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Abstract: Myoelectric prosthetic hand can be controlled by using surface electromyography (sEMG). In this 
paper, two sEMG signals were collected from forearm to classify five hand motions using radial basis function 
(RBF) neural network. Our experimental results demonstrate that the highest average classification accuracy 
was 93 % achieved using RBF based on root mean square (RMS), auto regressive model (AR), and energy  
of wavelet coefficients (WAVELET) combination. Copyright © 2014 IFSA Publishing, S. L. 
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1. Introduction 

 
The usage of a forearm sEMG signal to classify 

different types of hand motions has become  
a challenging topic for many researchers. The sEMG 
signal is a bioelectrical signal detected from the skin 
surface that is generated by the electrical activity  
of the muscle fibers during contraction or relaxation. 
This signal has a non-stationary, stochastic, and 
complicated nature that makes it more difficult  
to analyze than other bio-signals. 

In this paper, sEMG signals were recorded  
and four features were extracted. The selected 
features were: root mean square (RMS), auto 
regressive model (AR), Wilson amplitude (WAMP) 
and wavelet coefficients (WAVELET). In addition 
to, four combinations were tested (RMS-WAMP), 
(RMS, WAVELET), (RMS-WAMP-WAELET)  
and (RMS, WAVELET, AR). The remainder of this 

manuscript is divided into the following sections. 
The first gives the reader information  
on the experimental protocol. The second section 
provides a brief introduction to Feature weighting. 
The last section present the results obtained from  
the experiment and present the conclusions drawn 
from the results and suggestions for future  
work, respectively.  

 
 

2. Data Collection and Experimental 
Procedure 
 

To collect two sEMG signals from the forearm 
muscles, one piece sEMG signal recording 
equipment (AD Instrument’s Power Lab 4/25 T) 
were used. In total, two sEMG signals were acquired 
from two forearm muscles extensor carpi radialis  
and flexor carpi ulnaris as clarified in Fig. 1.  
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Fig. 1. Two channels sEMG signals were recorded using EMG data acquisition system. The subject performs close hand 
movement and repeats it five times. The acquired sEMG signal was sampled at 1 kHz. The amplitude of the sEMG signal 

is represented on the Y axis. 
 
 
A bandpass filter with a 10 to 500 Hz bandwidth, 

a 50-notch filter, and a mains filter were used.  
The data were sampled at 1 kHz. All of the data were 
normalized and segmented into consecutive 256 ms 
epochs. Twelve right hand-dominant healthy subjects 
(males aged from 25 to 38 years). Disposable 
moisture Ag/AgCl electrodes were used to obtain  
the sEMG signals from the surface of the skin.  
The unipolar electrodes were placed along the 
midline of the muscle and parallel to the longitudinal 
axis of the muscle to prevent signal crosstalk 
between adjacent muscles, and ensure the detection 
will intersect common muscle fibers. The four 
movements that we want to discriminate are 
illustrated in Fig. 2. 

 
 

 
 

Fig. 2. Four classified hand motions:  
1 - grip (GP); 2 - open hand (OP);  

3 - wrist flexion (WF); 4 - wrist extension (WE); 
5 - rest position (REST). 

 
 
The four sEMG signals were collected from 

channel one and two were arranged together to form 
a matrix denoted raw Matrix (RM). Fig. 3 shows 
segmented sEMG signal in for one subject 
performing the selected hand movements. 

 

3. Feature Extraction 
 

In a myoelectric control system, feature 
weighting is a method used to extract useful 
information from sEMG signals and to use this 
information, which represents the recorded signal,  
to classify different motions patterns. Firstly a short 
explanation was given about the extracted features 
with their mathematical equations. 

