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In this paper, we propose an mth order nonlinear model to describe the relationship between the

surface electromyography (sEMG) signals and the joint angles of human legs, in which a simple BP

neural network is built for the model estimation. The inputs of the model are sEMG time series that

have been processed, and the outputs of the model are the joint angles of hip, knee, and ankle. To

validate the effectiveness of the BP neural network, six able-bodied people and four spinal cord injury

(SCI) patients participated in the experiment. Two movement modes including the treadmill exercise

and the leg extension exercise at different speeds and different loads were respectively conducted by

the able-bodied individuals, and only the treadmill exercise was selected for the SCI patients. Seven

channels of sEMG from seven human leg muscles were recorded and three joint angles including the

hip joint, knee joint and the ankle joint were sampled simultaneously. The results present that this

method has a good performance on joint angles estimation by using sEMG for both able-bodied

subjects and SCI patients. The average angle estimation root-mean-square (rms) error for leg extension

exercise is less than 91, and the average rms error for treadmill exercise is less than 61 for all the able-

bodied subjects. The average angle estimation rms error of the SCI patients is even smaller (less than 51)

than that of the able-bodied people because of a smaller movement range. This method would be used

to rehabilitation robot or functional electrical stimulation (FES) for active rehabilitation of SCI patients

or stroke patients based on sEMG signals.

& 2011 Elsevier B.V. All rights reserved.
1. Introduction

Individuals who suffered from spinal cord injury (SCI) or stroke
lost their partial motor function because of the neurologic damage,
and the treatment to them is a long way after surgery [1–3]. Passive
exercise by using simple machine such as treadmill is a traditional
treatment, but this method is limited. It has been proven that active
training can improve the cortical reorganization [4] and can do a
better favor to neuro-rehabilitation [5,6].

Surface electromyography (sEMG) is a weak electrical potential
which is generated by the muscle cells when these cells are
electrically or neurologically activated [7], and it is detected from
superficial muscles by using surface electrodes. The sEMG has
many applications, for example, doctors in hospital use sEMG for
the diagnosis of neurological and neuromuscular problems [8,9],
biomedical engineers use sEMG as a control signal for prosthetic
devices such as prosthetic hands, arms, lower limbs or intelli-
gent wheelchairs [10–12]. In our research, we have designed a
ll rights reserved.

.

rehabilitation robot for lower limbs [13], and we are focusing on
the implementation of the active training for patients by using
sEMG signals.

Traditionally, sEMG signals are often used as a control signal in
three ways. Specifically, for the first aspect, the sEMG signals are
often used as a switch signal, and different motion modes of human
body limbs are discriminated by sEMG signals (e.g. [14–16]).
Through this method, amputee can control the prosthetic hand or
prosthetic limb by his residual muscles [17,18]. High recognition
rate and many number of motion modes are two goals for this
aspect. Features extraction and classification methods are two key
issues. For example, in [14], the natural logarithm of root mean
square values is extracted as the sEMG feature, and a fuzzy C-means
clustering method is used for classification of four movements, the
recognition rate reached to 92.7%73.2%. Also in paper [17], the
author proposed a log-linearized Gaussian mixture network to
discriminate EMG patterns for controlling the human-assisting
manipulator, and this method presents high recognition rate (more
than 95%) for eight different hand gestures. For the second aspect of
sEMG application, the sEMG signals are used to estimate the muscle
force or torque (e.g. [19–22]). Many muscle force models have been
built for this purpose, such as the Hill muscle model [33] and the
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Hammerstein muscle model [34]. Once the exact relationship be
found, the patients’ active force or torque which also present the
patients’ movement intention can be detected by the sEMG signals,
and active training of the rehabilitation robot are often controlled in
this manner. For example, in paper [19], Christian provided two
approaches for active training of the exoskeleton robots by using
sEMG, one is dynamic human body model (DHBM), and the other is
direct force control (DFC), and the sEMG signals are mainly used to
compute the force the human body exerts onto the robots. For the
third aspect, sEMG signals are used to calculate the exact body
posture (e.g. [23–25]). This question can also be described as
calculating the joint angles of body limbs according to sEMG. Once
the exact mapping relationship be found, the exoskeleton robots or
prosthetic devices can be controlled to arbitrary feasible posture in
active training mode. For example, in [23], Artemiadis provided a
switching regime model for decoding the sEMG activity of 11
muscles to a continuous representation of arm motion in the 3-D
space, and this method proposed an interface for controlling
anthropomorphic robot in real time. Ha presents a method for
providing volitional control of a powered knee prosthesis by using
sEMG signals in [25], sEMG signals from the hamstring and
quadriceps muscles were used to calculate the user’s intent and
also the set-point angle of the knee joint, and the result showed that
people can control the powered knee prosthesis following the
trajectory well.

