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Abstract
Bilateral rehabilitation training robotic systems have potential to promote the upper limb motor recovery of post-stroke
hemiparesis patients through providing the synchronization motion between the impaired limb and contralateral limb. The
active rehabilitation training based on patients’ intention can also promote the recovery effect by stimulating the activity of
the ipsilateral hemisphere and contralateral hemisphere. In this paper, a novel intention-based bilateral training system
using biomedical signals which represents the muscle activity information and active motion intention was proposed to
promote the rehabilitation training effect. The proposed system can provide the synchronization motion to the impaired
limb by the exoskeleton device according to the sEMG signals from the contralateral intact limb. A BPNN model using a
novel multi-features input vector was employed for establishing the relationship between the sEMG signals and the motion
intention. To verify the intention prediction performance, the comparison experiments involving both the offline phase and
online phase were carried out using three different kinds of feature input vectors of sEMG. Furthermore, the real-time
bilateral control experiments were conducted to verify the feasibility and effectiveness of the proposed bilateral rehabilitation system, in terms of motion synchronization tracking and the real-time characteristics.

1 Introduction
Stroke has become one of the main reason acquired adult
disability (Benjamin et al. 2019). For most post stroke
patients, the hemiplegia is the most common and disabling
disease which causes the one-side disability or function
disorder in the central nervous system. Therefore, the
restoring motor function of after stroke patients is an eager
and necessary task in the rehabilitation field. Most importantly, the rehabilitation of the upper limb is more

& Shuxiang Guo
guo@eng.kagawa-u.ac.jp
1

Graduate School of Engineering, Kagawa University, 221720 Hayashi-cho, Takamatsu, Kagawa 760-0369, Japan

2

Key Laboratory of Convergence Medical Engineering
System and Healthcare Technology, the Ministry of Industry
and Information Technology, Beijing Institute of
Technology, No. 5, Zhongguancun South Street, Haidian
District, Beijing 100081, China

3

Faculty of Engineering and Design, Kagawa University,
2217-20 Hayashi-cho, Takamatsu, Kagawa 760-0369, Japan

4

Faculty of Medicine, Kagawa University, 1750-1 Miki-cho,
Takamatsu, Kagawa 760-0701, Japan

