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_________________________________________________________________________________

ABSTRACT 

The electromyography is the measure of  electrical activity produced by the muscles which is 

usually represented as a function of time. This electromyography can be used in various 

applications including identifying neuromuscular diseases  ,control signal for prosthetic devices 

,controlling machines, robots etc.  EMG based hand gesture can help to develop good computer 

interface  that increases the quality of life of the  disabled or aged people.  The  main purpose of 

this work is  to identify the hand gestures  that is predefined using artificial neural network which 

is particularly useful for classification purpose. The EMG patterns are extracted from the signals 

for each movement  and the features extracted from the signals are given to the neural network for 

training and classification since it is the good technique for classifying the bio signals. The features 

like mean absolute value, root mean square, variance, standard deviation, Mean frequency, zero 

crossing and slope sign change are chosen to train the neural network 

Keywords-   Electromyography, Artificial Neural Networks, feature extraction 

_________________________________________________________________________________ 

 1.  INTRODUCTION 

The hand gesture identification has numerous applications  hence it has become an active research 

theme because of its use in human- computer interface and it has got a focus in the sense that it will 

help the disabled people or aged people. The gesture recognition is to create a system that recognizes 

the gestures and use them for controlling the device. The gestures can be from any bodily motion but 

importantly from face and hand. There are many common modalities include mechanical sensors, 

vision based system etc. The surface electromyogram has the advantage of easy recording  and non 

invasive.  The hand gestures are captured by sensors through EMG signals[1]. The pattern recognition  

of the EMG signal that helps in interfacing  is the most difficult part because of its variations  having 

different signatures based on age, muscle, motor unit, skin  layer etc. When compared  with the other 

biosignals the EMG is noisy signal and it contains complicated types of noises that are caused by 

environment, electromagnetic induction, motion artifacts, interaction of different tissues  and  

sometimes it is difficult to get the useful information from the  muscles that is left over  of an amputee 

or any disabled person.  The motion command of EMG signals must be identified to control any 
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devices for this the motion command must be identified from every signals and using proper mapping 

method  it is classified.  However the complexities in the EMG signal makes the classification 

difficult and it is difficult to have a precise structural or mathematical model. To discriminate the 

functionality from the features there are many pattern recognition techniques. It is found that different 

types of ANN is used for processing the biosignals, and it is used by most of the researchers. Some of 

the research works are decision tree , multistream hidden markov models, combinational neural 

networks, decision level classifier fusion and different kind of fuzzy classifiers are also used.  The 

hidden markov models has to make large assumptions and large amount of data is required for 

training , hence it cannot be used in real world applications.  The decision tree overlaps when the 

number of classes are large and the error accumulates from level to level in large trees. 

 

2.METHODOLOGY 

2.1 Signal Acquisition 

The surface EMG signals are acquired  for various hand movements using labVIEW and Biokit. The 

signals were obtained for four different movements(open and closing, thumb flexion, index flexion, 

middle and ring finger flexion).   The placement of electrode is very important, the optimal position of 

electrodes is found after performing several trials.The electrode used here is lead electrode, three lead 

electrodes are used. Electrode1 is placed on the flexor pollicis longus and the electrode 2 is place on 

the flexor carpi ulnaris and the reference electrode is placed  near the elbow region. The signals is 

been collected for 60 seconds and the sampling frequency is 1000Hz.  The signals are stored for 

processing and analysis. 

 

 

Fig 1. Block diagram 

2.2 Processing Of EMG Signals 

EMG signals due to its sensitive nature contaminated by external noise sources and artifacts. Using 

the noise signals gives very poor result which is not desirable. The noises can be classified as motion 

artifacts,  power line noise, electrode noise, ambient noise , and inherent noise  The electrode noise, 

motion artifacts can be removed by placing the electrodes in proper position and using good quality 

equipment. The  band pass filter with frequency range of 20-500Hz is used to eliminate the motion 

artifacts ,electrode noise and power line noise and its quite difficult to remove the other types of 

noises lies in the dominant frequency range of EMG. Later on the EMG signal is denoised using 
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wavelet  method. Since the wavelet can localize both time and frequency components.  The fourier 

transform gives only the frequency components hence the wavelet transform is used. More over the 

wavelet transform gives  good frequency resolution at high frequencies, so the noise components  in 

the desired signal can be isolated. The discrete wavelet transform with four levels of decomposition is 

used Daubechies (db2) mother wavelet transform was selected and applied. The proper selection of 

features is needed for efficient classification because of the complex nature of EMG signals. 

