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Abstract: In this paper, a novel robust nonlinear model is proposed to predict human lower extremity motion based
on the multi-channel surface electromyography (SEMG) signals. The prediction model is established by a data-driven
dynamic recurrent neural network. The sEMG signals acquired from human lower extremity muscles are used as the
inputs of the prediction model. The outputs of the model are joint angles of hip, knee and ankle. Different from the
traditional feedforward network structure, this model has several feedback loops, thus it can take advantage of the output
feedback information. To validate the effectiveness of the proposed method, five able-bodied people participated in
the cycling exercises and relevant data were recorded in real time. The performance of the proposed prediction model
is compared to those of the feedforward neural network with augmented inputs (FFNNAI) for the motion prediction
accuracy and robustness. The results show that the proposed method provides acceptable performance which is clearly
better than the FFNNAI-based approach under different experimental schemes.
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1 INTRODUCTION

There have been an increasing number of wearable robots
in the world designed for locomotion assistance and reha-
bilitation over the last decades. Exoskeletons [1], active or-
thoses [2] and powered prostheses [3] are all typical wear-
able robots. As so far, existing wearable robots are still
confronted with a lot of challenges on mechanical designs
and control strategies. One of the major challenges is that
the robot usually does not have the ability to adequately i-
dentifying the intentions and actions of the human wearer
[4]. Hence, wearable robots may not accurately provide
needed motion assistance for different users. Moreover, re-
cent evidences with respect to the results of rehabilitation
exercises have indicated that the motion intention plays a
significant role in rehabilitation process [5]. Therefore, ac-
curate recognition of users intentions and actions is indis-
pensable during locomotion assistance and rehabilitation
process.

Surface electromyography (SEMG) signals measured from
the human muscles have been taken as one of the major
human-robot interaction information sources in a lot of
robot systems for its strong relationship with human mo-
tion. In recent years, there are numerous researches based
on the sSEMG signals for decoding human body movements
(e.g. force [6], joint angle [7] and joint torque [8]). For
instance, SEMG-based motion estimation techniques are
widely investigated by many researchers. In [9], Song
Rong et al. used a recurrent artificial neural network model
to estimate voluntary elbow torque from SEMG signals and
kinematic data in dynamic situations. The results indicat-
ed that sSEMG signals together with kinematic data can get
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good performance in elbow joint torque estimation. Kwon
et al. [10] investigated a feedforward neural network (FFN-
N) for real-time upper limb movement estimation. The net-
work inputs are the features extracted from sSEMG and the
angular velocities of the elbow and shoulder, and the out-
puts are estimated joint angles of the elbow and shoulder.
The experimental outcomes showed acceptable joints esti-
mation performance. Ngeo et al. [11] presented an FFNN
to estimate the finger joint angles using muscle activation
inputs from sEMG data and got reasonable accuracies for
finger movements by experiments. However, SEMG-based
motion estimation techniques can only estimate the current
motion intention of users. Due to this limitation, estimation
methods may not response timely for the system in which
the delays cannot be ignored. Unfortunately, there are some
inevitable delays existing in wearable robots, such as de-
lays in signal acquisition and processing, delays in motion
control operation and so on. These delays probably have
bad effects on the real-time capability and the interaction
control performance of the wearable robot system.

Based on the above consideration, some researches late-
ly proposed sEMG-based motion prediction methods to re-
lieve the detrimental effects caused by delays. Compared
with estimation approaches, the prediction methods can
predict future movement intention. Therefore, motion pre-
diction may have a better performance in compensating the
delays and improving the real-time capability of the wear-
able robot system. It is worth to note that the distinction
between motion prediction and motion estimation are not
very clear in many literatures. However, by considering the
problems caused by delays in the robot system, this distinc-
tion needs to be emphasized. As for movement prediction
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methods, Loconsole et al. [12] used feedforward neural
network with augmented inputs (FFNNAI) to process the
time sequence prediction problems. They established two
FFNNAIs to predict the human shoulder and elbow joint
torques from sSEMG signals acquired from relative muscle-
s, respectively. Both of their network models used 4 histor-
ical inputs, namely, the input delay order is 4. The torque
prediction errors through experiments are acceptable. N-
evertheless, this model did not use the historical output
data and may get a poor outcome when users movement
changes fast. Li et at. [13] built a high order recurrent neu-
ral network to approach the nonlinear relationship between
the ankle joint torque and the evoked EMG signals. Then
the network was used to predict the ankle joint movements.
The network model used 4 historical inputs and 3 historical
outputs, namely, the input delay order is 4 and the output
delay order is 3. This model used the output feedback in-
formation and can get higher accuracy. However, this non-
linear relationship was just reflected in two coupling terms
between the specified inputs and specified feedback output-
s. Thus, this method might not reflect the complex relation-
ship between human movements and SEMG signals well in
many other different cases. Based on the above analysis,
the techniques about human body motion decoding are not
perfect and still have large exploration space.

