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)e reduction and improper movements in people’s modern life will lead to physical discomfort, pain, and inflammation, which have
generally affected the quality of people’s daily life and work efficiency. )e pain caused by improper movements are called mus-
culoskeletal pain, which can be relieved or eliminated with treatment. Musculoskeletal disorders are actually one of the most common
medical conditions, which affects approximately one quarter of all adults in the world. Although surface electromyography (sEMG) is an
acknowledged technology in musculoskeletal rehabilitation study, it is considerably significant to monitor the musculoskeletal re-
habilitation status based on sEMG. In order to monitor the musculoskeletal rehabilitation status, we combine fuzzy theory with neural
network. )is article proposes variable size, sliding window-based, generalized, dynamic, fuzzy neural network (GD-FNN), muscu-
loskeletal rehabilitation status monitoring, that is, the window length of sliding window of sample data changes with the size of sample
period. Finally, this study made a simulation on subjects, and the experimental results show that the proposed variable size, sliding
window-basedGD-FNN,musculoskeletal rehabilitation statusmonitoringmethod not only has goodmonitoring effect but also put on a
good performance in root-mean-squared error (RMSE) and mean absolute percentage error (MAPE).

1. Introduction

Electromyography (EMG) signal is a kind of biological current
signal, which is generated in any tissues and organs withmuscle
contraction [1, 2]. When the muscle is excited to contract, the
muscle fiber also contracts. At the same time, there are some
biochemical changes in the muscle fiber, as well as the change
in the action potential. A waveform is formed if the change in
the action potential is displayed by a real-time electromyo-
graphic electrode, which is called the electromyographic signal.
From the perspective of signal analysis, it can also be called
EMG. )e EMG signal is derived from the person’s own
electrical signals with the characteristics of the direct and
natural [3]. Currently, the EMG signal has become a kind of
important information, which can be used for muscle move-
ment [4], basic medical research, clinical diagnosis, muscle
damage diagnosis [5], and rehabilitation medicine [6].

)e EMG signal is a weak electrical signal, and skin and
tissue have attenuation effect on EMG. )e surface EMG

(sEMG) signal collected on the skin surface is weaker than
that collected by needle electrode [7, 8], and it is more
susceptible to interference. )e main problem to be con-
sidered is to eliminate the influence of noise and interference
as far as possible and improve the fidelity of signal in the
detection and recording of sEMG.

Musculoskeletal diseases or injuries, as well as the
resulting long-term chronic pain and dysfunction [9],
affect the quality of people’s life around the world. With
the improvement in people’s awareness of exercise and
protection, the severity of musculoskeletal injury and the
risk of death are gradually reduced, but the incidence of
acute or chronic musculoskeletal injury is still high.
Musculoskeletal rehabilitation uses methods such as
physical therapy to relieve pain, improve, or restore the
musculoskeletal function, so as to improve the quality of
life. Musculoskeletal injury covers various diseases af-
fecting soft tissue, bone, and joints, which are common
causes of long-term pain and physical disability [10]. So it
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is important to monitor the musculoskeletal rehabilitation
status based on sEMG signal.

Accordingly, the main contributions of this study are
summarized as follows: (i) We study the acquisition of
sEMG. (ii) We propose a variable size, sliding window-
based, generalized dynamic fuzzy neural network (GD-
FNN), musculoskeletal rehabilitation status monitoring.

)e remaining of this article is organized as follows:
Section 2 reviews the related work. In Section 3, we study the
acquisition of sEMG. In Section 4, we propose a variable size,
sliding window-based, GD-FNN, musculoskeletal rehabili-
tation status monitoring. )e simulation results are shown
in Section 5. Section 6 concludes this paper.

