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Abstract 
EMG signal distinct from one person to another person.  Body mass, muscle fiber pattern, muscle size, motion of subject, 

neuromuscular activity, neurotransmitter activity in different areas within the muscle, different density of bone, changes in blood 

flow in the muscle, fatigue, skin conductivity, motor unit firing pattern, motor unit paths, distribution of heat in the muscle, skin-

fat layer, motor unit recruitment order and characteristics of muscle, strength and force generated by the muscle changing from 
person to person. Change in measurement of EMG signal depends on many factors. Irrespective of which factor changes the EMG 

signal but physiologic dependent singularity is different and hence Electromyogram (EMG) can be used for person identification. 

Useful information present in EMG signal need to be extracted to discriminate different persons. In this work, EMG signal 

acquired from a single channel instrumentation system.  Cepstrum technique used to extract features from EMG signal. The 

Vector Quantization (VQ) is used to build person models. 50 healthy persons EMG data is recorded in three sessions at different 

days.  Person identification system developed using cepstrum and VQ provide good result in performance. 
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1. INTRODUCTION 

Many parts of the body like fingers, hands, feet, ears, eyes, 

faces, teeth, veins characteristics of voice, signature, styles 

of typing, emotion, egos are used in biometric systems. 

Physiological signal like electrocardiogram(ECG) and 

electroencephalogram(EEG) can be used for person 

identification[1, 2, 3]. In 1970 komi and buskirk [4] found 

that the average test-retest reliability for surface electrodes 

was 88%. 

 

A train of impulses due to firing of motor units passes 

through the muscle gives motor unit action potential. The 
EMG signal can be modeled using 

 

Y(n) = i(r)f(n-r) + g(n) 

 

F(n) is impulse train, i(r) is impulse response, g(n) is 

Gaussian noise and N is number of motor units. Source is 

the impulse process, system is muscle, Cepstrum is used to 

separate sorce and system component and then person 

identification performed. 

 

2. EMG FEATURE EXTRACTION 

Cepstral Features 

The time-frequency methods are used in EMG feature 

extraction because of short time variability of spectrum. The 
feature vectors extraction is done through cepstral 

coefficients. The cepstrum is obtained by taking the inverse 

Fourier transform of the log magnitude spectrum for an 

EMG signal. 

Consider a given EMG burst for a particular person. EMG 

frames of size 50 ms (100 samples at 2 kHz sampling rate) 

with a shift of 25 ms (50 samples at 2 kHz sampling rate) 

are taken. Here assumption is the data within a window are 

nearly stationary. 40 frames per second and therefore 400 

frames for every ten second slot of EMG data obtained. In 

each session five slots of ten seconds EMG data from all 

subjects has been collected. So for three sessions 6000 

frames per subject are obtained. For each observation 

window, the first 13 basic cepstral coefficients plus 13 delta 
and 13 delta-delta coefficients were used as EMG signal 

features. Encouraging results obtained for 13 dimensional 

base cepstrum with 13 velocity and 13 acceleration 

coefficients. 

 

3. EMG MODELING USING VQ METHOD 

Person models built using the feature vectors from different 

persons EMG bursts. The desirable attributes of person 

model are better representation of person, must consume 

less time for processing and space complexity [6]. The 

objective of person identification is to obtain reliable 

performance. The success of modeling techniques depends 

on better cluster or captures the distribution of the feature 
vectors. Earlier studies for person identification used direct 

template matching between training and testing data [7, 8, 9, 

10, 11, 12, 13,]. It is common to reduce the number of 

feature vectors by clustering approach. The cluster centers 

are known as code vectors and a set of code vectors is 

known as codebook.  Person identification system uses VQ 

modeling has all of these attributes, which is briefly 

described in this section. 
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Vector Quantization (VQ) 

After obtained cepstral feature vectors, second level of 

compression is done using VQ method, where a set of 

nearest feature vectors are clustered together. VQ model is 

formed for every person and comparison is done with the 

person VQ model. The binary split algorithm is used for 

obtaining codebook vectors from cepstral features, which in 

turn uses the K-means clustering algorithm [14, 15, 16]. 

Larger codebook and EMG test data required for getting 

good person identification performance. Also, VQ codebook 
can be updated to alleviate the performance degradation.  

The number of centroids should be at least ten times smaller 

than number of feature vectors in the EMG signal. 

 

4. RESULTS AND DISCUSSIONS 

Each session contains 5 slots of 10 seconds EMG data. 

There are total of 15 slots of data from all the three sessions.   

First four slots of any two arbitrary sessions are used for 

training. 400 feature vectors obtained for every 10 seconds 

slot of EMG data. Therefore for four slots of any two 

sessions data 1600×2=3200 feature vectors are used for 

training. The codebooks of all persons are stored in the 

EMG database. For testing, last slots (400 frames per slot) 
of all sessions are used separately. 

 

Feature vector consist of 39 dimension coefficients 

including 13 dimensions of cepstral coefficients combined 

with its velocity and acceleration coefficients. The 39 

dimension feature vectors are trained. The result of person 

identification performance for VQ technique is given in 

Table 1. 