A novel lower extremity movement prediction method is
put forward in this paper. The performance of proposed
prediction strategy is validated and compared with the
FFNNAI-based method. Experiment results show a good
prediction capability on lower limb joint angles prediction
by using the proposed approach. Notice that this work can
also apply to other types of locomotion such as force, joint
torque and so forth. The remainder of the paper is orga-
nized as follows: section II introduces data acquisition and
processing of the SEMG signals. The prediction model and
algorithm of the lower limb joint movement are presented
in Section III. The experiments and discussion of the pre-
diction scheme are given in the Section IV. Section V gives
the conclusion and future works.

2 ACQUISITION AND PROCESSING OF
SEMG SIGNALS

Cycling exercise is selected as the locomotion mode in our
experiments, which is one of the most common activities
of daily living. In order to acquire the convincing experi-
mental data, five healthy male subjects were recruited in the
cycling exercises. The average age of the subjects is 25.5
(£1.6) years; the average heightis 1.71 (£0.04) m; the av-
erage weight is 63.8 (£6.3) kg. All the subjects were asked
to do the cycling exercise at their own comfortable speed,
which can give them a natural feeling and may record rela-
tive stable and regular signals easily. For each subject, one
motion trial lasts about 10 s. During cycling, seven chan-
nels of SEMG signals were simultaneously sampled at 2
kHz from vastus rectus muscle (VR), vastus lateralis mus-
cle (VL), semitendinosus muscle (SM), biceps muscle of
thigh (BM), tibialis anterior muscle (TA), extensor polli-
cis longus (EP) and gastrocnemius muscle (GM). At the
same time, the three joint angles of human lower extrem-
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ity were collected with the sampling rate of 100Hz. Raw
seven-channel SEMG signals and three joint angles signal-
s from one of the five able-bodied individuals is shown
in Fig. 1. Moreover, the sSEMG signals during maximum
voluntary contraction (MVC) for each person were record-
ed for data normalization. The data acquisition process
of SEMG signals and joint angles during cycling exercis-
es from one subject is shown in Fig. 2. Raw sEMG signals

time(s)

Figure 1: Raw seven-channel SEMG signals and three joint
angles signals from one of the five able-bodied individuals

Figure 2: The data acquisition process of SEMG signals
and joint angles signals during cycling exercises from one
subject

are always contaminated by many noises, such as industri-
al frequency interference, high-frequency interference and
movement artifacts. In order to remove these noise signals,
a 50 Hz notch filter and a 20-500 Hz band-pass filter are
applied to sSEMG signals. After filtering, the multi-channel
sEMG signals are full-wave rectified. This operation can
be described as

SEMGec(t) = [sEMG(t)] )
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where t is the sampling point. The changing process of
amplitudes of SEMG signals can be much more clearly in-
dicated by full-wave rectification. Then, each channel of
SEMG signals should be normalized by the amplitude peak
values of the SEMG obtained during MVC.
SEMGec(t)

SEMGuorm(t) = T orreree s @)
As sEMG signals and the joint angle signals have different
sampling rates, it is necessary to implement the synchro-
nization between them. Because the sampling frequency
of sSEMG (2k Hz) is 20 times higher than that of the joint
angle (100 Hz). Thus, the normalized sEMG data are av-
eraged over a sliding window of 20 samples (with no over-
lapping). This operation can be implemented by

kW

1
EMGape(k) = —
MO =y 2

SEMG porm(t) ()

where sEMG,,.(k) is the average of the normalized
SsEMG on the sampling interval [(k — 1)W + 1, kW] and
W = 20. After synchronization, each channel of SEMG
and each joint angle have 1,000 sample points for every
trial of cycling exercise. Since human body movements
perform a strong low frequency property, a fourth-order
low-pass Butterworth filter with cut-of frequency 5 Hz is
selected for smoothing the signals to simulate the natural
filtering property of human muscle.