Considering that lots of patients who suffered from SCI or
stroke have much more residual muscle strength on the one side
than the other because of incomplete injury, and also considering
the symmetry of human body limbs, the movements of the limb
of healthy side can be used as a control signal for the rehabilita-
tion robot to assist the limb of damaged side. In our research, we
are trying to implement an active rehabilitation training for those
patients by controlling the limb movements of damaged side to
follow the healthy side exactly based on our rehabilitation robot
for lower limbs. The limb movements of healthy side are esti-
mated by sEMG signals instead of inconvenient and cumbersome
position measuring instruments.

Specifically in this research, the sEMG signals are used for
estimating the hip joint angle, knee joint angle, and ankle joint angle
respectively for the purpose of providing an interface for active
training of the contralateral lower limb. Many methods have been
proposed for joint angle estimation by using sEMG signals, such as
the EMG driven neuromusculoskeletal (NMS) model [26], linear
model [27,28], linear switching regime model [29], local approxima-
tion and lazy learning method [30], support vector machine (SVM)
method [31], and artificial neural networks (ANN) [32]. These
methods were proposed for specific applications, but there were still
some problems, such as the estimation accuracy, real-time charac-
teristic, dynamic characteristic, smoothness, and also robustness. For
example, in [26], Terry tried to predict the dynamic movement
of the elbow by using the NMS model, the NMS model needs
many physiological parameters such as muscle mass, muscle fiber
length, tendon length and also musculotendon length. Thus it has a
strong dependence on individuals, and the subject-specific para-
meters should be calibrated firstly. The experiments showed that the
predicted trajectories of the elbow extension by using NMS model
did not fit very well with the measured one, and the rms error
reached to 34.49176.051 and 22.27176.051 for elbow flexion and
elbow extension respectively. The linear model proposed by Masa-
hiro [27,28] seemed that it cannot be used for real-time joint angle
estimation because that one of the model parameter (the maximal
value of the IEMG signal) is changing when doing hand motions with
different efforts, however in this model, this parameter is set to a
constant. The estimation error would be very big if individuals
do hand motion with different efforts. The experiment results the
author gave also presented a big rms error and a big time-delay.
Reddy proposed a linear switching regime model to determine the
wrist and index finger position by two different linear functions, and
the rms sEMG of FDS (flexor digitorum superficialis) and FCS (flexor
carpi ulnaris) were selected as inputs of the two functions [29]. The
results summarized a good linear relationship between the finger
position and the rms sEMG of FDS (R2

¼0.92), the wrist position and
the rms sEMG of FCU (R2

¼0.94). But this study was limited to the
control to maintain the finger and wrist at different flexion positions,
and did not involve any dynamic studies. The subjects were asked
not to exert any force during experiments, and the speed of flexion
between the finger positions was not considered. Thus that this
model cannot be used in other conditions. In [30], local approxima-
tion and lazy learning method was used for joint angles estimation of
fingers. This method showed a good performance for the prosthetic
hand control, except that a big time-delay is showed in the experi-
ment results especially for the thumb opposition (TO) movement.
The author also did not consider the impact of finger speed on angle
estimation. The same problems can also be found in [31]. In [32],
Shrirao had a detailed discussion on finger angle estimation by using
neural networks committees from sEMG signals. Six parameters
extracted from sEMG signals were given as inputs to the neural
network. Although the angle estimation accuracy has improved a lot
compared with [26], but the angle estimated through this method
was not very smooth, and a delay of 0.2 s may not be suitable for
real-time estimation.