2. Related Work

Many strategies of sEMG have been proposed. Chen et al. [11]
proposed an assembly torquemonitoring method using sEMG
and inertial signals. Fazeli et al. [12] had fabricated flexible dry
electrodes to record the sEMG signals. Five handmotions were
classified based on the sEMG signals recorded by their elec-
trodes as well as commercially available wet rigid electrodes.
Orban et al. [13] used a prosthetic hand precise control method
to control the position of the prosthetic hand finger’s motion
depending on the sEMG signals as the control command; the
controller used two different tuningmethods genetic algorithm
and Ziegler-Nichols. Tsinganos et al. [14] utilized the Hilbert
space-filling curve for the generation of image representations
of sEMG signals that were then classified by convolutional
neural networks. Chen and Zhang [15] presented a method
based on support vector machine to recognize hand gestures
using sEMG. Karheily et al. [16] proposed a new approach for
the identification of hand movements in order to control
prosthetic hand. sEMG signals were used to identify move-
ments using two frequency transforms: short time Fourier
transform and Stockwell transform. Fatimah et al. [17] pro-
posed an automatic recognition algorithm to identify hand
movements using sEMG signals.)e signals were decomposed
into Fourier intrinsic band functions using the Fourier de-
composition method. Li et al. [18] proposed an improved
sEMG signal denoising method based on wavelet analysis,
which combined the traditional wavelet threshold denoising
method with the wavelet digital filter threshold denoising
method made up the deficiency of the traditional wavelet
denoising method. Kim et al. [19] developed a method to
predict the grasping force from sEMG signals and various
grasping postures. )e proposed algorithm used a tensor al-
gebra to train a multifactor model relevant to sEMG signals
corresponding to various grasping forces and postures of the
wrist and forearm in multiple dimensions. Liang et al. [20]
proposed a novel study for gesture identification using sEMG
signal, and the raw sEMG signal and the sEMG envelope signal
were collected by the sensor at the same time. An efficient
method of gesture identification based on the combination of
two signals using supervised learning and univariate feature
selection was implemented. Lin et al. [21] proposed two data-
augmentation approaches to expend their sEMG data set,
which were the simulation of the surface electrodes dis-
placement on the skin and the muscle fatigue.

)ere have been many musculoskeletal rehabilitation
methods studied for EMG signal. Kawase t al. [22] developed
a hybrid system with electroencephalogram and EMG sig-
nals, and the EMG signals were used to estimate the joint
angles. Peña et al. [23] proposed a multilayer perceptron
neural network to map the EMG signals to the user’s torque,
and an EMG-driven adaptive impedance control was pro-
posed to improve the user participation during the reha-
bilitation session. Pan et al. [24] designed an EMG-driven
neural-machine interface based on a musculoskeletal model.
Kapelner et al [25] proposed a myoelectric control method
based on neural data regression and musculoskeletal
modeling, which used the timings of motor neuron dis-
charges decoded by high-density sEMG decomposition to
estimate muscle excitations.

)e generalized dynamic fuzzy neural network (GD-
FNN) has also been studied. Yen [26] proposed to use the
characteristics among moments and fuzzy rules to identify
the density function in advance. Wu et al. [27] presented a
fast approach for automatically generating fuzzy rules from
sample patterns using GD-FNN.

3. Acquisition of sEMG

In order to monitor the musculoskeletal rehabilitation
status, it is necessary to acquire the sEMG. By fixing the
surface electrodes on the arms, body, and legs, the sEMG
signal acquisition system is composed of surface electrode,
data acquisition amplifier circuit, and digital signal pro-
cessing (DSP) to acquire sEMG signal. )e sEMG signal has
the following characteristics. (i) )e sEMG signal is a type of
alternating current (AC) voltage that is roughly proportional
in magnitude to the strength generated by the muscles. (ii)
)e sEMG signal is a weak electrical signal, whose amplitude
range is generally between 0 and 5mV, that is, 20–300 μV.
(iii) When surface electrodes are used, the energy of sEMG
signal is mainly concentrated below 1000Hz, and the
spectrum is distributed between 20Hz and 500Hz. )e
spectrum is concentrated between 50Hz and 150Hz. )e
maximum frequency of the power spectrum depends on the
muscle, which is usually between 30Hz and 300Hz. (iv)
Frequency-domain parameters can better reflect sEMG
characteristic than time-domain parameters. Because when
the magnitude of the strength changes slightly, the time-
domain waveform changes greatly, whereas the frequency-
domain characteristic changes relatively small. (v))e shape
of amplitude spectrum frequency characteristic curve is
similar when the same muscle is doing different movements.
)erefore, according to the characteristics of sEMG signal,
its collection system should be able to acquire weak sEMG
signal and amplify it, which can also shield interference and
filter clutter so as to get useful sEMG signal.