Although the seven-channel sSEMG signals are monitored
at the same time, not all the channels of SEMG have strong
relevance with the lower limb movements. By considering
the problems of data redundancy and computation com-
plexity, the seven channels of SEMG signals should be s-
elected appropriately based on the correlation with lower
extremity joint angles. The correlation coefficient indicator
is calculated to analyze the correlations between the lower
limb joint angles and seven-channel sSEMG signals. The
absolute value of correlation coefficients between two ran-
dom variable X, Y can be represented as

Cov(X,Y)

PIXY) = D(X)D(Y)

“

where Cov(X,Y) is the covariance between X and Y,
D(X) and D(Y") are the variance of X and Y, respectively.
The correlation coefficients between lower limb joint an-
gles and seven-channel SEMG signals are shown in Fig. 3.
The lateral axis denotes the seven channels of SEMG sig-
nals and the vertical axis represents the absolute value of
correlation coefficients between SEMG and joint angles.
From Fig. 3(a), it can be clearly see that p(V R, hip) and
p(V L, hip) are much higher than others, which means the
sEMG from VR and VL show remarkable correlation with
the hip joint angle. In the same way, it can be conclude
that the knee joint angle has remarkable relevance with the
sEMG of VR, VL, EP and the ankle joint angle performs
strong correlation with the SEMG of EP. Thus, the SEMG
signals from VR, VL and EP contain a lot of useful motion
information and are selected to predict human lower limb
movements.
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Figure 3: Correlation coefficients between lower limb joint
angles and seven-channel SEMG

3 LOWER EXTREMITY MOVEMENT PRE-
DICTION BASED ON A DYNAMIC RECUR-
RENT NEURAL NETWORK

In this section, we will model the relationship between low-
er extremity joint angles and the selected sSEMG signals.
The inputs of the prediction model are the sSEMG signal-
s from VR, VL and EP selected from correlation analysis.
The outputs are joint angles of hip, knee and ankle, which
can be considered as the outward manifestation of human
lower limb movements.

Consider the relationship between the SEMG and joint an-
gles as the following nonlinear autoregressive model with
external inputs (NARX):

6(t) = Flu(t 1), ,ult — M),

0t —1),---,0(t—N)) ©)

where 6 is the joint angle vector; u is the amplitude vec-
tor of the SEMG; M is the order of input delays; N is the
order of feedback delays and ¢ is the sampling point. For
more precise modeling, an NARX-type dynamic recurrent
neural network (NARX-DRNN) is built for nonlinear ap-
proximation. The schematic diagram of the NARX-DRNN
is shown in Fig. 4. Notice that the number of model inputs
and outputs can be regulated by actual demands. In this pa-
per, the number of network outputs is three and the number
of inputs is due to the delay orders. The hyperbolic tan-
gent function and linear function of our NARX-DRNN are
selected as the activation functions of the hidden layer and
output layer, respectively. Therefore, the proposed model
can be denoted as follows:

2

o(t) = Wnut[l o AWt hin) _

1] + bom‘, (6)

where @ is the prediction of the joint angle vector at every
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time step; p is the input vector and it can be represented
asp = [u(t — 1), ,u(t —m),0(t — 1),---8(t — n)];
Wi and W,,,; are the weight matrices of the hidden lay-
er and output layer; b;, and b,,; are the threshold vectors
of the hidden layer and output layer. As the network has
several feedback loops, it can use the historical output data
effectively. Compared with [13], all the inputs and feed-
back outputs of this model are contained in the nonlinear
relationship between the SEMG and movements. Hence,
this model might be more general to decode the relation-
ship between human body motion and sEMG signals in d-
ifferent cases. For simplicity, the input delay order and the
output delay order for our network are set to the same in
this paper. Thus, we will only give the input delay order in
the subsequent parts. The proposed model is trained by the
Bayesian regularization algorithm which can guarantee its
prediction accuracy and generation ability.

Figure 4: The schematic diagram of the NARX-DRNN

4 EXPERIMENTS AND DISCUSSION

In this section, two different experimental schemes are de-
signed to validate the effectiveness of our NARX-DRNN
model. One is the subject-dependent experiment, in which
the data of one subject’s cycling exercise is divided into
training set and testing set by some points of time. Since
the cycling motion for one subject lasts 10 s, the first 7
s data are used to train the network and the remaining 3s
data are selected for testing in this section. This subject-
dependent experiment has been applied to one specific sub-
ject’s movement data by random selecting. The other is the
subject-independent experiment that uses more data from
different people for training and testing. For instance, A-
mong the five subjects’ exercise data, four people’s data
are randomly chosen as the training set and the rest one
is used as the testing set. The random selection method
mentioned above needs to be conducted a certain number
of times to ensure the credibility of the experiment result-
s. At the same time, the contrast experiments are carried
out to compare the performance of the proposed NARX-
DRNN and the traditional FFNNAI. For fair comparison,
the prediction accuracy under the same network complexi-
ty is selected as an indicator. It is because the real-time per-
formance of the algorithm mainly depends on the network
complexity. When neural networks are used for prediction

of time sequence, the hidden layer structure and input delay
order are significant parameters of the network complexity.
The hidden layer structure parameters consist of the num-
ber of hidden layer and the number of hidden layer nodes.
In order to reduce the computation time and the complexity
of the network, we set the number of hidden layer as one
and select the nodes and input delay order as small as pos-
sible. In order to measure the prediction accuracy, the root