Although the sEMG signals present very complex character-
istics, the definite characteristic that the amplitudes of sEMG
signals increase when the human muscles contract does not
change, and the changing process of the sEMG amplitudes contain
much information for the angle estimation. From this point of
view, an mth order nonlinear model is used to describe the
relationship between them, and a BP neural network is used for
the model estimation. To validate the effectiveness of the BP
neural network, six able-bodied people and four SCI patients
participated in the experiment. Two movement modes including
the treadmill exercise and the leg extension exercise at different
speeds and different loads were respectively conducted by six
able-bodied individuals and only the treadmill exercise was
selected for the four SCI patients, and the results presented a
very good performance.

This paper is organized as follows: Section 2 introduces the
experimental and method including sEMG signals acquisition,
signal processing, and the BP neural network structure. Section 3
summarizes the experimental results in detail and a simple
discussion is presented. The paper is concluded in Section 4.
2. Experimental and method

2.1. Data acquisition

Treadmill exercise and leg extension exercise are two mostly
often used locomotor exercise for SCI patients or stroke patients in
clinics. In order to obtain the convincing experimental data, six able-
bodied subjects (five male, one female, 2874 years old, 17077 cm
height) participated in the treadmill exercise and leg extension
exercise. Four SCI patients (three male, one female, 4373 years old,
16775 cm height) only participated in the treadmill exercise. The
first patient who had been hospitalized for 2 months suffered from
incomplete SCI of the fourth vertebra of the neck, and both sides of
the lower limbs were damaged. The second patient who had been
hospitalized for just a few days suffered from SCI of level C1. The
third patient suffered from incomplete SCI of the 10th vertebra of
the chest with one side severe muscular atrophy and the other side
having muscle strength of grade 3, and he had been hospitalized for
over a year. The fourth patient had a cauda equina injury with both
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Fig. 2. Raw experimental data recorded during a single trial for treadmill exercise

from one of the six able-bodied individuals, the unit of the Y coordinate of the

seven upper sub-figures is V, and the unit of the Y coordinate of the three sub-

figures below is degree.
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sides of the lower limbs severely damaged and spasm happened
frequently to him, and he had been in hospital for 2 months.

The data of all the six able-bodied subjects was sampled in a
gymnasium. During the leg extension exercise, the maximum
voluntary contractile force (MVC) of leg extension was measured
for each person firstly, and then each able-bodied subject was asked
to do the leg extension exercise movement in four conditions: slow
speed (about 3.5 s in one cycle) with small load (10% of MVC), fast
speed (about 2.5 s in one cycle) with small load, slow speed with big
load (40% of MVC), and fast speed with big load. Also, during the
treadmill exercise, the MVC of treadmill was measured for each
able-bodied subject, and each people was asked to do treadmill
exercise movement in four conditions: slow speed (about 2.5 s in
one cycle) with small load (10% of MVC), fast speed (about 1 s in one
cycle) with small load, slow speed with big load (40% of MVC), and
slow speed with fatigue (subjects felt muscular soreness and felt
very hard to do the exercise). The data of all the patients was
sampled at China Rehabilitation Research Center, Beijing, China. By
the reason of SCI, all the patients cannot control his legs completely,
so all the patients were asked to do treadmill exercise passively but
with active effort. All the experiments of the patients were con-
ducted under the guidance of a rehabilitation physician. Fig. 1
presents a single experiment for sEMG signals and joint angles data
acquisition during treadmill exercise by an able-bodied subjects.

In this research, seven leg muscles including vastus rectus
muscle (VR), vastus lateralis muscle (VL), semitendinosus muscle
(SM), biceps muscle of thigh (BM), tibialis anterior muscle (TA),
extensor pollicis longus (EP), and gastrocnemius muscle (GM)
were respectively recorded when the person do a certain leg
movement, and the angles of three joints including the hip joint,
knee joint, and ankle joint were recorded simultaneously.

