessary for removing the noises and DC offset due to the
instability of the sEMG signals. After the sEMG signals’ acquisition of 1000 Hz sampling
Signal preprocessing is necessary for removing the noises and DC offset due to the
rate (Section 2.3), the raw sEMG signals are processed by a Personal-EMG filter box (Oiinstability of the sEMG signals. After the sEMG signals’ acquisition of 1000 Hz sampling
saka Electronic Equipment Ltd., Fukuyama, Hiroshima, Japan) for removing the DC offrate (Section 2.3), the raw sEMG signals are processed by a Personal-EMG filter box (Oisaka
set. Then, the filtered sEMG signals are rectified by a 50 Hz notch filer for full-wave rectiElectronic Equipment Ltd., Fukuyama, Hiroshima, Japan) for removing the DC offset. Then,
fication. The processed sEMG signals can be obtained after a four order Butterworth filter
the filtered sEMG signals are rectified by a 50 Hz notch filer for full-wave rectification.
with 10–500 Hz cut frequency. Due to the individual difference and instability of sEMG
The processed sEMG signals can be obtained after a four order Butterworth filter with
signals, the normalization processing should be implemented after the Butterworth filter
10–500 Hz cut frequency. Due to the individual difference and instability of sEMG signals,
to obtain the normalized sEMG signals from 0 to 1 by maximum voluntary contraction
the normalization processing should be implemented after the Butterworth filter to obtain
(MVC). The completed signal processing is shown in Figure 4. The comparison results of
the normalized sEMG signals from 0 to 1 by maximum voluntary contraction (MVC). The
the raw signals and filtered sEMG signals are shown in Figure 5 for clear observation.
completed signal processing is shown in Figure 4. The comparison results of the raw
signals and filtered sEMG signals are shown in Figure 5 for clear observation.
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Figure 5. sEMG signals preprocessing and normalization for obtaining the muscle activation: (a) the blue line is the filtered
sEMG signals of the biceps, and the orange line is the filtered sEMG signals of the triceps, (b) raw sEMG signals of biceps.
Figure 5. sEMG signals preprocessing and normalization for obtaining the muscle activation: (a) the blue line is the filtered
(c) Raw sEMG signals of triceps.
sEMG signals of the biceps, and the orange line is the filtered sEMG signals of the triceps, (b) raw sEMG signals of biceps.
(c) Raw sEMG signals of triceps.

3.2. Feature Extraction
As proven in the previous study [19], the multi-features of sEMG signals with timedomain feature and frequency domain feature contain more efficient and internal information than a single feature. To obtain the accurate force estimation performance, a novel
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3.2. Feature Extraction
As proven in the previous study [19], the multi-features of sEMG signals with timedomain feature and frequency domain feature contain more efficient and internal information than a single feature. To obtain the accurate force estimation performance, a novel
time-domain multi-feature set was selected and utilized as the input vector of the neural
network. Here, we review these features and their descriptions in Table 1. The multi-feature
vector consists of four time-domain features, including mean absolute value (MAV), root
mean square (RMS), difference absolute standard deviation value (DASDV), and wavelength (WL). Each feature vector is calculated from one channel of sEMG signals of one
muscle by a 0.2 s sliding window method in real-time, and the multi-feature vector space
is shown as Figure 6.
Life 2021, 11, x FOR PEER REVIEW
Table 1. Multi-feature vector selection and equations.
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3.3. BPNN

As the nonlinear relationship between the sEMG signals and human motor join
put force, the backpropagation neural network is employed for estimating the hum
tive motor joint output force. The BPNN structure in this study is designed with
layers containing: an input layer (𝑋(𝑛)), a hidden layer (ℎ(𝑛)), and an output layer (
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3.3. BPNN
As the nonlinear relationship between the sEMG signals and human motor joint
output force, the backpropagation neural network is employed for estimating the human
active motor joint output force. The BPNN structure in this study is designed with three
layers containing: an input layer (X (n)), a hidden layer (h(n)), and an output layer (Y(n)),
as shown in Figure 7. The input of the BPNN is the multi-feature vector calculated from the
biceps and triceps. Because there are four features in one multi-feature vector, the number
of input layer neurons totals eight. The number of hidden layer neurons is calculated by
the equation:
NHidden = log2 ( NInput )
(1)
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The structure
the BPNN
model
for human
estimation
and real-time
Figure
7. The
of theofBPNN
model
for human
activeactive
force force
estimation
and real-time
force force
assessment.
assessment.