important for self-care ability, as the upper limb motors are
the most active parts of the human body and daily activities. However, due to a large number of stroke patients, the
conventional manual therapy cannot meet the huge need
and suit different individual situations of patients (Krebs
2018). To address this issue, various rehabilitation training
robotic systems have been successful applied in motor
function restore therapy (Robertson et al. 2018). The
rehabilitation robotic systems have the ability to provide
the repeatable, interactive, high-intensity and individualspecific recovery training (Lee et al. 2017). Especially for
the patients with hemiparesis, some efficient robotic-assisted training systems for upper limb have been successfully combined with some rehabilitation training strategies,
such as the bilateral training which can recover the affected
side of hemiplegia patients (Mekki et al. 2018; Mazlan
et al. 2020).
Bilateral training is considered as an efficient therapy to
promote neuroplasticity and brain plasticity (Zhang et al.
2019). In details, the benefits of bilateral training including
recruitment of the ipsilateral corticospinal pathways and
increasing control from the contralateral hemisphere and a
normalization of inhibitory mechanisms (Leung et al.
2018). Therefore, bilateral training has been introduced as
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a promising approach to stroke rehabilitation. Many bilateral robotic devices which provides varying levels of
assistance use the impedance control so that it can perform
symmetrical or asymmetrical movements more efficiently
(Orand et al. 2019; Miao et al. 2020). Bilateral arm training
with rhythmic auditory cueing (BATRAC) was used for
rehabilitation training which can induce reorganization in
contralateral motor networks and provide biological plausibility for repetitive bilateral training as a potential therapy for upper extremity rehabilitation in hemiparetic
stroke. The IRBRS is an industrial robot with 6 DOFs
which can provide the patient-cooperative control strategy
during the bilateral exercise (Sheng et al. 2019). In our
previous study, an upper limb exoskeleton rehabilitation
device (ULERD) was developed for bilateral symmetrical
training with the effective kinematics resolution for elbow
joint (Song et al. 2012, 2014).
However, only the physical parameters were captured by
the inertia sensors or mechanical structure as the kinematic
refer source of patients is not intuitive to represent the
intact side motion intention in these researches. It is found
that the fast and effective recovery is not provided in the
normal rehabilitation system due to the lack of the
biofeedback (Li et al. 2018). The surface electromyogram
(sEMG) signals are embedded in important information
regarding the state of the neuromuscular system which can
be utilized for presenting muscle contraction, intention
interpretation (Guo et al. 2019), neuro-prothesis control
and wheelchair control (Balasubramanian et al. 2018; Bi
et al. 2019; Kundu et al. 2017). EMG biofeedback engages
measuring the patient’s contralateral upper limb muscle
activities in real-time in order to provide the guidance and
intuitive conscious control of the related movement to
patients. Therefore, the sEMG signal was integrated as a
kind of biofeedback in the proposed bilateral training
rehabilitation system for the intact side motion intention
interpretation.
In this paper, we propose an intention-based bilateral
training system using a cable driven powered variable
stiffness exoskeleton device (PVSED) for upper limb
motor rehabilitation. The proposed system has the ability to
predict the elbow joint angle by the intact upper limb
through sEMG signals and provide the symmetrical motion
to guide the impaired upper limb in real-time by PVSED.
For the precise elbow joint angle prediction, a backpropagation neural network (BPNN) was set up and trained by
the multi-feature vectors of sEMG signals in the offline
phase and can be utilized for online real-time myoelectric
control. In order to explore the effect of different input
feature vectors on the prediction precision and computing
time for real-time control, the comparison of three different
kinds of input feature vectors which contained the two
single-feature input vectors and the proposed multi-feature
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input vector was carried out. The online training experimental results indicate that the users can complete intuitive
symmetrical control of the upper limb by the proposed
system to realize the bilateral rehabilitation training. This
paper is organized as follows: the background and related
researches was introduced in Sect. 1. In Sect. 2, the proposed intention-controlled bilateral training system is presented in detail. The experimental results and discussion
were presented in Sects. 3 and 4. The conclusion was
drawn in last section.

2 Method
2.1 The PVSED bilateral training platform
The upper limb exoskeleton used in this work is a cabledriven powered variable-stiffness exoskeleton device
(PVSED), which was introduced in (Liu et al. 2018) in
detail.
The main mechanical design is shown as Fig. 1a, of
which the exoskeleton frame is made of aluminium alloys
and the connecting parts are manufactured by the 3D
printer and the total weight is 3.1 kg. This PVSED can be

Fig. 1 Overall structure design of the PVSED. a Mechanical design of
PVSED and the physical prototype of PVSED, b adaptable structure
of the PVSED
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wearied on the users’ back by a belt and two shoulder
straps to keep the users feel comfortable and easy to take
on/off. For the different sizes of users, there are adjustment
parts of PVSED to adapt different length of arms which are
shown as Fig. 1b. There are five passive DOFs to guarantee
the natural range of motion of patients and one active DOF
on the elbow joint in PVSED. In order to transfer the power
to the active DOF, a DC motor (Maxon RE-30 Graphite
Brushes Motor) is equipped into the PVSED which can
drive the elbow joint flexion and extension movement
through a pair of antagonist cables connected to the driving
pulley. The characteristic of PVSED can provide the
variable stiffness of the elbow joint degree of freedom
(DOF) by a variable stiffness actuator (VSA). The conceptual scheme of the variable stiffness actuator is shown
as Fig. 2. There is a moveable pivot that can be independently driven by a DC motor (Maxon RE-13 Graphite
Brushes Motor) on the lever. The other side of the lever is
tensioned with a pair of antagonistic springs. The variable
stiffness can be realized by changing the position of pivot
to change the toque between the exerted load and elastic
elements. In this study, in order to avoid the influence of
variable stiffness to the torque and the motion range, we
only focus on the elbow joint bilateral training under
maximum constant stiffness condition which can provide
the precise control.

