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Abstract—A human machine interface (HMI) is an interface 

that permits the interaction between a human being and a 

machine. Surface Electromyogram (sEMG) is an electro-

physiological signal that provides inherent information about 

the activities of the human skeleton muscle. This paper 

proposes EMG pattern recognition system to control the 

myoelectric hand system using sEMG for HMI with the help of 

neural networks. Four parametric feature extraction 

algorithms are used to extract the features from sEMG signals 

such as AR (Autoregressive) Burg, AR Yule Walker, AR 

Covariance and AR Modified Covariance. The sEMG signals 

are modeled using Feed forward Neural Network (FFNN) and 

Time Delay Neural Network (TDNN). The performance of the 

HMI system has obtained average mean classification accuracy 

of 93.02% for AR Burg features using TDNN .From the 

results, it is observed that AR Burg using TDNN 

outperformed the other networks in classifying twelve different 

finger movements. 

 

Keywords- Surface Electromyography, Human Machine 

Interface, Autoregressive, AR Burg, AR Yule Walker,  AR 

Covariance, AR Modified Covariance, Feed forward Neural 

Network and Time Delay Neural Network. 

I.  INTRODUCTION 

Prosthesis is an artificial device that replaces a missing 

body part, which may be lost through trauma, disease or 

congenital conditions [1].Human machine interface (HMI) 

has been widely used to communicate and control the 

interactions between a human and a machine. HMI detects 

the specific pattern activity and translates that pattern into 

meaningful control commands [2]. Human beings make 

various hand movements that allow performing several 

tasks such as hand open, hand close which can be used to 

develop a HMI system. This system helps to improve 

quality level of the amputee people. Human–machine 

control interfaces have received increased attention during 

the past decades [3]. 

sEMG is the study of muscle electrical signal which is 

recorded at the surface of the skin. sEMG is widely used for 

prosthesis control, rehabilitation; muscles fatigue analysis 

and clinical diagnosis. sEMG is the more common method 

of measurement in HMI, since it is non-invasive and can be 

conducted by trained person rather than physicians with 

minimal risk to the subject [4]. 

In this study, twelve different tasks are performed by 

subjects for developing a prosthetic arm. The proposed hand 

movements are opening hand, closing hand, thumb 

flexion, index flexion, middle flexion, ring flexion, little 

flexion, thumb extension, index extension, middle 

extension, ring extension and little extension. Six feature 

extraction algorithms based on AR Burg, AR Yule Walker, 

AR covariance and AR modified covariance have been 

used to extract the features from sEMG signals. The 

extracted features are then classified using Feed forward 

Neural Network and Time Delay Neural Network. 

II.   RESEARCHBACKGROUND 

The EMG signal is an electrical current that is generated 

from muscle fibers which by the exchange of ions from the 

muscle fiber membranes [5]. The contraction of skeleton 

muscle is initiated by nerve impulses are sent by motor 

neurons to the muscles and it is usually under voluntary 

control. One motor neuron usually supplies stimulation to 

many muscle fibers. Human body as a whole is an 

electrically neutral and it has the same number of positive 

and negative charge. However, the muscle tissues will 

conduct electrical potential similar to the way nerves 

contracted. The activity of a muscle associates with the 
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firings of individual motor units (MUs). A MU consists of a 

group of muscle fibers innervated by the same motor 

neuron. The waveform recorded by an intra-muscular 

electrode during an MU discharge is known as a Motor Unit 

Action Potential (MUAP) [6]. The equation 1 shows a 

simple model of the EMG signal, 

x n =  h r e(n − r) + w n  1 

N−1

r=0

 

Where, x(n) modeled EMG signal, e(n)point processed 

represent the firing impulse, h(r) represents the MUAP, 

w(n) zero mean addictive white Gaussian noise and mis 

number of motor unit firings [7]. 

EMG signals were recorded from ten intact-limbed and 

six below-elbow amputee persons as proposed by Ali H. Al-

Timemy et al., 2013. 2 EMG channels Ag–AgCl electrodes 

were placed around the circumference of the upper part of 

the forearm. Each EMG channel was sampled at a rate of 

2000 Hz with 16-bit resolution and filtered by 4-order 

Butterworth with cut-off frequency of 10-450 Hz. The 

12individual finger movements were performed by subjects 

[8].sEMG signal recording equipment (AD Instrument’s 

Power Lab 4/25 T) was used by FirasAlOmari et al., 2014 

for robotic hand control. Ten right hand-dominant healthy 

subjects without any neuromuscular disorders participated 

in this experiment. A bandpass filter with a 10 to 500 Hz 

bandwidth, a 50 Hz notch filter and a mains filter were used. 

The data were sampled at 1 KHz. All of the subjects were 

asked to perform eight movements [9]. 