4. Mirror Bilateral Control for Bilateral Limb Coordination
The mirror bilateral rehabilitation training aims to assist the affected side limb to finish the mirror motion following the non-paretic side motion guidance. In the bilateral rehabilitation robotics system, a special characteristic is that the motion information of the
non-paretic limb is delivered to the affected side limb within mirror-symmetric guidance
as the most suitable training for the patients themselves. The hemiplegia patients can re-
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4. Mirror Bilateral Control for Bilateral Limb Coordination
The mirror bilateral rehabilitation training aims to assist the affected side limb to
finish the mirror motion following the non-paretic side motion guidance. In the bilateral
rehabilitation robotics system, a special characteristic is that the motion information of the
non-paretic limb is delivered to the affected side limb within mirror-symmetric guidance as
the most suitable training for the patients themselves. The hemiplegia patients can regain
motor control skills and more importantly, the bilateral limb coordination to improve the
motor cognition of the bilateral brain hemisphere.
In this study, a mirror bilateral isometric force training with visual feedback is designed
for the high injured patients or initial stage of rehabilitation as the isometric force output is
the easiest movement task of rehabilitation. To assist the patient appropriately, the output
force error was calculated as the assist metric.
Ferror = Fhealth − Fa f f ected

(4)

For the precise assistant force control of the PVSED, the dynamics of the active DOF
of the elbow joint should be considered as follows [36]:
..
.

Jm θ j + Bm θ j + G θ j = τVSA + τhuman

(5)

..
.

J1 θ1 + B1 θ1 + τj + τhuman /γ = Tm1

(6)

Tm1 = k m1 im1

(7)

τVSA = K (θ2 )· θ j − θ1
.

where the θ j , θ j , and

..
θj



(8)

represent the angle, angular velocity, and angular acceleration of
.

..