3.1.%ePlacement of Surface Electrode. )e electrode used in
this study is three-point differential input electrode, and the
acquisition electrode and grounding electrode are silver
chloride-silver electrodes. Basically, a grounding electrode is
a conductive object that establishes a direct connection to
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the ground. Before placing the electrode, the following
preparations should be made. At first, in order to ensure a
good contact between the electrode and the skin, we should
wipe the electrode with medical alcohol to remove the dead
skin and oil on the skin surface andminimize the impedance
between the electrodes [28]. )en placing the electrode in
the direction of the muscle fiber. It should be avoided to be
placed on or adjacent to the tendon because themuscle fibers
become thinner when they are close to the tendon, and the
number of muscle fibers is also reduced, which leads to the
reduction in the amplitude of the sEMG signal. Finally, the
electrode is fixed with a fixed belt to reduce the power
frequency.

3.2. Data Acquisition Amplifier Circuit. Because the sEMG
signal may be weak, the sEMG signal of human body is only
mV level. It is easy to be affected by external electric field and
circuit noise in transmission. )erefore, the design of the
acquisition circuit should not only consider the amplifica-
tion of the signal but also fully consider how to remove the
interference and acquire useful sEMG signal. )e following
problems should be considered in designing sEMG amplifier
circuit: (i) )e gain of the amplifier should be high. )e
amplitude of sEMG signal is between 0 and 5mV, which is
an extremely weak electrical signal. It needs to be amplified
to about 1V for use. )erefore, the amplification factor of
the amplifier should be set between 100 and 1000. (ii) )e
common-mode rejection ratio (CMRR) of the circuit should
be high. )e acquisition of sEMG is susceptible to inter-
ference from 50Hz power supply and other high-frequency
electrical noise. However, these interference signals are
represented as the same amplitude and phase signal-com-
mon-mode signal at the input end of the amplifier, so the
high CMRR amplifier circuit can be used to suppress the
common-mode interference signal. (iii) )e input imped-
ance of the electrode is higher than the contact impedance
between electrode and skin. )e range of possible contact
impedance between skin and electrode could be very wide up
to 2MΩ in dry areas. )erefore, under similar conditions,
even if the CMRR of the amplifier is very good, if the input
impedance is not high enough, the common-mode inter-
ference signal will still cause a large output error, so it is
necessary to improve the input impedance of the amplifier.
)e amplifier circuit used in this study is a hierarchical
amplifier circuit, and the basic circuit diagram is shown in
Figure 1.

)e sEMG signal is amplified step by step and input into
the filter in the amplification process. After filtering useless
signals, interference, and noise frequency through low-pass
and high-pass filters, the 50Hz power frequency signal is
filtered through the notch filter. By the amplification and
acquisition of sEMG signal, we can get better sEMG signal
for the following acquisition.

3.3. %e Analysis and Solution of Interference Sources and
Noise. Due to the sEMG signal is very weak, in the process of
signal acquisition, it is inevitable to introduce multiple in-
terferences in signal acquisition, so that the useful sEMG

signal is submerged in interference noise. )us, it is im-
portant to distinguish and eliminate interference correctly in
sEMG signal acquisition. It can be said that the effective
interference suppression is themost critical part of the whole
system. In this study, interference sources and characteristics
are analyzed, and the solution is provided to reduce
interference.

3.3.1. 50Hz Power Frequency Interference. )e interference
of 50Hz power frequency comes from the main power
supply. )e interference is obvious when closing to the
power supply. Usually, 50Hz power frequency interference
is the most frequent and largest interference in the exper-
iment. )e easiest way to reduce interference of 50Hz is to
use shielded cable for electrode connection, which can also
shorten the length of cable as much as possible to reduce
interference.

3.3.2. High-Frequency Interference. High-frequency inter-
ference comes from radio stations, wireless communication
facilities, and other instruments. )e frequency of these
signals is far beyond the sEMG signal band, which usually
does not directly cause interference. However, when there is
bad electrode contact or high-frequency signal, low-fre-
quency signal can be generated due to “detection” and high-
frequency “clipping interference.” )e solution is to add
low-pass filter to filter out high-frequency interference
signal.