2.3. Feature Extraction 

Due to its complex nature the proper selection of features are essential for classification. Many 

researchers uses time domain, frequency domain, time-frequency domain techniques for classification 

of signals.  The various features extracted by different researchers are mean absolute value (MAV), 

variance (VAR), standard deviation (SD), zero crossing (ZC), waveform length (WL), Willson 

amplitude (WA), mean absolute value slope (MAVS), mean frequency (MNF), median frequency 

(MDF), slope sign change (SSC), cepstrum coefficients (CC), fast Fourier transform (FFT) 

coefficients, short time Fourier transform (STFT) coefficients, root mean square (RMS), 

autoregression (AR) coefficients, integrated EMG (IEMG), wavelet transform (WT) coefficients, and 

wavelet packet transform (WPT) coefficients. In this work the feature extracted are Mean absolute 

value, Root Mean Square  Mean Frequency, Zero crossing, Slope Sign Change, Standard deviation. 

These features are extracted for every movements and the calculation is given below. 

2.3.1Mean Absolute Value (Mav) 

It is the average rectified value (ARV) and can be calculated using the moving average of full-wave 

rectified EMG. More specifically, it is calculated by taking the average of the absolute value of EMG 

signal.  It represents the simple way to detect muscle contraction levels.It is calculated as 

MAV=
1

𝑁
  𝑥𝑛  𝑛

𝑛−1  

where N is the length of the signal and xn represents the EMG signal in a segment. 

2.3.2 Root Mean Square (RMS) 

 It is represented as amplitude modulated Gaussian random process whose RMS is related to the 

constant force and non-fatiguing contraction. It can be expressed as 

 RMS= 
1

𝑁
 𝑥𝑛

2𝑁
𝑛−1  

 

2.3.3 Variance Of EMG (Var) 

It uses the power of the EMG signal as a feature. The variance is the mean value of the square of the 

deviation of that variable. It can be calculated by 

 VAR=
1

𝑁−1  
 𝑥𝑛

2𝑁
𝑛−1  

2.3.4 Standard Deviation (SD) 
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It can be used to find the threshold level of muscle contraction activity. The general equation used to 

find SD by 

  SD= 
1

𝑁−1
  𝑥𝑛 − 𝑥  2𝑁

𝑛−1 Where 𝑥 is the mean value of EMG signal  

2.3.5 Mean Frequency(MNF) 

The mean frequency is that frequency where the product of the frequency value and the amplitude of 

the spectrum is equal to the average of all such products throughout the complete spectrum.  

Mean frequency= 𝑓𝑛𝑝𝑛
𝑁
𝑛−1 /  𝑝𝑛

𝑁
𝑛−1 , 

Where 𝑓𝑛  is the frequency of the spectrum 

2.3.6 Zero Crossing(ZC) 

It is the number of times the amplitude values crosses the zero y-axis. It provides the approximate  

estimation of frequency domain properties. It can be calculated as 

𝑍𝐶 =  [𝑠𝑔𝑛(𝑥𝑛 × 𝑥𝑛+1) ∩ |𝑥𝑛 − 𝑥𝑛−1| ≥ 𝑡𝑟𝑒𝑠𝑜𝑙𝑑]

𝑁−1

𝑛=1

 

 Sgn(x)= 
1, 𝑖𝑓𝑥 ≥ 𝑡𝑟𝑒𝑠𝑜𝑙𝑑

0, 𝑜𝑡𝑒𝑟𝑤𝑖𝑠𝑒
  

2.3.7.Slope Sign Change(SSC) 

It is similar to ZC and another method  to represent the frequency information of EMG signal. The 

number of changes between positive and negative slope  among three consecutive segments are 

performed with the threshold function for avoiding the interference EMG signal. It can be calculated a 

𝑆𝑆𝐶 =  [𝑓  𝑥𝑛 − 𝑥𝑛+1 ×  𝑥𝑛 − 𝑥𝑛−1  ]

𝑁−1

𝑛=2

 

      f(x)= 
1, 𝑖𝑓𝑥 ≥ 𝑡𝑟𝑒𝑠𝑜𝑙𝑑

0, 𝑜𝑡𝑒𝑟𝑤𝑖𝑠𝑒
  

3.EMG SIGNAL CLASSIFICATION 

The ANN used for classification is a back propagation  network.  The input vectors and target vectors 

are fed to the network for training purpose.  The input feature vectors are normalized for efficient 

training purpose.  The BP determines how to adjust the weights to minimize performance  by using 

gradient  of the performance function.   Levenberg-Marquardt algorithm was used for training . the 

network is also generalized for over fitting .  this is done by dividing the training input data. 70% for 

training 15% for validation and 15% for testing.When the results are not satisfied the network is 

trained again with the last saved results.  This was done to improve the network performance and 

reduce the number of time for training. 
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4.RESULT 

The network was trained for nearly 170 set of data for  different hand gestures.  The extracted features 

are given as the input vector to train the network. Each set consists of input vector and the target 

vector. Different type of hidden neurons selected for training. It is found that Levenberg-Marquardt 

algorithm with 10 hidden neurons yield best classification with minimal training time.  The best 

performance is achieved at 8 epoch and the training is stopped at 11 epoch.  The average of best 

overall training is found as 83.5% 

5. CONCLUSION  

The proposed work aimed at extraction of different hand gestures based from EMG signals. The 

various features extracted were classified using ANN.  The Levenberg-Marquardt algorithm is used 

for BP training and it takes minimum computational time.  The ANN classified the signals 

successfully from the gestures  and the efficiency of the classification can be increased if more 

number of signals are taken.  However the EMG signal itself varies from time to time.   It has been 

found that Levenberg-Marquardt algorithm based ANN recognizes the gesture effectively.  The 

designed ANN  has successfully classified the gestures with minimum computational time.  The 

classified EMG signals can be used to develop the human computer interface which help the disabled 

people to interact with computer devices.   