 

Table -1: 13 dimensional base cepstra plus, 13∆ and 13∆∆ 

with VQ 

Training 

sessions 

Code book 

size 

Testing session 

1 2 3 

1, 2 

16 55.10 77.55 63.27 

32 59.18 83.67 61.23 

64 55.10 79.59 57.14 

2, 3 

16 44.90 69.39 85.71 

32 46.94 69.39 83.67 

64 4490 69.39 81.63 

1, 3 

16 44.90 69.39 85.71 

32 46.90 71.43 83.67 

64 44.90 71.43 81.63 

 

During the course of experiment, 4 slots of EMG data from 

session 1 and session 2 are used for training and no slots of 
data from session 3 is used for training and remaining one 

slot of data from each of the session 1, session 2 and any of 

the slot of data of 10 seconds from session 3 are used for 

testing. Maximum person identification performance of 

83.67% is obtained for the last slot of test EMG data chosen 

from trained session 2 for the 32 code book size rather than 

from session 1 test EMG data. It is obvious for the reason 

that the model is most recently learned with the session 2 

data. It seems model is not yet generalized to yield better 

performance for the last slot of test EMG data from session 

1and session 3. Further, the model is not trained with 

session 3 data and hence the maximum identification 

performance of 63.27% is obtained for the last slot of test 

EMG data selected from untrained session 3, which is less 

than the person identification performance of 83.67% for the 

last slot of test EMG data chosen from trained session 2. 

 

This model is similarly trained with session 2 and session 3 
EMG data without using session 1 EMG data for training. In 

this case, maximum person identification performance of 

85.71% is obtained for the last slot of test EMG data 

selected from trained session 3 with code book size of 16. 

Since the session 1 EMG data is not used for training the 

model, the maximum person identification performance of 

46.94% is obtained for the last slot of test EMG data 

selected from untrained session 1 for the codebook size of 

32 which is less than the maximum person identification 

performance of 85.71% obtained for the last slot of test 

EMG data selected from trained session 3 with code book 

size of 16. In this case also, the model yield better 
performance 85.71% for the last slot of 10 seconds of EMG 

data selected from the most recently learned session 3 EMG 

data. 

 

In order to complete the experiment, the model is again 

trained with session 1 and session 3 EMG data without 

using the session 2 EMG data for training. In this case, the 

model yields the maximum person identification 

performance of 85.71% with codebook size of 16  for the 

last slot of 10 seconds of test EMG data selected from 

trained session 3 which is also the most recently learned 
session EMG data by the model. Further, the model yields 

maximum person identification performance of 71.43% with 

code book size of 32 and 64 for last slot of 10 seconds of 

EMG data selected from untrained session 2. This result is 

again less than the result obtained from the trained session 3. 

 

It is evident from these set of experiments that the model is 

suffering from session generalization and is varying from 

experiment to experiment for the test EMG data selected 

from untrained sessions. In order to confirm this findings, 

the experiment is again repeated with sessions used for 
training is reversed and similar observation is found in Table 

2. 

 

Table -2:  Cepstra-VQ with two sessions used for training is 

reversed 

Training 

sessions 

reversed 

Code 

book 

size 

Testing session 

1 2 3 

2,1 

16 81.63 38.77 42.86 

32 85.71 40.82 34.69 

64 87.75 32.65 38.78 

3,2 

16 55.10 77.55 61.23 

32 55.10 81.63 61.23 

64 57.14 77.55 57.14 

3,1 

16 81.63 38.78 44.90 

32 83.67 40.82 34.69 

64 85.71 30.61 36.74 
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Fig -1:  Performance of person identification system based 

on13 dimensional base cepstra plus, 13∆ and13∆∆ with VQ 

 

The Fig. 1, shows the large person identification 

performance for recently trained sessions. From results, it is 
well understood that the problem is in session 

generalization. Further to explore, the EMG data slots are 

intermixed amongst the sessions selected for training and 

above experiment is repeated with an expectation of model 

person identification performance improvements. For this 

purpose, following mixing strategy is employed. In the 

proposed mixing strategy, first slot of 10 seconds of EMG 

data of session 1 and session 2 are first used for training the 

model and then the second slot of 10 seconds of EMG data 

of both sessions are similarly used next for training the 

model and so on. In this case, after similar testing, 
maximum person identification performance of 83.67% and 

71.43% is obtained for last slot of 10 seconds of test EMG 

data selected from session 1 and session 2 respectively with 

improved session generalization amongst training session as 

shown in Table 3. In this case also, the model suffers from 

session generalization for test EMG data selected from 

untrained session as shown in Fig.2. 