3.3.3. Other Bioelectrical Signals. Signal and interference are
opposite, and sEMG signal is regarded as interference when
electrocardiogram (ECG) is acquired. ECG is also consid-
ered interference when sEMG signal is acquired. )erefore,

Input
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Output
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Figure 1: )e diagram of amplifier circuit.
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other bioelectrical signals can be regarded as interference,
which should also be eliminated.

3.3.4. Background Noise. Background noise mainly comes
from the voltage and current generated by the electronic
components of the amplifier, which is generally related to
the quality and performance of the components inside the
amplifier. In the input circuit, noise will also be introduced,
and its size is related to electrode potential and contact
resistance [29]. Consequently, in the selection of amplifier,
we should choose high-quality electronic components to
reduce noise.

3.3.5. %e Stimulus Artifact. )e stimulus artifact is present
whether or not the nerve is in the tube, although its form
may be altered by the electrical properties of the nerve. )e
essence of stimulus artifact is the electric stimulus signal
directly recorded by the amplifier. It is transmitted to the
recording end in an electric way, which is a purely physical
process. Too much stimulus artifact will interfere with
subsequent sEMG signal. )e stimulus artifact can be re-
duced by isolating the output and narrowing the distance
between the stimulus electrodes.

3.4. Feature Extraction and Data Normalization. )e time-
domain characteristics of sEMG are often used to analyze the
correlation between sEMG and muscle activity in the study
of humanmotor function based on sEMG.)e time-domain
characteristics of sEMG signal change obviously during
muscle contraction. It is generally considered that the
temporal characteristics of sEMG signal have a significant
correlation with muscle contraction force. )is study uses
sEMG time-domain characteristics to describe muscle ac-
tivity. )e common characteristics of sEMG time-domain
analysis are shown as follows.

Root mean square (RMS) can better reflect the discharge
quantity of motor neurons in unit time, which is defined as
follows:

RMS �

��������������


t+T

t
sEMG2

(t)dt

T



, (1)

where sEMG (t) is the time-domain amplitude change curve
of sEMG signal. T and t are the selected test period and start
time, respectively.

sEMG signal is derived from the electrical stimulation
pulse generated by motor neuron. Zero crossing (ZC) is
related to the frequency of the pulse that can be used to
represent the strength of muscle contraction, which is de-
fined as follows:

ZC � 
K

k�1
sgn −xk · xk+1( , (2)

where sgn (x) is the sign function, when x> 0, sgn (x)� 1,
and when x≤ 0, sgn (x)� 0.

Integrated sEMG (i_sEMG) can reflect the strength of
muscle activity during the integral period. Meanwhile, the

i_sEMG will change with the muscle strength, which is
calculated as follows:

i sEMG � 
t+T

t
sEMG(t)dt. (3)

Wavelength (WL) is the calculation of waveform length
in an analysis window, which can reflect the duration of
sEMG.

WL �
1
P



P

m�1
|x(m + 1) − x(m)|, (4)

where P is the period of signals.

4. Musculoskeletal Rehabilitation Status
Monitoring Based on GD-FNN

In order to monitor the musculoskeletal rehabilitation
status, this study combines fuzzy theory with neural net-
work, that is, GD-FNN, which makes the new network
structure monitoring more ideal. Besides, GD-FNN can be
used for linear modeling, which has good nonlinear map-
ping ability. )e GD-FNN can adjust parameters and
identify structures at the same time. In this network algo-
rithm, fuzzy rules are selected dynamically and used to
determine the width of Gaussian function to avoid ran-
domness of initial parameter selection. Compared with other
networks, it is easier to implement, even though the GD-
FNN is more complex.

4.1. GD-FNN-Based Musculoskeletal Rehabilitation Status
Monitoring. )is study uses GD-FNN to monitor the
musculoskeletal rehabilitation status based on sEMG. )e
whole musculoskeletal rehabilitation status monitoring
network is divided into four layers. )e first layer is input
layer, whereas the second layer is fuzzy layer, which converts
the data input in the first layer into the corresponding fuzzy
statement. )e membership of each input variable to the
fuzzy statement generated by the network is calculated by
the membership function, which provides a basis for the
selection of fuzzy rules in the next layer. )e membership
function is expressed by Gaussian function.