the output link. Similarly, the θ1 , θ1 , and θ1 are the angle, angular velocity, and angular
acceleration of the mainframe. The Jm and Bm are the inertia moment of the motor rotor
and the damping coefficient of the output link, respectively. The J1 and B1 are the inertia
moment
 of the motor rotor and the damping coefficient of the mainframe respectively. The
G θ j denotes the gravity of the human forearm and the PVSED. The τVSA represents the
output torque of the VSA and it can be obtained by Equation (8) related to the stiffness
and deviation angle. The parameter γ is the torque transmission ratio of the main actuator
system, which is driven by the motor m1 with the motor torque constant k m1 and its’ torque
Tm1 is controlled by the motor current im1 . Due to the isometric force constraint, the angular
can be considered as a constant so that the angular velocity and angular acceleration can
be ignored. As mentioned, the only high stiffness condition of the PVSED is discussed in
this paper, which means the robotic stiffness is 118.49 Nm/rad. For precise and rapid force
tracking performance, a PID controller was employed in the control system. The input is
the force of the healthy side and the output is the motor current. The force of the affected
side would be feedback to the input for feedback control. It should be noted that although
the angular velocity and angular acceleration can be ignored in the isometric force output
task, the gravity of the PVSED and human forearm should be compensated to set an initial
position of forearms for comfortability and precision. The overall control framework is
shown in Figure 8.
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5.1. Experimental
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joint. The experimental setup is shown in Figure 9. In the experimental trials, the subject
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When
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were
asked
to
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their
arms.
There
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a
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of
five
trials
for
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subject
in
the
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were asked to relax their arms. There are a total of five trials for each subject in the offline
training phase. The same task is performed after the learning model training for the
training phase. The same task is performed after the learning model training for the online
online validation phase. Finally, the real-time assist phase can be carried out after the wellvalidation phase. Finally, the real-time assist phase can be carried out after the well-perperformance model is selected. All experiments were conducted within the experimental
formance model is selected. All experiments were conducted within the experimental rerequirements of the Institutional Review Board (IRB) in the Faculty of Engineering Kagawa
quirements of the Institutional Review Board (IRB) in the Faculty of Engineering Kagawa
University (Ref. No. 01-011).
University (Ref. No. 01-011).
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5.2. Experimental
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5.2. Experimental
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force estimation,
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perform
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force output process from the relaxing state to the max voluntary output state five times
During the subject increasing the output force of the bilateral limb, the sEMG signals were
During the subject increasing the output force of the bilateral limb, the sEMG signals wer
accordingly increasing from the 0.2 mV of the relaxing state to the 0.6 mV. The BPNN
accordingly increasing from the 0.2 mV of the relaxing state to the 0.6 mV. The BPNN
model training results are shown in Figure 10, where the linear regression results of the
model training results are shown in Figure 10, where the linear regression results of th
model training, model validation, model test, and total performance are 0.95762, 0.95569,
model training, model validation, model test, and total performance are 0.95762, 0.95569
0.94997, and 0.9562, respectively. To clearly observe the real-time estimation performance, a
0.94997, and 0.9562, respectively. To clearly observe the real-time estimation performance
real-time estimation result of the experimental trails is shown in Figure 11. From Figure 11,
a real-time estimation result of the experimental trails is shown in Figure 11. From Figur
even if the output force was not linear, the estimation result could also track this nonlinear
11, even if the output force was not linear, the estimation result could also track this non
trend by sEMG signals in real-time. In the end, the correlation coefficient and root mean
linear trend by sEMG signals in real-time. In the end, the correlation coefficient and roo
square error (RMSE) results of all 10 times of the experimental trials have been calculated
mean square error (RMSE) results of all 10 times of the experimental trials have been cal
as the following equations, shown in Figure 12.
culated as the following equations, shown in Figure 12.
v
u N
u1
RMSE = t ∑ ( FE − FA )2
(9)
n n =1
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where the FE denotes the estimated force and FA represents the actual force. The parameter
N is the number of sample points. All the calculations and data analysis were processed
by MATLAB (MathWorks, MA). The max RMSE is under 3.5 N and the min RMSE is over
1 N. Similarly, the highest correlation coefficient is 99.29, and the lowest one is 91.33. It
is noted that the effect of the triceps is not obvious during the force output process. This
phenomenon was possibly caused by the manner of output force against the force sensor.
In this study, the bilateral output force was designed as “lifting force of the elbow joint”
which refers to the flexion movement of the elbow joint. As the biomechanics, this flexion
movement is mainly driven by the contraction of the biceps, and the triceps are in the
extension state during this movement. On the contrary, if the manner of output force is
designed as the “pushing down of the elbow joint”, it can be predicted that the triceps
will take the domination effect rather than the biceps. However, considering the synergy
influence of the wrist joint in the “pushing down movements”, the “lifting movement” was
selected for preliminary evaluation. Both lifting and pushing down movements will be
considered as the future works of this mirror bilateral neuro-rehabilitation system.
(2) Real-time assistant performance: For evaluating the robot assist effect in the realtime assist phase, the output force signals of both side limbs have been compared in
Figure 13. Due to the bilateral rehabilitation training requirements that use the information
of healthy side limb to guide the affected-side limb, the healthy side output force was set as
the reference signals and the robot assisted the affected side limb in tracking the reference
force. As the implementation of the PID force tracking controller, the affected side output
13 of 21
force was almost the same as the reference, which can be observed in Figure 13. The error
signal between the reference force of the non-paretic side and robot-aided force of affected
force was also shown, which was utilized as the input signals of the PID controller.

Figure 10. Regression results of BPNN model training, validation, testing, and overall performance.
Figure 10. Regression results of BPNN model training, validation, testing, and overall performance.
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Figure 10. Regression results of BPNN model training, validation, testing, and overall performance.