 

 

 

Fig2. Signal obtained for index finger  flexion 

 

Fig 3. signal obtained for open and close 
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Fig 4. Signal obtained for middle and ring flexion 

 

 

                                                       Fig 5 Signal obtained for thumb flexion 

Table1.Features extracted for index finger flexion 

 

 

S.NO RMS MEAN SD VAR MNF ZC SSC 

1 0.204 00.1005 0.2045 0.0418 4.8060 196 204 

2 0.196 0.0968 0.1970 0.036 4.425 143 148 

3 0.219 0.1393 0.2194 0.0481 2.87 125 136 

4 0.183 0.0626 0.1836 0.0337 3.804 235 242 

5 0.181 0.0601 0.1818 0.033 3.6131 182 190 

6 0.2 0.0218 0.2001 0.04 4.9901 171 174 

7 0.195 0.0664 0.1953 0.0382 4.6988 128 129 

8 0.206 0.0966 0.2066 0.0427 4.7149 153 156 

9 0.184 0.0616 0.1841 0.0339 3.7769 218 228 

10 0.206 0.1046 0.2066 0.0427 4.714 141 146 
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Table 2. features extracted for open and closing of hand 

 

Table 3.  Various features extracted for middle and ring finger flexion 

 

S.NO RMS MEAN SD VAR MNF ZC SSC 

1 0.290 0.148 0.290 0.084 8.003 250 260 

2 0.201 0.098 0.040 0.040 4.331 123 124 

3 0.252 0.127 0.063 0.063 6.628 159 172 

4 0.259 0.096 0.067 0.067 5.369 203 210 

5 0.185 0.061 0.034 0.034 3.825 253 257 

6 0.203 0.078 
 

0.041 0.041 4.425 234 244 

7 0.21 0.09 0.044 0.044 5.007 122 144 

8 0.201 0.091 0.040 0.040 4.376 115 116 

9 0.200 0.077 0.200 0.040 4.280 213 219 

10 0.204 0.085 0.206 0.042 4.560 229 232 

S.NO RMS MEAN SD VAR MNF ZC SSC 

1 0.2335 0.123 0.2336 0.0546 5.4258 163 160 

2 0.1965 0.082 0.1969 0.0388 4.7844 117 118 

3 0.2899 0.152 0.29 0.0841 7.325 134 137 

4 0.2697 0.106 0.2699 0.0728 5.9571 217 220 

5 0.2543 0.099 0.2544 0.0647 5.7993 220 227 

6 0.2428 0.110 0.2429 0.059 5.5396 221 226 

7 0.1842 0.058 0.1843 0.034 3.6903 198 202 

8 0.1953 0.087 0.0195 0.0382 4.2921 116 118 

9 0.1801 0.053 0.1802 0.0325 3.5417 203 213 

10 0.2958 0.150 0.296 0.0876 7.1058 252 256 
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Table 4. Various features extracted for thumb flexion 

Table 5. Summary of classification output  

 

INPUT> S1 S2 S3 S4 

T
R

A
IN

IN
G

 D
A

T
A

 0.2044 0.29033 0.1965 0.1885 

0.1005 0.1489 0.0824 0.0572 

0.2045 0.2904 0.1969 0.1806 

0.0418 0.0843 0.0388 0.0326 

4.806 8.0035 4.7844 3.6364 

196 250 117 218 

204 260 118 222 

T
A

R
G

E
T

 1 0 0 0 

0 1 0 0 

0 0 1 0 

0 0 0 1 

S
IM

U
L

A
T

IO

N
 R

E
S

U
L

T
 0.991 0.19 0.106 0.262 

0.002 0.845 0.259 0.122 

0.012 0.117 0.801 0.14 

0.047 0.107 0.016 0.803 

S.NO RMS MEAN SD VAR MNF ZC SSC 

1 0.290 0.148 0.290 0.084 8.003 250 260 

2 0.201 0.098 0.040 0.040 4.331 123 124 

3 0.252 0.127 0.063 0.063 6.628 159 172 

4 0.259 0.096 0.067 0.067 5.369 203 210 

5 0.185 0.061 0.034 0.034 3.825 253 257 

6 0.203 0.078 
 

0.041 0.041 4.425 234 244 

7 0.21 0.09 0.044 0.044 5.007 122 144 

8 0.201 0.091 0.040 0.040 4.376 115 116 

9 0.200 0.077 0.200 0.040 4.280 213 219 

10 0.204 0.085 0.206 0.042 4.560 229 232 
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