2.2 Data acquisition and preprocessing
Ten abled healthy volunteers (males, average age:
25:6  3:7 years old; average weight: 69:4  10:2 kg;
average height:178:1  7:1 cm) participated in the test.
None of them had any neurological disorders or any histories of muscular disorder diseases. All of the volunteers
had no experience of bilateral training or myoelectric
control before this study. All volunteers read and signed the
experiment protocol which was approved by the research
ethics committee of the Kagawa University.
According to the study (Igual et al. 2019), the number of
electrodes should be selected based on a minimal number

Fig. 2 Schematic diagram of different stiffness settings by moving the
pivot position

in order to improve the robustness and stability of myoelectric control. Therefore, only two muscles, the biceps
and triceps, have been selected as the sEMG signal sources,
which are the agonist muscle and antagonist muscle in the
elbow flexion and extension. Two Ag/AgCl 8 mm diameter
bipolar surface sEMG electrodes (Oisaka Electronic
Equipment Ltd, Japan) were placed on the biceps and triceps to collect the sEMG signals respectively. Before the
installation of the sEMG electrodes, the surface skin should
be cleaned by alcohol for high-quality sEMG signals. The
location of electrodes on biceps and triceps are shown as
Fig. 3 according to the study (Xiao et al. 2018). The raw
sEMG signals data were acquired by a commercial biosignal box (Oisaka Electronic Equipment Ltd, Japan) at the
sample rate of 1000 Hz and delivered into MATLAB
R2018a (MathWorks, Inc., Natick, MA, USA) for data preprocessing and analysis by the AD board (Advantech.
USB-4716, 200kS/s, 16-bit). In order to remove the lowfrequency noise and DC offset, the raw sEMG signals
should be rectified by a 50 Hz notch filter. After the rectification, the sEMG signals were filtered by a 4 order
butterworth filter of 10–500 Hz to get the sEMG data set
(Tapia et al. 2019). As the individual difference and
instability of sEMG have a negative influence on intention
recognition, hence, the sEMG data should be normalized
by using the isometric maximal voluntary contraction
(MVC) method (Huang et al. 2019).
For training the BPNN and evaluating the intention
recognition performance, the target joint angle data of
intact limb were collected by an inertial measurement unit
(GY-25 tilt angle module) at the 200 Hz sample rate.
During the bilateral myoelectric control tasks, the MTx
sensor (Xsens Technologies B.V., the Netherlands) of
which the sample rate is 200 Hz should be added and
placed at front of the intact limb in order to capture the
elbow joint angle as the intention target set.

Fig. 3 The location of electrodes on biceps and triceps. a The front
view of electrode location, b the back view of electrode location
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2.3 Feature extraction
ZC ¼
In order to avoid losing the information about sEMG signals, the multi-features which reflect the signal features in
different aspects were selected and extracted from sEMG
signals. In our knowledge, the time domain features reflect
signal amplitude, proportional to number and rate of activation of motor units and signal energy, activation level,
duration of contraction and a relationship to force output
(James et al. 2019). Corresponding to time features, the
frequency domain features indicate the rate and shape of
motor unit action potential (MUAP)s which reflect the
muscle condition (Phinyomark et al. 2019). In this study, 9
features of sEMG in both time domain and frequency
domain are introduced as the descriptors to analyze and
recognize the motion intention and estate of the muscle.
Time domain features: Mean absolute value (MAV),
Root mean square (RMS), Willison amplitude (WA), Zero
crossing (ZC), Wave length (WL), Difference absolute
standard deviation value (DASDV), and Slope sign change
(SSC) (Li et al. 2019).
Mean absolute value (MAV)
n
1X
MAV ¼
ð1Þ
jxi j
n i¼1
where xi represents the sEMG signals at time i and the n
presents the length of sEMG signals.
Root mean square (RMS)
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
n
1X
RMS ¼
ð2Þ
x2
n i¼1 i
where xi represents the sEMG signals at time i and the n
presents the length of sEMG signals.
Willison amplitude (WA)
n
X
WAMP ¼
½ f ðjxn  xnþ1 jÞ
ð3Þ

f ð xÞ ¼

i¼1

1; if x  threshold
0; if x\threshold

where xi represents the sEMG signals at time i and the n
presents the length of sEMG signals.
Wave length (WL)
WL ¼

n1
X

jxiþ1  xi j

ð4Þ

i¼1

where xi represents the sEMG signals at time i and the n
presents the length of sEMG signals.
Zero crossing (ZC)
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n1
X
i¼1