Life 2021, 11, x FOR PEER REVIEW

14 of 21

Figure 11. The real–time active force estimation results by sEMG signals from biceps and triceps. The left graph shows the
Figure 11. The real−time active force estimation results by sEMG signals from biceps and triceps. The left graph shows the
results of the subject 1 and the right graph is subject 2.
results of the subject 1 and the right graph is subject 2.
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bilitation scenario, the high stiffness of the robotics may lead to the high intensity and
high interaction force for motor skill learning and regaining or motor control skills. However, it will also increase the potential risk of secondary injury due to the strong interactions. Therefore, the force tracking performance was compromised for ensuring the trainof 19
ing safety. In future works, the low-stiffness output condition can be explored for14 high
compliance human–robot interaction.
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6. Discussion
Considering the safety of the human–robot interactions, the parameter of the PID
controller
was setmain
as relatively
reduceneuro-rehabilitation
the force tracking performance
This study’s
purpose low,
is to which
mirrormay
a bilateral
robotics sysso
that
the
bilateral
output
error
could
be
over
5
N,
as
shown
in Figure
13b.
The visual
other
tem with sEMG-based patient active participant assessment, which
uses the
mirror
reason is that the high-stiffness condition of the PVSED was selected in this study. For
the rehabilitation scenario, the high stiffness of the robotics may lead to the high intensity
and high interaction force for motor skill learning and regaining or motor control skills.
However, it will also increase the potential risk of secondary injury due to the strong
Life 2021, 11, x. https://doi.org/10.3390/xxxxx
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interactions. Therefore, the force tracking performance was compromised for ensuring the
training safety. In future works, the low-stiffness output condition can be explored for high
compliance human–robot interaction.
6. Discussion
This study’s main purpose is to mirror a bilateral neuro-rehabilitation robotics system with sEMG-based patient active participant assessment, which uses the mirror visual
feedback and robot assistant to induce bilateral limb inter-coordination. Furthermore, the
patient active participant assessment is integrated into the system for real-time rehabilitation training evaluation by an sEMG-based elbow joint force estimation method. Based
on the experimental results, two main aspects are discussed in this section, including the
sEMG-based elbow joint force estimation and the MVF-based human–robot interface for
the bilateral neuro-rehabilitation robot system.
6.1. Comparison of the sEMG-Based Active Force Estimation with the State-of-Art
To realize the EMG-based force estimation, Zhang et al. [15] used the sEMG signals
from the four muscles of the forearm to predict the muscle strength of the wrist joint.
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The sEMG signals were processed and calculated to obtain the muscle activity during the
downward touch motion. Then the obtained muscle activity was used as the input of an
artificial neural network (ANN) classifier to recognize the various motions. A developed
prediction function was integrated into the muscular model for force prediction. As
there were some discontinuous points in the prediction results, a smooth algorithm was
utilized to obtain the final predicted force results. The total performance of this prediction
method can reach that the average correlation coefficient R2 is 0.9085. However, as
the parameters of the muscular model function are complex and time-consuming, this
method may be inconvenient for individuals. Hajian et al. [37] studied the generalized
EMG-based isometric contact force estimation method using a deep convolutional neural
network. The HD-sEMG signals from the three elbow flexor muscles were collected by
21 channels. The total 16 kinds of sEMG features from the time-domain and frequencydomain were calculated as the input of the proposed CNN-FLF model. This model can
reach a high estimation performance for the NMSE to be 1.60 ± 3.69. However, the multifeature input vector and deep CNN model requires high computing power to ensure
real-time estimation performance. Zhang et al. [38] proposed a novel force estimation
method using muscle activation heterogeneity analysis and kurtosis-guided filtering. In
this study, a novel preprocessing method was designed for high accuracy estimation. First,
the HD-sEMG signals were decomposed by principal component analysis, and then, a
heterogeneity analysis was conducted. Finally, a kurtosis-guided filter was utilized to
process the selected principal component to get the input signals. The model can realize the
correlation coefficient R2 from 0.877 to 0.955. Unfortunately, similar to the above two works,
the time-consuming data processing may lead to the difficulty of real-time estimation. All
the comparison results are summarized in Table 2.
Table 2. Comparison with the state of art.
Research

Joints

EMG
Channels

Features

Other
Sensors

Results

Zhang [15]

Wrist

4

Muscle activation

MTx
sensor

R2 : 0.9085

Temporal and Spectral
information (16 in total)
Principal component
analysis (PCA) and
Heterogeneity
information

ANN and Prediction
Function
Deep convolutional
neural networks
Optimal Principal
Component Selection
and kurtosis-guided
filter

Hajian [37]