 
 

3.1. Root Mean Square (RMS) 
 

It is one of the most popular features used  
to represent EMG signal. It has a stable performance 
in the robust noise environment than other  
feature [1]. 
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3.2. Wilson Amplitude (WAMP) 
 

This feature is an indicator of firing motor unit 
action potential (MUAP) and it is an indicator of the 
contraction level. As definition WAMP is the number 
of times that the difference between the signal 
amplitude among to adjacent segments that exceeds 
predefined threshold. The benefit of this feature is to 
reduce the noise effect. 
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Fig. 3. Segmented sEMG signal in 256 points window  
for one subject performing four hand motions (Open hand, close hand, wrist flexion and wrist extension) and rest state. 
 
 

3.3. Auto Regressive Model (AR) 
 
Autoregressive model is a prediction model that 

describes each sample of the EMG signal as a linear 

combination of the previous samples n ix −  plus a 

white noise error term wn, the order of autoregressive 
model and the coefficients of AR model by 
represented q and ai respectively [2, 3]. 
Autoregressive coefficients have been used as one of 
the features for EMG recognition system [4]. In this 
work the model of order used is q=4, this value was 
chosen based on previous research work [1, 5]. 

 
 

3.4. Wavelet Coefficients 
 
Wavelet analysis has many applications  

in the fields of speech analysis, image processing 
(de-noising and compression), and bio-signal 
processing [6-8]. Wavelets transform (WT) is 
windowing technique with variable sized regions,  
in other words, WT transforms the signal from time 
domain into time–frequency domain. 

Wavelet analysis also offers a satisfactory time 
and poor frequency resolution at high frequencies 
and a satisfactory frequency and poor time resolution 
at low frequencies [9]. MATLAB computational 
software-wavelet toolbox was used to extract wavelet 
coefficients. 

Wavelet analysis employs a prototype function, 
or set of basic functions called mother wavelet. The 
signal x(t) is mapped into two dimensional function 
space across scale a and translation b by the wavelet 
transform WT. The continuous wavelets transform 
(CWT) of a given signal x(t) with respect to mother 
wavelet ψ , which defined by equation (3) [10]: 
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where b is the dilation or scale factor; a is the 
translation factor and both variables are continuous. 

Increase or decrease the value of scale compress 
or expand mother wavelet. With discrete wavelet 
transform (DWT), the signal is decomposed into 
details and approximations as follows: 
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where Di(t) is the Wavelet detail and Aj(t) is the 
wavelet approximation at the jth level.  

 
 

4. Results and Discussion 
 

In this paper we use RBF neural network  
to classify the selected hand motions. The number  
of neurons in the hidden layer had been tested 
between 20 and 50 neurons. We found out that  
the best result of classification was achieved by  
40 neurons. The data divided into three sets, 25 %  
for training, 25 % validation and 50 % for test.  
The MATLAB computational software was used  
to extract the features from the sEMG signal and  
for the classification procedure.  

The result of this investigation shows that  
the highest classification rate was 93 %, and this rate 
was achieved using the RBF classifier based  
on feature combination (RMS-WAVELET-AR). 
Also we found out that RMS and WAVELET (using 
Sym4 family) are robust features that give a high 
classification rate above 90 %.  

In order to increase the accuracy rate  
of the classification rate we tried to combine some 
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extracted features from sEMG signal.  
For the extracted features, the performance  
of a classifier was not significantly improved through 
the implementation of more than one feature. In this 

paper we tested four combinations (RMS-WAMP), 
(RMS, WAVELET), (RMS-WAMP-WAELET) and 
(RMS, WAVELET, AR). This result was visualized 
in Fig. 4. 

 
 

 
 

Fig. 4. Classification rate of  four hand patterns using the RBF classifiers.comb1, comb2, comb3 and comb4 are four 
combinations of the extracted features which represent (RMS-WAMP), (RMS, WAVELET), (RMS-WAMP-WAELET) and 
(RMS, WAVELET, AR). The classification accuracy percentage of the sEMG signal is represented on the Y axis. 

 
 

5. Conclusions 
 
In this study, the RBF classifier was found to be  

a robust classifier that achieved the best classification 
rate of 93 % based on (RMS, WAVELET, AR) 
feature set.  
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