½sgnðxi  xiþ1 Þ \ jxi  xiþ1 j  threshold 



sgnð xÞ ¼

ð5Þ

1; if x  threshold
0; if x\threshold

where xi represents the sEMG signals at time i and the n
presents the length of sEMG signals.
Slope sign change (SSC)
n
X
SSC ¼
½ f ½ðxi  xi1 Þ  ðxi  xiþ1 Þ
ð6Þ
i¼1



sgnð xÞ ¼

1; if x  threshold
0; if x\threshold

where xi represents the sEMG signals at time i and the n
presents the length of sEMG signals.
Difference absolute standard deviation value (DASDV)
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u
n1
u 1 X
DASDV ¼ t
ð7Þ
ðxiþ1  xi Þ2
n  1 i¼1
where xi represents the sEMG signals at time i and the n
presents the length of sEMG signals.
Frequency domain features: Mean frequency (MNF) and
Median frequency (MDF).
Mean frequency (MNF)
Pm
f ¼1 f j Pj
MNF ¼ Pm
ð8Þ
f ¼1 Pj
where f j is frequency of the spectrum at frequency bin j, Pj
is the EMG power spectrum at frequency bin j, and M is
length of the frequency bin.
Median frequency (MDF)
m
m
X
1X
MNF ¼
Pj ¼
Pj
ð9Þ
2 j¼1
j¼MDF
where f j is frequency of the spectrum at frequency bin j, Pj
is the EMG power spectrum at frequency bin j, and M is
length of the frequency bin.
As comparison, the three kinds of feature set have been
calculated as follows: (1) RMS feature set, (2) Variance
features set and (3) Our features set contains all of introduced features. To describe continuous kinematics for realtime bilateral myoelectric control, the features extraction
processing is performed on overlapped windowing
approach by every 200 ms preprocessing sEMG data
streaming for reducing controller delay.
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2.4 BPNN model for intention-based bilateral
training
The intention-based bilateral training is aiming to use the
kinematic information decoded from stroke patients’
healthy limb muscles to provide the continues motion
training to the contralateral unbaled limb. The artificial
neural network has a great performance on regression
problem which can be consider as approximating the
nonlinear relationship between sEMG features and limb
kinematics in this study (Ivan Vujaklija et al. 2018; Pan
et al. 2019), without complexed human limb biomechanics
models (Ameri et al. 2019). Thus, we chose the backpropagation neural network (BPNN) to predict the upper
limb elbow joint flexion–extension motions (Zhang 2019).
In this study, we suppose that
8
< h ¼ ½h1 ; . . .; hi ; . . .; ht ; 
aj ¼ aj;1 ; . . .; aj;i ; . . .; aj;t ; j ¼ 1; . . .; k
ð10Þ
:
F j ¼ F aj;1 ; . . .; aj;i ; . . .; aj;t ; j ¼ 1; . . .; k
where the h is the elbow joint angle, and the a is the
muscle. The F represents the 9-dimensionality features
matrix and every row of features matrix presents a feature
which has been introduced in Sect. 2.3. The input feature
matrix consisted of two feature matrixes from biceps and
triceps, which means the input features matrix dimensionality is set as 18. After data preprocessing and features
extraction, the input features matrix is used to construct the
input layer, and the processed joint angles are used to
construct the target matrix.
According the formula 9, the prediction result at the
time i can be calculated as:


hi ¼ f BPNN F 1;i ; F 2;i
ð11Þ
The structure of the BPNN includes three feedforward
layers which represent an input layer, a hidden layer, and
an output layer respectively, as shown in Fig. 4. The