Elbow

21

no

NMSE: 1.60 ± 3.69

Zhang [38]

Elbow

128

no

R2 : 0.877~0.955

This work

Elbow

2

MAV, RMS, DADSV, WL

BPNN

no

R2 : 0.9562
RMSE: 1.8935

Model

As the sEMG-based elbow joint force estimation method was proposed for the realtime patient active assessment, the real-time performance is the crucial factor for real rehabilitation scenarios. In this study, only two channels of sEMG signals and four time-domain
features were utilized, but the average R2 is 0.9562 and the RMSE is 1.8935. Although more
information can be saved by more multi-features extraction or more complex computing
model, the real-time performance is decreased by more features and more complex model
calculations. Too large of a feature calculation will fail to estimate the elbow joint force
in real-time; the balance between the estimation accuracy and real-time estimation speed
should be considered in real applications. The real-time performance of the proposed
multi-feature vector has also been validated for the feature extraction computing time to
be under 0.1 s, which is acceptable as it is under a single sliding window length. Therefore,
the trade-off between the complex model and computational amount should be considered
for achieving high accuracy estimation in real-time.

puting time to be under 0.1 s, which is acceptable as it is under a single sliding window
length. Therefore, the trade-off between the complex model and computational amount
should be considered for achieving high accuracy estimation in real-time.
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6.2. Analysis of the Efficiency of the MVF to the Bilateral Rehabilitation
As the one-side disability of the hemiplegia patients, the inter-coordination of the
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be particularly
considered
bilateral rehabilitation. In this study,
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the
robotwith MVF condition are 2.49, 4.02, and 2.04, respectively (shown as Figure 15).
assisted with MVF condition are 2.49, 4.02, and 2.04, respectively (shown as Figure 15).

Figure 14. The comparison results of subject 2 in the three conditions, with/without the MVF and robotic assistance with
MVF. (a) the bilateral isometric force task without MVF; (b) the errors of the bilateral isometric force task without MVF
(c) the bilateral isometric force task with MVF (d) the errors of the bilateral isometric force task with MVF (e) the bilateral
isometric force task with MVF and Robotics assistance. (f) the errors of the bilateral isometric force task with MVF and
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Figure 14. The comparison results of subject 2 in the three conditions, with/without the MVF and robotic assistance with
MVF. (a) the bilateral isometric force task without MVF; (b) the errors of the bilateral isometric force task without MVF (c)
the bilateral isometric force task with MVF (d) the errors of the bilateral isometric force task with MVF (e) the bilateral
17MVF
of 19 and
isometric force task with MVF and Robotics assistance. (f) the errors of the bilateral isometric force task with
Robotics assistance.

Figure 15. The average errors of both subject 1 and subject 2 in the three conditions, with/without
the MVF and robotic assistance with MVF.

Figure 15. The average errors of both subject 1 and subject 2 in the three conditions, with/without the MVF and robotic
assistance with MVF.
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7. Conclusions