Assuming that input variable xm (m� 1, 2, . . ., q), q is the
number of input variables, and each input xm has s mem-
bership function Amn (n� 1, 2, . . ., s), and we have

gmn xm, c, σ(  � exp
− xm − cmn( 

2

2σmn
2 , m � 1, 2, . . . , q, n � 1, 2, . . . , s,

(5)

where gmn(xm, c, σ) is the nth membership degree function
of xm. cmn and σmn are the center and width of the mem-
bership function, respectively.

)e third layer is the rule layer, which mainly adjusts the
existing rules and modifies the center and width of the
membership function through network training. )e third
layer calculates the nth fuzzy rule weight of the mth variable
Rmn (n� 1, 2, . . ., s).
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φmn x1, x2, . . . , xs(  � exp − 

q

n�1

xm − cmn( 
2

2σmn
2

⎡⎣ ⎤⎦, n � 1, 2, . . . , s.

(6)

)e fourth layer is the output layer. )e rule output
weights of the previous layer are weighted and summed, and
the fuzzy language is defuzzified to get the system network
output variables.

y x1, x2, . . . , xq  � 

s

n�1
ωn · φn, (7)

where y is the value of an output variable, and ωn is the
connection weight corresponding to the nth rule.

4.2. Variable Size Sliding Window-Based GD-FNN Muscu-
loskeletal Rehabilitation Status Monitoring. )e learning
algorithm of GD-FNN is based on hierarchical, online, self-
organizing learning strategy, which aims at reducing the
adjustment in the following learning period. )erefore, the
training samples of GD-FNN are randomly sampled, and the
sample data of musculoskeletal rehabilitation status moni-
toring is continuous data. )e original learning algorithm
abstracts the training samples globally and only pays at-
tention to the randomness of the samples while ignoring the
periodicity of the samples. )erefore, this study proposed
variable size, sliding window-based, GD-FNN, musculo-
skeletal rehabilitation status monitoring, that is, the window
length of sliding window of sample data changes with the
size of sample period, which enables themonitoring network
to have “periodicity” in samples.

Let the period of the training sample be Tm (m is the
number of periods), and the length Lsw of the sliding window
changes with the length of each sample period, that is,
Lsw � [T1, T2, . . ., Tm]. When receiving new data, if the
number of samples reaches the length of the first sliding
window, then the method returns to the previous step and
takes the network parameters generated by the current
window as the initial parameters of the training network in
the next window. Otherwise, when the first sample data
enters the monitoring model, the fuzzy neural network
generates the first rule and determines the parameters of the
rule.)e matching degree and output error of (X1, . . ., Xr; t1,
. . ., tr) fuzzy rules of observation data is calculated to de-
termine whether to generate new fuzzy rules. X is the sample
input, which includes the RMS of sEMG, i_sEMG, and joint
angle, and t is the expected output of musculoskeletal re-
habilitation status monitoring.

4.2.1. %e Generation Criteria of Fuzzy Rule. )e com-
pleteness of GD-FNN musculoskeletal rehabilitation status
monitoring fuzzy rules indicates that the fuzzy system is
considered with completeness if the matching degree be-
tween the input and at least one fuzzy rule is not less than λ
within a certain variation interval. )at is, if the subsequent
samples meet the completeness of fuzzy rules, GD-FNN
musculoskeletal rehabilitation status monitoring does not
need to add new rules, which only needs to adjust the

parameters of existing fuzzy network rules. )e method uses
the calculation of Mahalanobis distance to distinguish the
matching degree of fuzzy rules, which represents the
Mahalanobis distance mdr (n) between sample data Xr and
the current radial basis function unit center.

mdr(min) � mdr(N)> rd, (8)