Table 1: Results of the subject-dependent experiment

Joint Angle (°) | RMSE (NARX-DRNN) | RMSE (FENNAL)
Hip 3.4253 7.3834
Knee 4.1185 8.3920
Ankle 3.1341 6.8144
Mean 3.5593 7.5300
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Figure 5: Comparison of the joint angle prediction perfor-
mance by using NARX-DRNN and FFNNATI in the subject-
dependent experiment

mean square error (RMSE) is selected as the evaluating in-
dicator, which can be defined as

RMSE = !

el

T
> (6() - 6(1))2 )

where 7' is the size of the test sample; g is the predicted
joint angle; 6 is the measured one. By considering the ef-
fects of random initialization of network weights, the final
result of each experiment is obtained by calculating the av-
erage of five execution results in a row.
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In Fig. 5 and Fig. 6, the red line denotes the actual join-
t angles measured by the angle sensor and the black line
represents the estimated results. For the subject-dependent
experiment, the number of the hidden layer nodes and input
delay order are 10 and 2, respectively. Table 1 and Fig. 5
compare the prediction performance of joint angles by us-
ing NARX-DRNN and FFNNALI, respectively. As it can be
seen from the results, the RMSE for every joint angle by
using NARX-DRNN is less than 4° which is clearly low-
er than those of FFNNAI. For the subject-independent ex-
periment, since the experimental data are larger, the num-
ber of the hidden layer nodes and input delay order are in-
creased to 20 and 3, respectively. The comparison results
are given in Table 2 and Fig. 6. It can be seen that each
RMSE of NARX-DRNN is less than 5° which shows an
acceptable outcome for the motion data recorded from dif-
ferent persons. In contrast, the performance of FFNNAI
is obviously unable to meet the requirement. Thus, the
NARX-DRNN is less sensitive to different people’s data,
which means NARX-DRNN has better robust performance
and generalization ability for different people. Based on

Table 2: Results of the subject-independent experiment

Joint Angle (°) | RMSE (NARX-DRNN) | RMSE (FENNAI)
Hip 42558 3.9634

Knee 43756 10.3874

Ankle 3.5693 7.9670

Mean 4.0669 9.1060

the above analysis, the proposed NARX-DRNN can be ap-
plied to both one person’s motion data and several different
persons’ motion data. Furthermore, the average RMSE of
NARX-DRNN is smaller than 5° for two different exper-
imental schemes. Therefore, we can safely draw a con-
clusion that the prediction performance of NARX-DRNN
shows good performance both in prediction accuracy and
in robustness. In addition, the performance of the proposed
NARX-DRNN is much better than that of FFNNAI which
can be seen from the compared experiments. Last but not
least, the response time of NARX-DRNN is about 10.4 ms
(containing sampling time) for predicting the joint angles
of every sampling time, which is an acceptable delay for a
real time robot system [4].

5 CONCLUSION AND FUTURE WORKS

This paper proposed a new human-robot interface design
method for rehabilitation training of stroke or SCI patients
based on SEMG signals. A robust nonlinear model is built
to predict the human lower limb movement by using an
NARX-DRNN. The sEMG signals and joint angles were
collected from five healthy people lower extremity muscle-
s. After preprocessing procedure, three channels of SEMG
signals were selected as the inputs of the network by an-
alyzing their correlation with human leg movement. The
NARX-DRNN is trained by the Bayesian regularization al-
gorithm which can guarantee its accurate prediction and
generation ability. During experiments, two schemes were
designed to verify the effectiveness and robustness of the
proposed methods. The average joint angles prediction
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Figure 6: Comparison of the joint angle prediction perfor-
mance by using NARX-DRNN and FFNNAI in the subject-
independent experiment

root-mean-square errors are less than 5° under different ex-
perimental schemes. Compared with the traditional FFN-
NAI model with augmented inputs for motion prediction by
using SEMG, the method proposed in this paper improved
much in prediction accuracy, robustness and dynamic char-
acteristics. Therefore, the proposed method may supply an
effective humanCrobot interface for the robot system. For
future works, we are going to popularize this research to
stroke patients motion prediction and apply this method to
wearable lower limb rehabilitation robots.
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