The sEMG signals acquisition equipment we used is FlexComp
which is a production of Thought Technology Ltd., Canada. The
device can simultaneously capture 10 channels of sEMG data with
sampling rate of 2 kHz for each channel. The joint angles measure-
ment device is InclinoTrac which is also a production by Thought
Technology Ltd., Canada, and the sampling rate of the joint angles is
selected as 100 Hz. Before signal acquisition, some small detail
works should be done to the seven muscles which will be used for
sEMG acquisition, including shaving and cleaning of the skin surface,
sEMG
electrodes

sEMG reference
electrodes

Angle
sensors 

Fig. 1. A single experiment for sEMG signals and joint angles acquisition during

treadmill exercise from an able-bodied subject.
these work are mainly for reducing the input resistance and the
external disturbance. Seven pairs of Ag/Agcl electrodes with glue
solution which can easily stick to the muscle surface were used for
measuring the analog sEMG signals, each of the electrodes in a pair
were separated from each other by 2 cm [35–37], the position of the
electrodes can also been seen from Fig. 1. Fig. 2 presents the raw
sEMG signals of seven muscles and three joint angles without
preprocessing from one of the six able-bodied individuals.

2.2. Signal processing

There is no doubt that many noise signals will contaminate the
original sEMG signals during signals acquisition. The noise signals
may come from inherent noise in electronics equipment such as
industrial frequency interference (the industrial frequency is 50 Hz in
China), DC bias, and baseline noise [38]. Motion artifact which is
mainly caused by electrode interface and electrode cable will also
cause irregularities in sEMG data [39]. The sEMG signals are also
affected by the firing rate of the motor units, and the firing frequency
region is 0–20 Hz. This kind of noise is considered as unwanted and
the removal of the noise is very important [40]. The power density
spectra of the EMG contains most of its power in the frequency range
of 5–500 Hz at the extremes [35,36], so the signal over the high cut-
off frequency 500 Hz should be eliminated. After the above discus-
sion, a notch filter with 50 Hz and a band-pass filter with low cut-off
frequency 20 Hz and high cut-off frequency 500 Hz should be
applied to the raw sEMG signals to remove the noise signal.

After the noise removal, the sEMG signals can be used for
further processing. Specifically in this paper, the sEMG signals
after preprocessing undergo the following digital operations:
�
 Full-wave rectification: The amplitudes of sEMG signals are
random in nature, and the signal vibrates very frequently at
the zero point. By full-wave rectification, the changing process
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of the amplitude can be much more clearly presented. This
operation can be done by

sEMGrecðnÞ ¼ 9sEMGðnÞ9, ð1Þ

with sEMG(n) the nth sample of the discrete sEMG signals,
sEMGrec(n) the sEMG signal time series after full-wave
rectification.
θ
�
∑ tansig
∑ purelinp

input layer hidden layer output layer

Fig. 3. Structure of the BP neural network.
Sub-sampling: The sampling rate of sEMG signals is much
higher than that of the joint angle signals, so the sEMG signals
should be sub-sampled to consistent with joint angle signals.
The sub-sampling of the sEMG signals can be implemented by

sEMGssðnÞ ¼
1

N

XnN

i ¼ nN�Nþ1

9sEMGðiÞ9 ð2Þ

with N the number of sub-sampling, sEMGss(n) the sEMG signal
time series after sub-sampling. This sub-sampling method can
also smooth the envelope of the signal.

�
 Linear envelope: After above processing, the envelop of the

sEMG signals still vibrate very much. Traditionally a low-pass
filter such as Butterworth or Bessel filters can be used to
smooth the envelope. Actually the amplitude of sEMG signal is
a measure of the contraction level of the muscle, and the
outward manifestation of the muscle contraction such as joint
angle changing presents low-frequency characteristics. A first-
order low-pass Butterworth filter with cut-off frequency 5 Hz
is used for filtering the high frequencies. One advantage of this
processing is that the envelope can be used for real-time
applications, although this method can cause signal delay of
several milliseconds [41].