N � arg min
1≤n≤s

lgmdr(n)( , (9)

md(n) �

��������������������

X − Cn( 
Tη

−1

n

X − Cn( 




, (10)

where equation (10) is Mahalanobis distance, and X� (x1,
. . ., xq)T ∈Qq, Cn � (c1n, c2n, . . ., cqn) ∈Qq. At the same time,
-1 n is defined as follows:



−1

n

1
2σ21n

0 · · · 0

0
1

2σ22n

0 0

0 0 ⋱ 0

0 · · · 0
1

2σ2qn

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

, n � 1, 2, . . . , s. (11)

If equation (8) is valid, it is considered that the rules of
the current system do not meet the completeness, and it is
necessary to consider adding a new rule. Meanwhile, rd will
change with the sample input number k in the monitoring
process, and the adjustment range is defined as follows:

rd �

dmax �

��������

ln
1

λmin
 



, 1< r<
k

4
,

max dmax × lgδr
, dmin ,

k

4
≤ r≤

3k

4
,

dmin �

��������

ln
1

λmax
 



,
3k

4
< r≤ k,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(12)

where r is the number of monitoring, and δ � (dmin/dmax) 4/k
is the attenuation constant.

Similar to the completeness of fuzzy rules, the output
error of GD-FNN musculoskeletal rehabilitation status
monitoring is also used as the basis to judge whether new
fuzzy rules need to be added. According to equations (6) and
(7), the output of the network under the current structure is
yr, and the system error is defined as follows:

er

����
���� � tr−yr

����
����. (13)

If the error ||er|| is greater than re, a new fuzzy rule needs
to be considered in the monitoring. Here, re is a predefined
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threshold that changes gradually during the monitoring
process according to the following criteria:

re �

emax, 1< r<
k

4
,

max emax × lgc
k
, emin ,

k

4
≤ r≤

3k

4
,

emin,
3k

4
< r≤ k,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(14)

where emin is the minimum error desired by the output of
GD-FNN musculoskeletal rehabilitation status monitoring,
and emax is themaximum error allowed by the system. r is the
number of monitoring, and c � (emin/emax) 4/k is the con-
vergence constant that ranges from 0 to 1. In the study byMa
et al. [30], the convergent operation used a clustering
strategy, which motivated this study in convergence.

4.2.2. Parameters Correction of Gaussian Membership
Function. According to the generation criteria of fuzzy
rules, when ||er||> re and mdr (min)> rd, a new fuzzy rule will
be added to the system. However, when ||er||> re and mdr
(min)> rd, although the current fuzzy rules can describe the
observation data, the existing radial basis function unit does
not contain the observation data Xr, which will degrade the
monitoring performance of the network. )erefore, there is
a rule that minimizes the Mahalanobis distance between the
samples for a new sample Xr. If the conditions ||er||> re and
mdr (min)> rd are both valid, and the sample Xr is decom-
posed into the corresponding one-dimensional input vari-
able xm (m� 1, 2, . . ., q), then the width of membership
function of its nearest fuzzy rule ψmn (n� 1, 2, . . ., s) can be
adjusted as follows.

ψmn
′ � ξ × ψm, (15)

where ψmn
′ is the updated width, and ξ ∈ (0, 1) is the at-

tenuation factor.

5. Simulation and Results Analysis

)e input parameters of variable size, sliding window-based,
GD-FNN, musculoskeletal rehabilitation status monitoring
are RMS, i_sEMG, and joint angle of sEMG, which are used
to reflect the muscle activation degree.

5.1. Parameters Setting. )e expected output accuracy of
variable size, sliding window-based, GD-FNN, musculo-
skeletal rehabilitation status monitoring emin � 0.06 and
maximum error emax � 1. )e matching degree of fuzzy rule
completeness λmin � 0.6 and λmax � 0.9. )e threshold of
error reduction rate rerr � 0.003. Gaussian width attenuation
factor ξmin � qd � 0.9. Meanwhile, root-mean-squared error
(RMSE) and mean absolute percentage error (MAPE) are
used as performance indicators to judge the monitoring
effect, which are defined as follows:

RMSE �

�������������������

1
K



K

m�1
(e(m) − a(m))

2




,

MAPE �
1
K



K

m�1

e(m) − a(m)

e(m)




,

(16)

where K is the number of samples, and e (m) and r (m) are
the mth expected output and actual output, respectively.