number of hidden layers was determined according to the
Universal Approximation Theorem, in which one hidden
layer is considered sufficient to guarantee network output
convergence. It is also important to note that the BPNN has
an appropriate number of hidden neurons, as this number
affects the performance of the network. The particular
structure of the neural network used in this paper was
chosen based on Kolmogorov Superposition Theorem that
the number of hidden-layer units should equal to 2n ? 2,
where n is the number of input layer units. Therefore, the
number of hidden-layer units is set at 38.
A linear function was used as the neural transfer functions of the output layer. The linear function calculates the
value of an output neuron as estimation data from the total
weighted values of the hidden neurons. For training the
BPNN model, changes in the weights of the network were
calculated using the Levenberg–Marquardt algorithm
because it provides fast convergence. Therefore, the output
of BPNN can be calculated as follows:


2
 ¼W
 1 þ bout
ð12Þ
out
1 þ e2ðW in Fþbin Þ
h
where F represents the 16-D input matrix consisted by
biceps and triceps. The bin and bout are the threshold vector
of mid-layer and output layer. The W out and W out represent
the input weight and the output weight, respectively. For
training the BPNN model, all the data points are divided
into two groups: training and validation. During the offline
training experiments, 70% of data were extracted for
training and the other 30% for validating. After the network training that mapping between the input features
matrix and elbow joint mapping between the input features
matrix and elbow joint target angles, the output of the
BPNN should be processed by anti-normalization to get the
kinematics joint angle to generate the control command
flow. Thus, we can use this trained network as a mapping
function for real-time bilateral training. to obtain the prediction elbow joint angles h by the input features matrix.

2.5 Intention-based bilateral training protocol

Fig. 4 The structure of the BPNN model. In the BPNN model, there
are three layers which contain an input layer, a hidden layer and an
output layer. The number of hidden nodes is set as the 2n ? 2

The intention-based bilateral training protocol consisted of
three phases. The volunteers were asked to perform the
flexion and extension tasks for elbow rehabilitation. At the
same time, the offline phase for model establishment would
start where the raw sEMG signals should be acquired and
preprocessed for feature extraction. After obtaining the
input features matrix, the purposed BPNN model were
training and calibration for intention interpretation. An
online phase using the trained BPNN model would start
immediately after the first phase, during which the volunteers would perform the elbow flexion and extension tasks
as same as the offline phase. At last, an online bilateral

123

Microsystem Technologies

myoelectric control phase without retraining was performed immediately after the online phase. The reason for
adding the online prediction phase before the real-time
bilateral myoelectric control phase is aiming to model
testing and volunteer safety. The details of these three
phases are presented below.
(1) Offline Data Collection Phase: The volunteers were
asked to seat at the chair relax. After the skin cleaning by
alcohol, two Ag/AgCl bipolar surface sEMG electrodes
were placed on the biceps and triceps of volunteer’ left
forearm to collect the sEMG signals respectively. The
location of electrodes corresponding to Section B. The
reference electrode was placed on the surface skin of the
forearm styloid process of the ulna of the contralateral side.
The MVC test was taken for sEMG signal normalization.
In the MVC test, the volunteers should perform isometric
contractions with the max range of motion in elbow flexion
and extension at 0° and 140° which are corresponding the
triceps MVC and biceps MVC respectively. The subject
was asked to perform a predefined sequence of elbow
flexion and extension motions only by the left upper limb.
The predefined sequence of motion was set as a constant
speed motion in the max range of motion from 0° to 140°.
The reason for motion frequency was set at 1 Hz is to
ensure the training safety and the injured limb cannot
perform so fast in rehabilitation training. Every volunteer
was asked to perform the predefined sequence of motion 5
times. An inertial measurement unit (GY-25 tilt angle
module) should be placed at front of the left limb in order
to capture the elbow joint angle as the target set. The
sEMG data acquirement, preprocessing and feature
extraction would be executed in real-time to generate the
input feature matrix at the time of the volunteer preforming
the predefined sequence of motion. These data were randomized into the different sets, 70% of data were extracted
for BPNN model training and the other 30% for validating,
and the offline accuracy was measured using the validating
set only. Due to the instability and individual difference of
sEMG signals characteristic, it is necessary to implement
an initialization for establishing a BPNN model for every
volunteer. That initialization can reduce the error from
individual difference.
(2) Online Prediction Phase: After the 3 BPNN models
were trained or calibrated using 3 kinds of different feature
sets, an online prediction phase would start. The volunteers
performed their left limb using the same rules of movement
as in the previous phase. The difference was that instead of
generating the input feature matrix, the elbow joint angle
could be predicted by adding the trained BPNN model into
a real-time computation process. The prediction result can
be given in every 200 ms by input feature matrix using
200 ms slide window technology. The online intention
interpretation processing has been shown as Fig. 5.
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Fig. 5 The online intention interpretation processing by three
different feature vector, RMS feature vector, Variance feature vector
and the multi-features vectors. The structure of the BPNN model is
corresponding to the different dimensional of feature vector