2.3. BP neural network for angle estimation

Suppose that

y¼ ½y1, . . . ,yi, . . . ,yt�, t¼ 1000,

aj ¼ ½aj,1, . . . ,aj,i, . . . ,aj,t �, j¼ 1, . . . ,k,

(
ð3Þ

with y the joint angles time series of 10 s (sampling rate 100 Hz),
aj the sEMG time series of the jth muscle of 10 s (sEMG signals
have been processed), k the total number of channels. Consider
that the definite characteristic that the amplitudes of sEMG
increase when the human muscles contract does not change,
and the changing process of the sEMG amplitudes contains much
information for the angles estimation, then the joint angles can be
estimated by the following mth order nonlinear model,

~yi ¼ f ða1,i, . . . ,a1,i�mþ1; a2,i, . . . a2,i�mþ1;

. . . ; ak,i, . . . ,ak,i�mþ1Þ, i¼m, . . . ,t, ð4Þ

with ~yi the estimated joint angles at the ith time, m the model
order, and f the unknown nonlinear function.

To determine the model structure and order, we build a three-
layer BP neural network for the model estimation. The structure
of the BP neural network is showed in Fig. 3. For implementing
the complex nonlinear mapping from sEMG to joint angles,
nonlinear tansig function and linear purelin function are respec-
tively selected as the transmission functions in the mid-layer and
output-layer. According to Fig. 3, the output of the BP neural
network can be represented as follows:

~y ¼Wout
2

1þe�2ðWinpþbinÞ
�1

� �
þbout , ð5Þ

with p¼ ½p1,p2, . . . ,pl� the input vector of the network, bin and
bout the threshold value vector of mid-layer and output layer,
Win and Wout weights matrix of mid-layer and output-layer,
~y ¼ ½ ~yankle, ~yknee, ~yhip� the angle estimation of three joints. The
RMS error is used to present the angle estimation accuracy which
can be calculated as follows:

RMSerror ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP1000
i ¼ 1 ð

~yi�yiÞ
2

1000

s
: ð6Þ

From (4) and Fig. 3, we can see that the number of input
neurons l not only depends on the number of sEMG channels, but
also depends on the model order. If the model order is m, and the
number of sEMG channels is k, then the whole number of input
neurons should be l¼km. There are three neurons in the output
layer which represent the angle of three joints, and the number of
neurons n in the mid-layer is uncertain. Both the number of
neurons in the input-layer and mid-layer have a great impact on
the precision of joint angles estimation, and we will select
appropriate size for them according to the network performance.

Once the exact structure of the network has been built, then one
of the most important things is training the weights and thresholds of
the network. After data acquisition and preprocessing, the processed
sEMG signals are used to construct the input matrix, and the
processed joint angles are used to construct the object matrix. Also
all the data points are divided into two subjects: training and
validation. During all the experiments, 20 s of signals were extracted
for each experiment, and 10 s for training and the other 10 s for
validating. The steepest descent back propagation is a most basic back
propagation algorithm, and the greatest weakness for it is that
the learning rate is held constant throughout network training, so
the actual performance of the algorithm is very sensitive to the
proper selection of the learning rate. Once the learning rate is
not properly selected, two problems may arise. One problem is that
the training process may oscillate and become unstable when the
learning rate is too big, the other is that the training process is very
slow and long time needed for the network convergence [42]. In fact,
there is no fixed optimal learning rate for a certain network for the
reason that the optimal learning rate changes with the iteration
number. For the shortage of the steepest descent back propagation,
some improved algorithms have been put forward. The variable
learning rate BP with momentum (GDX) is one of the improved BP
algorithm which is also the algorithm we use in our research.
3. Results and discussion