SorinHerle et al., 2012 proposed myoelectric control 

strategies for a human upper limb prosthesis. The single-

differential sEMG sensors were connected to the amplifier 

and sampling frequency was set as 1000 Hz. One sEMG 

sensor was placed at a distance of 40 mm from the elbow, 

on the external side of the forearm in order to detect 

myoelectric signal from extensor communisdigitorum. The 

second sEMG sensor was positioned on the internal face of 

the forearm at a distance of 70 mm from the elbow and was 

used to collect signal from flexor carpiadialis. Four 

movements of the forearm like flexion, extension, pronation 

and supination were performed during the acquisition of the 

signals. The results showed that combining a low-order AR 

model with a feed-forward neural network, a rate of 

classification ranging from91% to 98% can be achieved, 

while keeping the computational cost low [10].Yi-Hung et 

al., 2007 proposed control of amulti-degrees- of- freedom 

prosthetic hand. Forearm muscles like palmarislongus, 

extensor digitorumcommunis, flexor carpi ulnaris, flexor 

digitorumsuperficialis and flexor digitorumpro fundus were 

used for signal acquisition. ARM and EMG histogram 

feature were obtained for pattern matching. Classification 

was done using Cascaded Kernel Learning Machine 

(CKLM). CKLM obtained a highest accuracy of 93.54% 

[11].  

 In this study ,we explore the possibility of recognizing 

twelve different finger movements using neural networks. 

III.   MATERIALS AND METHODS 

A. SignalAcquisition: 

sEMG signals were extracted using AD Instrument bio 

signal amplifier. The sEMG signal was recorded from flexor 

digitorumsuperficialis and extensor digitorum muscle of the 

healthy Subject by five gold plated, cup shaped Ag-AgCl 

electrodes are placed the over the right forearm[12, 13]. 

Each electrode was separated from the other by 2 cm. 

Ground electrode was located in bony surface.  

Subjects were seated in a comfortable chairwall and were 

requested not to make any overt movements during data 

acquisition .Subjects were informed prior about the twelve 

different hand movements tasks to be executed by 

changing their hand position. The following tasks were 

performed by each subjects such as opening hand, closing 

hand, thumb flexion, index flexion, middle flexion, ring 

flexion, little flexion, thumb extension, index extension, 

middle extension, ring extension and  little extension. 

sEMG signals evoked through the twelve tasks were 

recorded. Each recording trial lasted for 5seconds. Ten trials 

were recorded for each task. Subjects were given an interval 

of five minutes between the trials and data collected in two 

sessions, each session had five trials per task. 120 data 

samples were collected per subject and a total of 1200 data 

samples from 5subjects. The EMG signal was sampled at 

400 Hz. All subjects who participated in the experimental 

study were Karpagam University students and faculty 

membersagedbetween21and40years.All the Subjects 

participated voluntarily in the study. It was ensured that all 

Subjects were healthy and free from medication during the 

course of the study. During the signal acquisition, a notch 

filter was applied to remove the50Hz power line noise. The 

frequency range of EMG is within 0-500 Hz, but the 

dominant energy is concentrated in the range of 10–150 

Hz[14]. Five frequency bands were extracted using 

chebyshev filter to split the signal in the range of 45 Hz. The 

five frequency ranges are (0.1-45) Hz,(45-90)Hz,(90-

135)Hz,(135-180)Hz,(180-199)Hz. 

B.   Power Spectral Density Features and Their Estimation: 

The parametric spectrum estimation is based on 

assumption and a model of the data with prior knowledge. 

The frequency response of the model gives the estimate of 

power spectral density. Autoregressive (AR) process of 

order p is given by 

 

x n = − ak   x n − k + e(n)
p
k=1    (2) 
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Where p is the model order, x(n) is the signal at the 

sampled point n, ak   are the real-valued AR coefficients and 

e(n) represents the error term independent of past samples. 

The term autoregressive implies that the process x(n) is seen 

to be regressed upon previous samples of itself. The error 

term is assumed to be a zero-mean noise with finite 

variance. Thus, in order to obtain the estimates of AR 

coefficient ak   we have used four feature extraction 

algorithms such as AR Burg, AR Yule Walker, AR 

Covariance and AR Modified Covariance [15, 16]. 

1)AR Burg method: The Burg method for AR spectral 

estimation is based on minimizing the forward and 

backward prediction errors while satisfying the Levinson-

Durbin recursion [15]. The major advantages of the Burg 

Method are high frequency resolution, stability and very 

efficient computation. In contrast to other AR estimation 

methods, the Burg method avoids calculating the 

autocorrelation function and instead estimates the reflection 

coefficients directly. 