Furthermore, the target angle data is not used for training
the BPNN model but for verifying the model performance.
During the online task series, the subjects not only were
allowed to rest every 10 min but also rest whenever
desired, for avoiding muscle fatigue. The purpose of this
phase was to evaluate the performance of different prediction models and verify the accuracy of the prediction
models in order to avoid the potential risk in the real-time
bilateral control phase. The poor performance prediction
model would be weed out and a new BPNN model would
be trained by repeating the offline data collection phase.
Only the good online prediction performance models can
be deployed into the real-time bilateral control phase.
(3) Real-time Bilateral Control (RTBC)Phase: After the
online prediction phase, the volunteers would perform the
RTBC phase which was shown as Fig. 6. The volunteers
naturally dropped their arms perpendicularly to the ground
where is regarded as the initial position. Then the PVSED
was wear on the contralateral side limb. An MTx sensor is
attached to the end of the output link of the PVSED. The
intact side angle data was captured by the GY-25 inertial
measurement unit and the angle of the injured side with the
PVSED was captured by the MTx sensor. During the
RTBC training, the volunteer would perform the same
predefined motion sequence by their left upper limb from
which the sEMG signals would be collected and calculated
by the validated BPNN model for prediction angle.
Besides, the angle control command flow could be created
and execute by the PVSED based on the prediction results
for real-time myoelectric control. In order to protect the
user safety, a one order lowpass filter was employed to
generate the smooth control command flow from the prediction results. The core requirement of synchronous
bilateral training is that position error and time error due to
data computation and system response of both limbs should
be as less as possible. For meeting this requirement, a PID
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Fig. 6 The framework of proposed bilateral training strategy using sEMG-based intention interpretation for real-time bilateral control

controller was employed as the PVSED controller in order
to improve the response speed. With the aid of this realtime bilateral control processing, the disabled right limb
can be assisted to move as same as the abled left limb only
by patient intention.

(1) the total-computing time (Tc), defined as the time spent
to perform the whole task as measured by the timer; (2) the
RMSE of PVSED tracking control and (3) the R2 between
the PVSED tracking and target angle.

2.6 Evaluation criteria
In order to evaluate the prediction accuracy of the proposed
methods, the root mean square error (RMSE) and correlation coefficient (R2 ) were employed in this study which can
reflect the error and relationship between the prediction
results and actual angle.
Root mean square difference (RMSE)
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u N
u1 X
RMSE ¼ t
ð13Þ
ðhp  hr Þ2
n n¼1
where hp is the predict angle, hr is the real angle, N is the
numbers of sample points.
Correlation coefficient (R2 )
0
12
P
P
B
C
hp hr
B
C
h p hr  N
C
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ﬃ
s
R2 ¼ B
B 
P 2 
P 2 C
@
P 2 ð hp Þ
P 2 ð hr Þ A
hp  N
hr  N
ð14Þ
where hp is the predict angle, hr is the real angle, N is the
numbers of sample points. To evaluate the performance of
the online intention-based bilateral training, two metrics
were used to quantify the quality and performance of grasp:

Fig. 7 The offline comparison results of three different feature
vectors. a Comparsion of three different prediction results and acutal
angle, b the raw sEMG signals from BB, c the raw sEMG signals
from TB
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3 Experimental results
3.1 Offline performance analysis
In this section, the BPNN model prediction performance
will be verified for real-time application.The offline prediction performance results could be seen as Fig. 7 intuitively which compared the motion tracking of three feature
sets. The offline R2 results of three different input features
vectors were shown as Fig. 8. Across all the subjects, the
average R2 were 0.844, 0.0.841 and 0.908 for RMS input
feature vector, Variance input feature vector and the proposed input feature vector, respectively. The R2 value
represents the statistical correlation degree between the
actual angle and the prediction results which the higher R2
value means the higher statistical correlation. The offline
RMSE results of three different features set were summarized as Fig. 8. The average RMSE values were 26.18,
26.32 and 20.44, respectively. According to Fig. 7, the
errors of three feature sets are mainly distributed in the max
and min range points which are caused by the instability of
sEMG signals. At the max and min range points, the
maximum muscle contraction was reached, the muscle may
generate the almost same force but it will have a huge
difference in the sEMG envelope shape. However, the
different features of sEMG signals may reduce this influence. The proposed input feature vector has better

Fig. 8 The offline comparison results of three different feature vectors
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performance during the max and min range points.
Therefore, the multi-features vector has the best offline
prediction performance among these three input feature
vectors.

3.2 Online performance analysis
In order to verify the online prediction performance of the
proposed method, not only the R2 and RMSE but also the
total computing time during a training process which
contains the features extraction and BPNN model calculation. The comparison result of online prediction performance indicates that the multi-features vector has the best
prediction precision which is consistent with the results of
offline prediction performance as Fig. 9 shown. In the
online prediction phase, the Fig. R2 results of the RMS
feature set, Variance features set and the multi-features set
are 0.826, 0.822 and 0.894, respectively which were shown
as Fig. 10. The RMSE results were summarized in Fig. 10,
which are 28, 28.28, and 22.54 degrees.
For the total computing time, it is necessary to highlight
that the total training time of every training may have the
difference so that the total computing time may also be
affected by this factor. In order to prevent the influence of
this problem, the comparison of total computing time can
be executed in the same training which ensures the same

Fig. 9 The online comparison results of three different feature
vectors. a Comparsion of three different prediction results and acutal
angle, b The raw sEMG signals from BB, c the raw sEMG signals
from TB
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Fig. 10 The online comparison results of three different feature
vectors

training time. From Fig. 10, the total computing time were
83 ms, 84 ms, and 243 ms. The avenge computing time of
each prediction point are 0.4 ms, 0.4 ms and 2.2 ms. The
proposed input feature vector consumed the largest time for
feature extraction and BPNN model calculation. The reason for this phenomenon is the largest size of the input
feature vector and the BPNN model structure which has
better nonlinear mapping ability. However, although the
real-time performance requires the total data processing
time is better to reduce as small as possible, the proposed
method also can meet the need of the maximum real-time
response time, no more than 200 ms.

Fig. 11 The real-time bilateral control performance results by the
multi-features vectors

3.3 Real-time bilateral control performance
analysis
As the online prediction performance of the proposed
method has the highest precision, the real-time bilateral
control training will be performed only by the multi-features vector. For RTBC, besides motion tracking precision,
the time delay is also a critical factor that will influence
motion synchronization. The motion frequency can meet
the normal requirement of rehabilitation training. The trajectory of the exoskeleton is generated according to the
output of the BPNN in real-time by the lower controller
which consisted of a lowpass filter and a PID controller.
The symmetrical motion tracking comparison results
between intact side and the PVSED assisted side was
shown as Fig. 11 and Fig. 12, the R2 results 0.919 and the

Fig. 12 The experimental results of a RMSE, b Correlation coefficient and c the total computing time
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RMSE results are 21.09 degrees respectively. The total
computing time is 247 ms. The real-time control experiment results are similar to the online prediction
performance.