Although sEMG signals were recorded from seven muscles
simultaneously, but not all the channels of sEMG contain the same
amount of useful information. From Fig. 2, we can see that only
sEMG from vastus rectus muscle, vastus lateralis muscle and
extensor pollicis longus contain much useful dynamic information.
In the real experiment, sEMG signals from other four muscles were
not used. In this way, the number of input neurons and also the
complexity of the BP neural network can be reduced, and the
network vibration during network training which will be caused
by the useless information can be eliminated.
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The joint angles estimation error would be very big if the
model order and the number of neurons in the hidden layer were
not selected properly. Fig. 4 presents the average joint angles
estimation rms error for leg extension exercise during one single
trial when the model order and number of neurons in the hidden
layer change. From Fig. 4(a), we can see that the optimal number
of neurons in the hidden layer is 20 when the model order is
selected as 20, and the length of the input vector should be 60.
The model order represents the amount of sEMG dynamic
information used in this estimation, but the dynamic information
is not the more the better. Fig. 4(b) presents that the optimal
model order is 20 when the number of neurons in the hidden
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Table 1
Joint angles estimation rms errors at different types of movements by the six able-bo

B: big load. First S: slow speed. Second S: small load.

Subject RMS error (deg.)

LE S S LE F S LE S B LE F

1

Ankle 7.8230 7.6974 6.3242 8.1

Knee 10.9657 9.5027 12.4226 10.2

Hip 6.1060 6.0011 7.6610 6.0

2

Ankle 8.0352 6.3922 6.3231 6.0

Knee 14.3721 10.8331 10.3573 8.1

Hip 8.3658 6.3547 8.1251 9.3

3

Ankle 8.8562 4.1102 10.3507 8.0

Knee 13.3784 7.8525 11.3237 10.3

Hip 9.6741 5.2236 9.8563 9.2

4

Ankle 9.2936 5.8709 9.3309 5.3

Knee 12.8215 10.3128 12.2575 8.1

Hip 10.3938 7.2205 9.1263 5.0

5

Ankle 10.1512 4.5638 7.2561 7.0

Knee 14.3633 8.6625 9.3573 8.3

Hip 9.8782 5.3507 7.0508 9.0

6

Ankle 7.2516 7.8107 8.3572 6.3

Knee 10.3525 12.4359 13.6573 11.3

Hip 8.1314 7.8721 10.2825 7.4

Average error 10.033 7.4333 9.4167 8.0
layer is 20, which also means that redundant sEMG dynamic
information will cause network oscillation.

For each able-bodied person, two BP neural networks were built
respectively for treadmill exercise and leg extension exercise.
Figs. 5 and 6 present the joint angles estimation of the hip, knee,
and ankle of one single able-bodied subject in different conditions.
Table 1 summarizes the overall joint angles estimation rms errors
under different types of leg movements by all the six able-bodied
subjects. From Fig. 5 and Table 1, we can see that the joint angles
estimation of the hip, knee and ankle has a better performance in fast
speed without considering the load when people do leg extension
exercise. This result is same as [32]. Actually, all the six people felt that
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idden layer changes. (b) Average estimation error when the model order m changes.

died individuals. LE: leg extension exercise. TD: treadmill exercise. F: fast speed.

B TD S S TD F S TD S B TD Fatigue

829 4.0234 2.9565 4.0675 –

754 6.8544 5.5433 7.7325 12.7222

317 6.2511 6.4055 7.0361 12.6703

033 5.0621 3.2335 5.3542 –

516 6.6533 6.3453 8.1563 11.3872

575 6.1142 6.0014 6.9328 15.6373

709 4.7512 2.3321 4.1873 –

862 7.4322 6.3472 7.0738 13.2238

872 6.0105 5.0962 7.3542 12.5432

543 6.0582 1.9545 3.4328 –

235 8.3512 4.3865 5.6872 15.5211

896 9.4431 4.9543 6.0465 14.4382

792 7.9325 3.1512 5.4272 –

595 10.1287 8.3846 8.0329 12.1575

848 9.3533 8.1576 7.4311 11.2521

943 3.9238 1.9876 3.4321 –

545 7.4368 5.2731 5.2531 11.2112

082 6.5322 4.7321 6.3747 10.7572

222 6.7833 4.8500 6.0555 12.7833
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Fig. 5. Comparison of the actual joint angles and the estimated joint angles by using BP neural network in different conditions when doing leg extension exercise for one