 

2) AR Yule-Walker method: The Yule-Walker AR method 

of spectral estimation computes the AR parameters by 

forming a biased estimate of the signal’s autocorrelation 

function and solving the least squares minimization of the 

forward prediction error. This results in the Yule-Walker 

equations. The use of a biased estimate of the 

autocorrelation function ensures that the autocorrelation 

matrix above is positive definite. Hence, the matrix is 

invertible and a solution is guaranteed to exist. Moreover, 

the AR parameters thus computed always result in a stable 

all-pole model. The AR coefficients are obtained by solving 

the normal equations [15]. 
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     (3) 

Once the AR parameters have been estimated, then the AR 

spectral estimate is computed as 

 

p AR (ejw ) =
b(0)

1+ ap (k)e−jkwp
k =1

   (4) 

 

Where, 

rx k =  
1

N
 x n +  k x ∗ (n);  k =  0,1, …  , p N−1−k

n=0 (5) 

 

b(0)= rx 0 +  ap(k)rx(k)
p
k=1 (6) 

 

3) AR Covariance method: The covariance method for AR 

spectral estimation is based on minimizing the forward 

prediction error. This method fits an autoregressive (AR) 

model to the signal by minimizing the forward prediction 

error in the least squares sense. For short data records the 

covariance method produces higher resolution spectrum 

estimates than the Yule-Walker method. The covariance 

method requires finding the solution to the set of linear 

equations [15], 
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 (7) 

 

Where, 

rx k, l =
1

𝑁
 x n − l  x ∗  𝑛 − 𝑘 ;  k =  0,1, …  , p 

𝑁−1

𝑛=𝑝

    (8) 

In this method, no windowing is performed in the data for 

the formation of autocorrelation estimates. 

4)AR Modified Covariance method: The modified 

covariance method is based on minimizing the forward and 

backward prediction errors. This method fits an 

autoregressive model to the signal by minimizing the 

forward and backward prediction errors in the least squares 

sense [15]. Here autoregressive parameters are found by 

solving a set of linear equations given in equation 7 with  

 

rx k, l =
1

N
 [x n − l  x ∗  n − k +  n − p + l x ∗N−1

n=p

 n − p + k ]      (9) 

 

In all four the feature extraction techniques model order 

was fixed as 6 for better accuracy and ten features were 

extracted for each task per trial. A total dataset consisting 

of 120 data samples for each subject was obtained to train 

and test the neural network. 

C.  Signal Classification: 

One way to predict the muscles activation from sEMG 

signal is by classification using artificial neural network 

(ANN).Using ANN will avoid establishing a complex 

mathematical model, exhibit adaption and learning, fault 

tolerance, could lump muscles together and reduce number 

of variables. In this study, we use Feed forward Neural 

Network and Time Delay Neural Network to classify the 

sEMG data signals.  

Time Delay Neural Network which is a dynamic network to 

classify the EMG data signals. TDNN is a particular class of 

multilayer networks which has three layers such as input 

layer, hidden layer and output layer [16]-[19]. Out of the 

120 data samples, 75%of the data are used for the 

t r a i n i n g networkand100% of the data are used for the 
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testing network. The network has ten input neurons, ten 

hidden neurons and four Output neurons to identify the 

hand movements. The learning rate is chosen as 

0.0001.Training is conducted until the average error falls 

below 0.001or reaches maximum iteration limit of 1000 and 

testing error tolerance is fixed at 0.1. 

 
Fig.1.Time delay neural network 

 

Feed Forward Neural Network which is a static network to 

classify the EMG data signals. It has three layer such as 

input layer, hidden layer and output layer. Out of the 120 

data samples,75%of the data are used for the t r a i n i n g  

network and100% of the data are used for the testing 

network. The network has ten input neurons, ten hidden 

neurons and four output neurons to identify the hand 

movements. The learning ate is chosen as 0.0001. Training 

is conducted untiltheaverageerrorfallsbelow0.001 or   

reaches maximum iteration limit of 1000 and testing error 

tolerance is fixed at 0.1[20]-[25]. 

 

 
Fig.2.Feed forward neural network 

IV. RESULT AND DISCUSSION 

The result of the TDNN using four feature extraction 

techniques is showing Fig.3. From the Figure, it is observed 

that the highest mean classification accuracy of 93.02% is 

achieved for AR Burg and 92.15% for AR Yule. It is also 

observed that the lowest mean classification accuracy of 

91.10% is achieved for AR Modified Covariance. Similarly 

for FFNN, highest mean classification accuracy of 92.01% 

for AR Burg and the lowest mean classification accuracy of 

88.68% for AR Modified Covariance are achieved. 

From the results obtained in recognizing the twelve 

different hand movements, it is observed that the 

performance of TDNN using AR Burg feature is higher 

compared to the other networks for all subjects. The results 

obtained validate the feasibility of identifying the twelve 

different hand movements through EMG signals. 

 

Fig.3.Classification results for four features using twoneural 

networks 

V.CONCLUSION 

In this paper a study was conducted to design HMI using 

sEMG signals. Data were collected from five Subjects for 

twelve tasks related to finger movements. The feasibility of 

employing and recognizing HMI using Feed forward Neural 

Network and Time Delay Neural Network were tested. Four 

feature extraction algorithms namely the AR Burg, AR Yule 

Walker, ARCovariance and AR Modified Covariance were 

used to train and test the network model. From the result, it 

was observed that the network model using TDNN and AR 

Burg feature is most suitable for recognizing all the twelve 

different finger movements with recognition rate of 93.02%. 

However, further study is required to access the 

performance of the network for online recognition of the 

EMG signals. 
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