Therefore, it is indicating that the proposed bilateral
rehabilitation training system has the best performance
both on the prediction accuracy and real-time characteristics among these three input feature vectors.

4 Discussion

4.2 Analysis of the comparison results
of the offline, online and real-time bilateral
training phase

4.1 Analysis of the prediction performance
comparison of the three different features
sets
According to the experimental results, that the R2 value and
the RMSE value of the multi-features vector are 0.894 and
0.16 in offline, 0.894, and 0.16 in the online phase, the
multi-feature vector has the highest prediction performance
both in the offline phase and online phase. Not only that,
the phenomenon that the more kinds of sEMG signals
features contain the higher prediction accuracy will be
achieved. The RMS input feature vector and Variance input
feature vector contain only one the time-domain features
information of sEMG signals. As a comparison, the multifeatures vector not only contains the more time-domain
features but also contain two frequency-domain features
information. The different kinds of features represent the
different characteristics of signals which means that the
multi-features vectors will have a more comprehensive
description of sEMG signals. Likewise, the multi-feature
input vector will require the larger size of the BPNN model
according to the Kolmogorov superposition theorem that
may lead to a better ability of nonlinear fitting. However,
the more kinds of features will also require the longer
computing time of features extraction and the larger size
BPNN model which will limit the real-time performance.
That can be observed from Fig. 10 in which the computing
time of the proposed method is the largest one across all the
subjects and training trails. Therefore, the balance of feature vectors and computing time should be considered as a
critical factor in the real-time online application. For the
bilateral training rehabilitation system, the intention-based
prediction performance will influence the rehabilitation
effect and patient safety. The maximum time delay of a
smooth human–machine interface for rehabilitation is
required as less than 200 ms which can ensure the motion
synchronization between the intact side limb and the
exoskeleton assisted side limb. For this reason, the 9 kinds
of sEMG signal features were selected in the proposed
method in order to achieve the best balance of prediction
accuracy and computing time. According to the total
computing time and the number of prediction points, the
average computing time of one prediction were summarized as Fig. 10 which is 50 ms less than 200 ms.
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From the experimental results, we can see that the offline
performance is better than the online performance, especially in the long-time interval. From the average R2 and
the RMSE value of offline and online performance, there is
an obvious reduction corroding to the time interval. For
this phenomenon, the main reasons can be summarized in
two aspects. The first aspect is the muscle fatigue. During
the experiments, although the participants can rest whenever they feel tired, the muscle fatigue is not avoidable
after performing too many time elbow flexion and extension movements. The muscle fatigue will induce the
change of sEMG signals which has the huge influence on
the sEMG feature vector. For details, the RMS feature and
signal amplitude will increase and the MNF and the MDF
will decrease due to the muscle fatigue. The second aspect
is the instability of sEMG signals. To our knowledge, even
performing the same motion, the sEMG signals will have
little difference every time which means that there is not a
special fixed pattern for every kind of motion. Therefore,
during the online phase, the little difference of online
untrained sEMG signals will induce the decreasing of
BPNN performance. In the real-time control phase, in order
to provide smooth motion tracking for patient safety, a PID
controller and a 1 order lowpass filter were implanted into
our system as a low-level controller which is easy to realize
and has good robust on motion tracking as shown as
Fig. 13.

5 Conclusion
In this paper, a novel intention-controlled online real-time
bilateral training system was proposed for upper limb
motor rehabilitation. We systematically analyzed the offline, online and real-time bilateral control performance of
the proposed system. A model-free method based on a
BPNN was employed for the direct estimation of the
motion intention from user sEMG signals. In this method, a
novel combination of multi-feature signals of sEMG which
consisted of 9 features of both time domain and frequency
domain was extracted as input vectors of BPNN. After the
training, the BPNN can generate the prediction elbow joint
angle results in accordance with the motion intention of the
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for generating the smooth control command flow to control
the PVSED. In order to verify the performance of the
proposed method, the preliminary comparison experiments
of three different input features vectors which contain the
RMS feature vectors, Variance feature vectors and the
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