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Abstract--Speech feature extraction is the most important step in any Automatic speaker recognition system. In the last 60 
years a lot of research has gone into parametric representation of these speech features. Several techniques have evolved one 
after the other in order to defeat the shortcomings of the previous one. Yet Automatic Speaker Recognition still remains a 
challenge mainly due to variations in speaker’s vocal tract with time and health, varying environmental conditions, 
variations in the behavior and quality of speech recorders etc. Although Mel Frequency Cepstral Coefficients (MFCC) has 
become a standard for speaker recognition, the conventional MFCC has a poor recognition in presence of noise. In this paper 
MFCC technique was used for Automatic Speaker recognition in case of a slightly noisy environment. In this experiment a 
VQ codebook was created by clustering the training features of 9 speakers. This data was stored in a speaker database.  Here 
the K means algorithm was used for clustering. A distortion measure based on the minimum Euclidean distance was used for 
speaker recognition. The failure rate of speaker recognition was found to be 20%. Matlab-7.10.0 was used for this study. 
This paper also presents an overview of the techniques that have been used for parametric representation of speech features 
and the modifications that took place to enhance their capabilities. The paper also discusses the most modern techniques, 
latest research and various modifications that have been proposed in order to enhance the competence of an Automatic 
Speaker Recognition System as compared to other Biometric systems.   
Keywords—Mel Frequency Cepstral Coefficients (MFCC), Reflection Coefficients (RC), Linear Predictive Coefficients 
(LPC), Linear Predictive Cepstral Coefficients (LPCC), Perceptual Linear Predictive Cepstral Coefficients (PLPCC), 
Integrated Phoneme Subspace (IPS). 

 
I. INTRODUCTION 

 
In 1939 the first electronically encoded speech engine 
called vocoder that consisted of a non parametric 
spectral model of the vocal tract was demonstrated by 
Homer Dudley [1]. A second type of vocoder called 
the formant vocoder that was based on a parametric 
spectral model was presented by Munson and 
Montgomery in 1950[2]. The curiosity in Automatic 
Speaker Recognition gradually increased and by 
1960s, it had become a major area of research. In 
1966 L.C.W Pols’s research had given a way to 
results that suggested that the phonetically important 
characteristics of speech could be represented in a 
compact manner by a set of Mel-frequency Cepstrum 
Coefficients (MFFCs). Atal and Hanauer in 1971 [3, 
4] used linear prediction model for parametric 
representation of speech derived features. Their work 
gave an entirely new direction to speech technology. 
In 1975 Fumitada Itakura published his work on 
speech recognition that was based on the concept of 
Linear Prediction coefficients (LPC) [5]. In 1979 
Rabiner et.al, Markel and Davis published their 
works based on LPC [6, 7]. In 1981 S. Furui 
implemented cepstral analysis technique on a 
telephone line in which the Cepstrum coefficients 
were derived from Linear Predictive Coefficients 
(LPC) [9]. Schwartz et.al (1982) used log area ratios 
(LAR parameters) in their study of text independent 
speaker identification [10]. In l983 Li and Wrench 
published their work on text-independent speaker 
recognition with short utterances using LPC. To 
illustrate speaker recognition G. R. Doddington in 

1985 suggested a 14 channel filter bank whose 
frequencies were spaced uniformly between 300 and 
3000 Hz for speaker recognition [12]. Soong, et al in 
1985 used short-time LPC vectors as feature vectors 
for speaker recognition [13]. Higgins and Wohlford 
used ten cepstral coefficients derived from LPC-12 
analysis using the autocorrelation method for text 
independent speaker recognition [14]. H. Hermansky 
and N. Morgan used RASTA technique for 
enhancement of Speech signal, 1994. This however 
increased the computational complexity of the pattern 
recognition problem [16]. Young et al, 1995 
described the HTK MFCC FB-24(they are computed 
through a filter bank of 24 filters) [17]. Jankowski, 
C.R., Jr. et al (1995) showed that for an environment 
under noisy MFB cepstra performed better than LPC 
cepstra [18]. 
 
II. FEATURE EXTRACTION USING     MEL 

FREQUENCY CEPSTRAL COEFFICIENTS 
(MFCC) 

 
Various techniques have been used for speaker 
Recognition. Urmila Shrawankar and V M Thakare 
discussed various techniques for Automatic Speaker 
recognition such as Relative spectra filtering of log 
domain coefficients (RASTA), First order derivative 
(DELTA), INTEGRATED PHONEME SUBSPACE 
(IPS), MATCHING PURSUIT (MP) etc, (2013)[42]. 
Sapijaszko, G.I. and Mikhael, W.B. (2012) compared 
recent window frames algorithms, Real Cepstral 
Coefficients (RCC), Mel Cepstral Coefficients 
(MFCC), Linear Predictive Cepstral Coefficients 
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(LPCC), and Perceptual Linear Predictive Cepstral 
Coefficients (PLPCC)[41]. Lawson, A. et al (2011) 
examined sixteen different acoustic features namely 
LPCC,  MVDR, LFCC, MFCC, CFC,  PLP, 
PYKFEC and various others techniques and used 
binary and three way fusion technique to study their 
performance[32]. MFCC features are extracted by 
passing the speech data through a set of triangular 
filters that are placed in a linear perceptual Mel scale. 
MFFCs are based on the well known variations of the 
human ears critical bandwidth with frequency and 
perhaps are the most frequently used parametric 
representation used in speaker recognition. In 1980 
Davis and Mermelstein showed that a very high 
performance of the Mel Frequency Cepstrum 
coefficients is due to the reason that the perceptually 
useful and pertinent features of the short term speech 
spectrum can be represented in a better manner as 
compared to a linear frequency Cepstrum or a linear 
prediction spectrum[8]. Davis and Mermelstein also 
gave a conclusion that the Cepstrum parameters 
(MFCC, LFCC and LPCC) which apply frequency 
smoothed representations of the log magnitude 
spectrum perform better than the LPC and reflection 
Coefficients (RC) in representing the significant 
acoustic data. Since MFCCs were found to be very  
which is necessary for understanding the expo” 
spoken by speaker- S1. dimensionality reduction 
method based on the theory of manifold [34]. 
efficient in speaker recognition and thus various other 
modifications of MFCCs based on the filter band 
esign, log compressed filter bank output and the 
approximate models of the nonlinear pitch sensitivity 
of human were proposed by various researchers.  Mel 
frequency can be calculated using the formula given 
by (1). 
 ݂ = ଵ( 1݈݃ 2595 + 