 

Table -3: Cepstra-VQ with two sessions used for training is 

intermixed 

Training 

sessions with 

intermixed 

data slots 

Code 

book 

size 

Testing session 

1 2 3 

1,2 

16 83.67 71.43 55.10 

32 79.59 71.43 46.94 

64 77.55 69.40 48.98 

2,3 

16 51.02 85.71 71.43 

32 53.10 87.76 69.40 

64 53.10 85.71 71.43 

1,3 

16 69.39 67.40 63.27 

32 77.60 65.31 71.43 

64 83.67 55.10 65.31 

 
Fig -2:  Performance of person identification system with 

two sessions used for training is intermixed using Cepstra-

VQ 

 

This problem can be overcome by choosing all the three 

sessions of EMG data for training. In order to explore this 

fact, intermixing of slots of 10 seconds of data from all the 

three sessions is employed for training. In a conventional 

manner the last slot of 10 seconds of test EMG data from 

each of the trained session is used for testing. In this 

circumstance, the model yield maximum person 

identification performance of 83.67% for a codebook size of 
16 and 32 for session 1 and session 2 respectively and 

65.31% for codebook size of 16 for session 3 as shown in 

Table 4. Further, the same consistent person identification 

performance is observed when sessions are interchanged 

during training with testing procedure is repeated. It is 

observed that session generalization amongst trained 

sessions is improved with enhanced performance shown in 

Fig.3. 

 

Table -4: Cepstra-VQ with three sessions for training 

intermixed 

Training 

sessions 

Code 

book 

size 

Testing session 

1 2 3 

1,2,3 

16 83.67 81.63 65.31 

32 79.59 83.67 63.27 

64 73.47 79.59 63.27 

2,3,1 

16 83.67 81.63 65.31 

32 79.59 83.67 63.27 

64 73.47 79.59 63.27 

3,1,2 

16 83.67 81.63 65.31 

32 79.59 83.67 63.27 

64 73.47 79.59 63.27 
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Fig -3: Performance of person identification system with 

three sessions used for training is intermixed using Cepstra-

VQ 

 

Table 5 describes the person identification performance for 

first four slots of any arbitrary chosen two sessions for 

training using VQ and all the individual five slots of 

remaining (untrained) session for testing separately to verify 

the consistency of result for the entire slots. Promising 

person identification performance has obtained for all the 

slots of untrained session. 

 
 

 

 

 

 

 

 

 

 

 

Table -5: Results for all individual slots of untrained session 

 

 

The Fig.4. Shows performance of 65% to 79% with session 

1, 2 trained and session 3 all slots used for testing 

separately. 47%-61% performance when session 2, 3 trained 

and session 1 all slots used for testing individually and 61%-

79% when session 1, 3 trained and remaining five slots of 

session 2 used for testing separately. For all code book size 
of VQ and slots of untrained session person identification 

performance is almost similar. 

 

 
Fig -4: Performance of person identification system for all 

individual slots of untrained session with cepstra-VQ 

 

To customize the EMG based person identification system 

the experiment is repeated for different group of persons and 

tested for up to 1024 sized code books and the results are 

shown in Table 6. 

 

Training sessions Code book 

size 

Testing 

Slot1 Slot2 Slot3 Slot4 Slot5 

1,2 16 

32 

64 

79.59 73.47 71.43 71.44 71.43 

73.47 73.47 75.51 69.39 69.39 

79.59 75.51 73.47 69.39 65.31 

2,3 16 

32 
64 

53.06 46.94 57.14 57.14 57.14 

53.06 48.98 59.18 61.22 53.06 

46.94 51.02 53.06 57.14 51.02 

1,3 16 

32 

64 

61.22 79.59 71.43 77.55 77.53 

63.26 73.47 67.35 77.55 71.42 

67.35 77.55 65.31 73.46 71.42 
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Table -6: cepstra-VQ with three sessions used for training intermixed for different groups of people 

 

 

The variation in performance of EMG person identification 

system for different codebook size is graphically illustrated 

in Fig. 5. It is evident from the graph that the performance 

gradually increases from code book size of 2 and become 

consistent from code book size of 64 onwards. The nature of 

variation of performance with changing code book size 
resembles mostly the behavior of over damped system. The 

performance of EMG based person identification system 

become substantially stable from code book size of 64 

onwards for change in total number of persons. In order to 

ensure this fact, the performance change against the 

variation in total number of persons is graphically illustrated 

in Fig. 6, given below. It is clearly revealed the fact that the 

performance of this EMG based person identification system 

substantially remains stable from codebook size of 64 

onwards for change in total number of persons. Thus the 

stability of EMG based person identification system that is 
developed in this work demonstrated excellent in its 

performance from code book size of 64 onwards and is 

superior at the codebook size of 128. 

 

 
Fig -5: Performance variations versus code book size for 

intermixed 3 session data using cepstra-VQ. 

 
Fig -6: Performance variations versus group of persons for 

intermixed 3 session data using Cepstra-VQ. 

 

6. CONCLUSION 

An EMG based person identification system using 39 

dimensional Cepstra-VQ approaches substantially remains 

stable from codebook size of 64 onwards for change in total 

number of persons. Thus the stability of EMG based person 

identification system that is developed in this work 

demonstrated excellent in its performance from code book 
size of 64 onwards and is superior at the codebook size of 

128. 
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