As the mirror neurons of brains,
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bilateral rehabilitation training is considered
a promiswww.mdpi.com/journal/life
ing way to induce brain plasticity for hemiplegia patients. In this paper, a mirror bilateral
neuro-rehabilitation training system with sEMG-based patient active participation assessment was proposed for the bilateral isometric force output coordination of the upper limb
elbow joint. With the mirror visual feedback of the human–robot interface, the hemiplegia
patients could perform bilateral isometric lifting tasks with modulated robotic assistance
intuitive cognition of motor control of bilateral limbs. To realize fast and adaptive realtime active force assessment, a backpropagation neural network was utilized to map the
relationship of the sEMG signals and elbow joint output force by a time-domain multi-
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feature vector. This active force estimation enables the therapists and patient to observe
the patient’s active participation effort during the rehabilitation training for quantitative
motor recovery evaluation. Considering the one side disability of the hemiplegia patients,
the PVSED rehabilitation robotics was employed in this system for real-time assistance of
bilateral rehabilitation. The dynamics of the PVSED were analyzed and adapted for the
isometric lifting task requirements. Furthermore, a PID controller was implemented in the
robotic control framework for precise and fast output force tracking.
Preliminary experiments were carried out to evaluate the feasibility of the real-time
active force estimation and bilateral isometric force output assistance. As the three phases
for BPNN model training, validation, and testing, the feasibility and effectiveness of the
sEMG-based active force estimation method have been proven with good real-time performance. In the five experimental trials of two healthy male volunteers, the experimental
results showed that the proposed mirror bilateral neuron-rehabilitation system allowed the
patients to perform bilateral equal isometric output force with robotic assistance. Furthermore, a comparison experiment was conducted to validate the effect of the MVF and robot
assistance on the isometric force inter-coordination of bilateral limbs. The future work will
mainly focus on involving hemiplegia patients to carry out the controlled clinical trials.
Author Contributions: Z.Y. and S.G. conceived the idea and finished the paper structure. S.G.
directed the project-supplied experiment devices. Z.Y. completed the programming of the project
and carried out the experiments and analyzed the experimental results. Z.Y. also took over the paper
manuscript writing. S.G., H.H. and M.K. reviewed and revised the paper draft. All authors have
read and agreed to the published version of the manuscript.
Funding: This work was supported in part by SPS KAKENHI under Grant 15K2120 and the Foundation of NANKAIIKUEIKAI under Grant KF465036.
Institutional Review Board Statement: The study was conducted according to the guidelines of
the Declaration of Helsinki, and approved by the Institutional Review Board (IRB) in the Faculty of
Engineering Kagawa University (Ref. No. 01-011 from February 2020).
Informed Consent Statement: Written informed consent has been obtained from the subjects to
publish this paper.
Conflicts of Interest: The authors declare no conflict of interest.

References
1.
2.
3.
4.
5.
6.
7.
8.

9.

10.

Piscitelli, D.; Turpin, N.A.; Subramanian, S.; Feldman, A.G.; Levin, M.F. Deficits in corticospinal control of stretch reflex thresholds
in stroke: Implications for motor impairment. Clin. Neurophysiol. 2020, 131, 2067–2078. [CrossRef]
Kim, R.K.; Kang, N. Bimanual Coordination Functions between Paretic and Nonparetic Arms: A Systematic Review and
Meta-analysis. J. Stroke Cerebrovasc. Dis. 2020, 29, 104544. [CrossRef]
Wu, J.; Cheng, H.; Zhang, J.; Bai, Z.; Cai, S. The modulatory effects of bilateral arm training (BAT) on the brain in stroke patients:
A systematic review. Neurol. Sci. 2021, 42, 501–511. [CrossRef]
Deconinck, F.J.A.; Smorenburg, A.R.P.; Benham, A.; Ledebt, A.; Feltham, M.G.; Savelsbergh, G.J.P. Reflections on mirror therapy:
A systematic review of the effect of mirror visual feedback on the brain. Neurorehabilit. Neural Repair 2015, 29, 349–361. [CrossRef]
Nojima, I.; Mima, T.; Koganemaru, S.; Thabit, M.N.; Fukuyama, H.; Kawamata, T. Human motor plasticity induced by mirror
visual feedback. J. Neurosci. 2012, 32, 1293–1300. [CrossRef]
Krebs, H.I. Twenty + years of robotics for upper-extremity rehabilitation following a stroke. Rehabil. Robot. 2018, 175–192.
Bao, G.; Pan, L.; Fang, H.; Wu, X.; Yu, H. Academic Review and Perspectives on Robotic Exoskeletons. IEEE Trans. Neural Syst.
Rehabil. Eng. 2019, 27, 2294–2304. [CrossRef]
Leonardis, D.; Chisari, C.; Bergamasco, M.; Frisoli, A.; Barsotti, M.; Loconsole, C.; Solazzi, M.; Troncossi, M.; Mazzotti, C.;
Castelli, V.P.; et al. An EMG-controlled robotic hand exoskeleton for bilateral rehabilitation. IEEE Trans. Haptics 2015, 8, 140–151.
[CrossRef] [PubMed]
Gasser, B.W.; Martinez, A.; Sasso-Lance, E.; Kandilakis, C.; Durrough, C.M.; Goldfarb, M. Preliminary Assessment of a Hand and
Arm Exoskeleton for Enabling Bimanual Tasks for Individuals with Hemiparesis. IEEE Trans. Neural Syst. Rehabil. Eng. 2020, 28,
2214–2223. [CrossRef] [PubMed]
Miao, Q.; Peng, Y.; Liu, L.; McDaid, A.; Zhang, M. Subject-specific compliance control of an upper-limb bilateral robotic system.
Robot. Auton. Syst. 2020, 126, 103478. [CrossRef]

Life 2021, 11, 1290

11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.
26.
27.
28.
29.
30.
31.
32.
33.
34.
35.
36.