single able-bodied subject. The units of Y coordinate of all the figures are degrees. The solid lines are actual joint angles recorded by the angle sensors and the dashed lines

are estimated joint angles by using BP neural network. (a) Leg extension with slow peed and small load, (b) leg extension with fast peed and small load, (c) leg extension

with slow peed and big load, (d) leg extension with fast peed and big load.

F. Zhang et al. / Neurocomputing 78 (2012) 139–148144
it was more comfortable for them to do the exercise in a relative fast
manner which can give them a natural feeling. On the contrary, all the
six people felt that it was uncomfortable for them to do the exercise in
a relative slow manner. They felt that it was dull and it was hard for
them to control the speed well because the slow speed made them
have no rhythm sensation. The muscle can generate relative stable
and regular sEMG signals when people has rhythm sensation.

Fig. 6 also presents a same result as Fig. 5, the joint angles
estimation precision is better in fast speed mode than that in slow
speed mode. From Fig. 6(b) and Table 1, we can see that the angle
of the hip joint, knee joint and ankle joint can be exactly
estimated by the sEMG signals, and the average angle estimation
rms error for all the six able-bodied subjects during treadmill
exercise in fast speed with small load is less than 51. From
Fig. 6(a) and (c), we can see that the angle estimation of the
ankle joint is not as good as that of the knee joint and the hip
joint, this is mainly due to that when people do treadmill exercise
in slow speed, the control of the ankle is not very natural. The
ankle joint angle oscillated very much during the exercise which
is clearly showed in these two sub-figures and the ankle joint
angle oscillation cannot been detected just from the sEMG of
vastus rectus muscle, vastus lateralis muscle and extensor pollicis
longus. Fig. 6(d) summarizes the joint angles estimation in fatigue
mode. Only the knee joint angle and hip joint angle are presented
in this sub-figure because the estimation error of the ankle joint is
too big and we intentionally omitted it. The estimation errors of
the knee joint angle and the hip joint angle are also very big, with
an average rms error of 12.781. This is mainly due to that when
people does exercise in very fatigue condition, muscles of the leg
contract in a very unstable manner accompanying with limbs
trembling, and the relationship between sEMG and the joint
angles becomes much more complicated.

For the four SCI patients, one BP neural network was built for
each patient. Fig. 7 and Table 2 summarize the angles estimation of
three joints for each patient respectively, and the result is almost as
good as that of the able-bodied subjects. From Fig. 7, we can see
that the ankle joint angle of the first person, the third person and
the fourth person vibrated very much during the treadmill exercise
for the reason that these patients cannot control his legs completely
because of the SCI. This also happened to the hip joint of the third
patient. The second patient has a best performance on the joint
angles estimation with an average rms error of 2.631, this should be
attributed to the smallest damage in the spinal cord and the sEMG
signals are relatively more stable than the other three patients.

By comparison of Tables 1 and 2, we can see that the
estimation error of the SCI patients is much smaller than that of
the able-bodied people, the average rms error for the able-bodied
group during leg extension exercise is about 8.71 and the rms
error during treadmill exercise is about 5.91 without considering
the data under the fatigue mode, while the average rms error
for the SCI group during treadmill exercise is just about 4.41. The
main reason is that the movement range of the patients is smaller
than that of the able-bodied subjects. Actually the relative
estimation performance is almost the same for both groups.
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Fig. 6. Comparison of the actual joint angles and the estimated joint angles by using BP neural network in different conditions when doing treadmill exercise for one single

able-bodied subject. The units of Y coordinate of all the figures are degrees. The solid lines are the actual joint angles recorded by the angle sensors and the dashed lines are