We choose improved particle swarm optimization
combined with fuzzy neural network (IPSO-FNN) [31],
expert opinion and fuzzy neural network (EO-FNN) [32],
and interval type-2 fuzzy neural network (IT2FNN) [33] for
comparison. RMSE is sensitive to large errors in data. )e
mean absolute error is the average of the absolute value of
the deviation from the arithmetic mean of all individual
observations. No positive and negative cancellations will
occur because the error is absolutely validated. )erefore,
RMSE and MAPE can well reflect the accuracy of the
monitoring.

5.2. Comparison Analysis. sEMG of subjects is acquired to
monitor musculoskeletal rehabilitation status. )e sample
space contains data from the subjects’ five exercise periods.
Figure 2 shows the monitoring effect of samples. )e or-
dinate is the normalized muscle strength, and the abscissa is
the number of samples. We take muscle strength as the
research object of musculoskeletal rehabilitation status
monitoring.)e curves in Figure 2 are the desired and actual
monitoring values of musculoskeletal rehabilitation status
monitoring, respectively. From Figure 2, the muscle is
stretched in the initial state, and the muscle fiber length is
greater than the optimal muscle fiber length. )e muscle
length gradually decreases with the increasing joint angle; at
the same time, the muscle strength increases gradually.
When the muscle fiber length reaches the optimal length, the
muscle strength reaches the maximum value. Muscle fiber
begins to contract with continued movement; at this time,
the muscle strength declines gradually. When the joint flexes
to the maximum angle, the muscle strength increases with
the increasing of muscle fiber length. When the joint reaches
the optimal length, the muscle strength reaches the peak
again and continues to stretch, and the muscle strength
begins to decline until the movement reaches the initial
angle.

In order to verify the effectiveness of the proposed
method, the muscle strength monitoring effect of the pro-
posed method is compared with other three baselines using
the sample data of one of the subjects.

As can be seen from Figure 3, the monitoring error of
muscle strength of IPSO-FNN is greater than other three
baselines. Although the monitoring error of muscle strength
of proposed method is the smallest, the curve of proposed
method almost coincided with that of the desired output.
)e monitoring error of muscle strength of IPSO-FNN and
EO-FNN are not so good as the proposed method in per-
formance. Furthermore, in order to verify the stability of the
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proposed method, the MAPE and RMSE of the monitoring
results of the three methods are compared with the data of
the same subject’s four movements as an example. Figures 4
and 5 show the comparison results.

According to Figures 4 and 5, the MAPE of the variable
size, sliding window-based, GD-FNN, musculoskeletal re-
habilitation status monitoring method is smaller than other
three baselines. Meanwhile, it can be seen from the RMSE
curve that the monitoring error of the proposed method
always changes within a small range. Compared with the
other three baselines, the variable size, sliding window-
based, GD-FNN, musculoskeletal rehabilitation status
monitoring method can make the monitoring results more
stable.

6. Conclusions

Musculoskeletal pain is pain that affects the muscles and
bones. People with musculoskeletal pain sometimes com-
plain that their whole bodies ache. Different types of
treatment and movement can be used to treat people with
ache. However, the musculoskeletal rehabilitation status can
be monitored based on sEMG. In this study, a variable size,
sliding window-based GD-FNN is proposed to monitor
musculoskeletal rehabilitation status, that is, the window
length of sliding window of sample data changes with the
size of sample period. )e experimental results demonstrate
that the proposed method has a good performance in
normalized muscle strength monitoring.

)e study on musculoskeletal rehabilitation status
monitoring is a preliminary attempt. )e subjects selected
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Figure 2: )e monitoring effect of samples.
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are all relatively young men and convalescent patients who
can exercise autonomously, and their body shape is relatively
similar. Whether the musculoskeletal rehabilitation status
monitoring method can be applied to all people and even
patients with dyspraxia still needs further research. In ad-
dition, this study does not take into account the strength
explosion of synergistic sEMG. In the future, it is necessary
to consider the sEMG of synergistic muscle near the muscle
on the basis of strength explosion monitoring of muscu-
loskeletal rehabilitation status.
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