37.
38.

19 of 19

Song, Z.; Guo, S.; Xiao, N.; Gao, B.; Shi, L. Implementation of human-machine synchronization control for active rehabilitation
using an inertia sensor. Sensors 2012, 12, 16046–16059. [CrossRef]
Song, Z.; Guo, S.; Pang, M.; Zhang, S.; Xiao, N.; Gao, B.; Shi, L. Implementation of resistance training using an upper-limb
exoskeleton rehabilitation device for elbow joint. J. Med. Biol. Eng. 2014, 34, 188–196. [CrossRef]
Zhang, S.; Guo, S.; Pang, M.; Gao, B.; Guo, P. Mechanical Design and Control Method for SEA and VSA-based Exoskeleton
Devices for Elbow Joint Rehabilitation. Neurosci. Biomed. Eng. 2015, 2, 142–147. [CrossRef]
Zhang, S.; Guo, S.; Fu, Y.; Boulardou, L.; Huang, Q.; Hirata, H.; Ishihara, H. Integrating Compliant Actuator and Torque Limiter
Mechanism for Safe Home-Based Upper-Limb Rehabilitation Device Design. J. Med. Biol. Eng. 2017, 37, 357–364. [CrossRef]
Zhang, S.; Guo, S.; Gao, B.; Huang, Q.; Pang, M.; Hirata, H.; Ishihara, H. Muscle strength assessment system using sEMG-based
force prediction method for wrist joint. J. Med. Biol. Eng. 2016, 36, 121–131. [CrossRef]
Bi, L.; Feleke, A.; Guan, C. A review on EMG-based motor intention prediction of continuous human upper limb motion for
human-robot collaboration. Biomed. Signal Process. Control. 2019, 51, 113–127. [CrossRef]
Guo, S.; Yang, Z.; Liu, Y. EMG-based Continuous Prediction of the Upper Limb Elbow Joint Angle Using GRNN. In Proceedings of
the 2019 IEEE International Conference on Mechatronics and Automation (ICMA), Tianjin, China, 4–7 August 2019; pp. 2168–2173.
Yang, Z.; Guo, S.; Liu, Y.; Hirata, H.; Tamiya, T. An intention-based online bilateral training system for upper limb motor
rehabilitation. Microsyst. Technol. 2021, 27, 211–222. [CrossRef]
Toledo-Perez, D.C.; Rodriguez-Resendiz, J.; Gomez-Loenzo, R.A. A Study of Computing Zero Crossing Methods and an Improved
Proposal for EMG Signals. IEEE Access 2020, 8, 8783–8790. [CrossRef]
Toledo-Pérez, D.C.; Martínez-Prado, M.A.; Gómez-Loenzo, R.A.; Paredes-García, W.J.; Rodríguez-Reséndiz, J. A Study of
Movement Classification of the Lower Limb Based on up to 4-EMG Channels. Electronics 2019, 8, 259. [CrossRef]
Toledo-Pérez, D.C.; Rodríguez-Reséndiz, J.; Gómez-Loenzo, R.A.; Jauregui-Correa, J.C. Support Vector Machine-Based EMG
Signal Classification Techniques: A Review. Appl. Sci. 2019, 9, 4402. [CrossRef]
Jiang, N.; Dosen, S.; Mueller, K.-R.; Farina, D. Myoelectric control of artificial limbs—Is there a need to change focus? [In the
Spotlight]. IEEE Signal Process. Mag. 2012, 29, 150–152. [CrossRef]
Paskett, D.; Olsen, R.; George, A.; Kluger, T.; Brinton, R.; Davis, S.; Duncan, C.; Clark, A. A Modular Transradial Bypass Socket for
Surface Myoelectric Prosthetic Control in Non-Amputees. IEEE Trans. Neural Syst. Rehabil. Eng. 2019, 27, 2070–2076. [CrossRef]
Krasoulis, A.; Vijayakumar, S.; Nazarpour, K. Multi-grip classification-based prosthesis control with two sensors. IEEE Trans.