estimated joint angles by using BP neural network. (a) Treadmill exercise with slow peed and small load, (b) treadmill exercise with fast peed and small load, (c) Treadmill

exercise with slow peed and big load, (d) treadmill exercise with fatigue.
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The results present that the joint angles of human legs can be
well estimated by the sEMG signals when people do treadmill
exercise or leg extension exercise at different speeds or different
loads. The joint angles estimation by using BP neural network
presents a good performance not only on the able-bodied subjects,
but also on the SCI patients. Compared with the traditional methods
for angle estimation by using sEMG signals that have been intro-
duced in the first section of this paper, this method improved a lot in
many aspects for angle estimation, such as the estimation accuracy,
real-time characteristic, dynamic characteristic, smoothness, and also
robustness. The average angle estimation rms error for leg extension
exercise is less than 91, and the average rms error for treadmill
exercise is less than 61 for all the able-bodied subjects. The average
angle estimation rms error of the SCI patients is even smaller (less
than 51) than that of the able-bodied people because of a smaller
movement range. All these results showed a much better accuracy
than that of [26]. The sEMG signals after processing have been sub-
sampled to 100 HZ, which means that there is only a time-delay of
10 ms. The real-time characteristic is better than that of [27,28,30,32]
according to the angle estimation curve that have been given in these
papers, and the time-delay is 50 ms in [30]. The dynamic character-
istic including different speeds and different loads were also con-
sidered in our method, and the results showed a good robustness to
these variables, while they were not considered in [29]. Compared
with [32], the smoothness of the angle estimation has improved a lot.
Based on these results, the active training by using sEMG signals can
be implemented in a better manner on the lower rehabilitation robot
for SCI patients or stroke patients. The results can also be used in
many other applications such as FES and virtual reality (VR).
4. Conclusions

This paper presents a new human–robot interface for active
training of SCI or stroke patients compared with the traditional
methods by using sEMG signals. An mth order nonlinear model
is built to describe the relationship between sEMG signals and
joint angles of human limbs, and the feasibility of this method is
verified by different experiments on able-bodied subjects and also
SCI patients. We also have a detailed discussion on the joint angles
estimation under different conditions such as different speeds,
different loads, and also in fatigue condition, and this method showed
a very good robustness to these different conditions. Compared with
the traditional methods for angle estimation by using sEMG signals,
the method proposed in this paper improved a lot in many aspects,
including the estimation accuracy, real-time characteristic, dynamic
characteristic, smoothness, and also robustness.

By taking advantage of the dynamic information of the sEMG
signals beside the amplitudes, the method proposed in this paper
is applicable not only for able-bodied people, but also applicable
for SCI patients or stroke patients even their muscle strength or
sEMG are very weak. The main problems for the joint angles
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Fig. 7. Angles estimation of three joints of the leg of four SCI patients based on sEMG signals by using BP neural network. The units of Y coordinate of all the figures are

degrees. The solid lines are the actual joint angles recorded by the angle sensors and the dashed lines are estimated joint angles by using BP neural network. (a) The first

patient, (b) the second patient, (c) the third patient, (d) the fourth patient.

Table 2
Joint angles estimation rms error for treadmill exercise by four SCI patients.

Joint RMS error (deg.)

Patient 1 Patient 2 Patient 3 Patient 4

Ankle 9.3145 1.9524 0.8150 2.3390

Knee 7.2296 3.2619 6.3020 7.5210

Hip 5.0549 2.6655 2.4646 4.7037
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estimation are sEMG signals acquisition and signals processing,
raw sEMG signal time series without preprocessing cannot be
used in this method. The main muscles involved in the movement
should play a major role in the joint angles estimation, and the
number of sEMG channels is not the more the better. Much more
useless information may cause the network oscillation. The
position of the sEMG electrodes also has a great importance to
the estimation. Also many other problems should be considered
during the estimation, such as muscle spasm, which will cause
secondary damage to the patient if not found in time. Our future
works will focus on the application of this angle estimation
method to rehabilitation robot and also to FES.
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