Neural Syst. Rehabil. Eng. 2020, 28, 508–518. [CrossRef] [PubMed]
McDonald, C.G.; Sullivan, J.L.; Dennis, T.A.; O’Malley, M.K. A Myoelectric Control Interface for Upper-Limb Robotic Rehabilitation Following Spinal Cord Injury. IEEE Trans. Neural Syst. Rehabil. Eng. 2020, 28, 978–987. [CrossRef]
Robertson, J.W.; Englehart, K.B.; Member, S.; Erik, J. Effects of Confidence-Based Rejection on Usability and Error in Pattern
Recognition- Based Myoelectric Control. IEEE J. Biomed. Health Inform. 2019, 23, 2002–2008. [CrossRef] [PubMed]
Teramae, T.; Noda, T.; Morimoto, J. EMG-Based Model Predictive Control for Physical Human–Robot Interaction: Application for
Assist-As-Needed Control. IEEE Robot. Autom. Lett. 2018, 3, 210–217. [CrossRef]
Warraich, Z.; Kleim, J.A. Neural plasticity: The biological substrate for neurorehabilitation. PM&R 2010, 2, S208–S219.
Sun, W.; Zhu, J.; Jiang, Y.; Yokoi, H.; Huang, Q. One-Channel Surface Electromyography Decomposition for Muscle Force
Estimation. Front. Neurorobotics 2018, 12, 20. [CrossRef] [PubMed]
Zonnino, A.; Sergi, F. Model-based estimation of individual muscle force based on measurements of muscle activity in forearm
muscles during isometric tasks. IEEE Trans. Biomed. Eng. 2020, 67, 134–145. [CrossRef]
Building, B.; Member, S.; Campus, S.K. Deep Learning for Musculoskeletal Force Prediction. Ann. Biomed. Eng. 2018, 47, 778–789.
Ai, Q.; Liu, Z.; Meng, W.; Liu, Q.; Xie, S.Q. Machine Learning in Robot Assisted Upper Limb Rehabilitation: A Focused Review.
IEEE Trans. Cogn. Dev. Syst. 2021. [CrossRef]
Yang, Z.; Guo, S.; Liu, Y. Comparison of Isometric Force Estimation Methods for Upper Limb Elbow Joints. In Proceedings of the
2020 IEEE International Conference on Mechatronics and Automation (ICMA), Beijing, China, 13–16 October 2020; pp. 1558–1563.
Liu, Y.; Guo, S.; Hirata, H.; Ishihara, H.; Tamiya, T. Development of a powered variable-stiffness exoskeleton device for elbow
rehabilitation. Biomed. Microdevices 2018, 20, 64. [CrossRef] [PubMed]
Sekhavat, Y.A.; Namani, M.S. Projection-Based AR: Effective Visual Feedback in Gait Rehabilitation. IEEE Trans. Hum.-Mach. Syst.
2018, 48, 626–636. [CrossRef]
Yang, Z.; Guo, S.; Liu, Y. Preliminary Evaluation of a Performance-based Stiffness Control for Upper Limb Elbow Joints
Rehabilitation. In Proceedings of the 2021 IEEE International Conference on Mechatronics and Automation (ICMA), Takamatsu,
Japan, 8–11 August 2021; pp. 1280–1285.
Hajian, G.; Etemad, A.; Morin, E. Generalized EMG-based isometric contact force estimation using a deep learning approach.
Biomed. Signal Process. Control. 2021, 70, 103012. [CrossRef]
Zhang, C.; Chen, X.; Cao, S.; Zhang, X.; Chen, X. A Novel HD-sEMG Preprocessing Method Integrating Muscle Activation
Heterogeneity Analysis and Kurtosis-Guided Filtering for High-Accuracy Joint Force Estimation. IEEE Trans. Neural Syst. Rehabil.
Eng. 2019, 27, 1920–1930. [CrossRef]