)            (1)                                                                              

In this project melcepstrum was calculated using 12 
coefficients. A waveform showing MFCC 
coefficients for a sample statement is shown in Fig 1. 

 
 

Fig 1: A waveform showing MFCC coefficients for a sample 
statement “it provided the basic information 

III. RECENT EVOLVEMENT 
 
MFCC (using a filter bank of 40 filters) was 
discussed in the Matlab Auditory Toolbox of Slaney 
(1998) [19]. In 2002 Skowronski and Harris proposed 
HFCC (Human Factor cepstral coefficients) with a 
filter bank of 29 Mel warped filters [20]. HFCC is 
biologically inspired feature extraction scheme. Yo 
Dinh Minh Nhat and Sungyozing Lee (2004) 
introduced PCA on the FFT spectrum of speech data 
which used a model based on critical bandwidth of 
the human auditory system [22]. In order to improve 
the performance and robustness of speech recognition 
system, Huan et al  proposed MHCC (Hilbert-MFCC) 
feature extraction method for speech, which 
introduced the Hilbert transform to MFCC 
process(2011)[30]. Mishra, A. N. et al used revised 
perceptual linear prediction and Mel frequency 
perceptual linear prediction (MF-PLP) for speaker 
recognition, MF-PLP features gave the best 
efficiency for clean as well as for noisy environments 
in case of connected Hindi Digits Recognition 
(2011)[31]. Huan et al. presented an improved MFCC 
feature extraction combining symmetric Independent 
Component Analysis (ICA) algorithm for speech 
recognition (2012) [33]. Huan Zhao, Yufeng Xiao 
(2012) presented a robust MFCC extraction method 
using sample-ISOMAP that is a nonlinear  
 

IV. THE SPEAKER RECOGNITION 
EXPERIMENT 
 

The database of speakers consisted of voices of nine 
different users. Each speech data consisted of a 
random sentence spoken by the user. The database 
consisted of twenty-one speech waveforms eight of 
them from different users while remaining thirteen 
from the same user. There were seven male and two 
female voices. Nine tests were conducted in a slightly 
noisy environment (a common room with a running 
fan). Every time the test signal was taken from user 
S7-M and the Euclidean distance between the feature 
sets of other users in the database was calculated. The 
results of the calculated distances have been shown in 
table 1. All tests were performed using HP Dual 
Earphone and Microphone set, model - EL283PA 
built for modest PC users. The test cases have been 
presented in Table I below. ED stands for Euclidean 
Distance. S stands for speaker, M for male and F for 
female. Test voice in each case was S7-M.  FAILED 
CASES - Voice detected in this case was S8-M. S9-
F1 to S9-F13 is the speech data of the same speaker 
(female).All stored continuous speech sentences were 
unique. The results show a large variation in the 
distance of the training data of speaker S9 with 
respect to the test speech data. These variations can 
be visualized by the Plot of MFCC test feature 
distances in various tests shown in Fig 2. The lowest 
line in the plot refers to S7-M (Test Speaker). The 
failures occur when this S7-M crosses it at Test-9 and  
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Test-10

 

 
 

Fig 2: Plot showing performance of MFCC test feature 
distances in various tests. 

 
V. RACTICAL APPLICATIONS AND 

CURRENT INDUSTRY TRENDS 
 
Tohidypour et al (2010) showed that Bark wavelet 
performs better than MFCC and wavelet packet in 
noisy condition for robust speech recognition [27]. 
Guangpu Huang and Meng Joo Er (2012) showed that 
the auditory based bark frequency cepstral coefficient 
(BFCC) have equivalent or higher accuracy compared 
to the MFCC [35]. Currently companies like 
VoiceVault are providing solutions to finance, 
telecommunication and healthcare industry. 
VoiceVault has a very high efficiency with an equal 
error rate of only 0.1% on smart devices for real 
application [44].  GritTec Ltd speaker ID is an 
automatic voice identification system which is meant 
for centers of criminalistics, police services, call 
centers and the banks and financial institutions [47]. 
Sestek Inc has been working on speaker identification 
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for the use of finance, insurance and 
telecommunication market. Speaker verification is 
being continuously targeted for enhancing customer 
experience in consumer electronics. For example in 
case of a shared home TV. Based on the voice of a 
particular user, a particular preference can be set. So 
when a particular person demands a particular 
channel, only his preference appears as an option. 
Thus speaker identification can also be seen as tool 
that can bring enhanced customization for devices 
based on customer preferences. Although these 
applications are at their initial stage, a lot has already 
been done to make them completely viable. 
 
VI. RECENT RESEARCH AND FUTURE 

SCOPE 
 
 In late nineties researcher began experimenting by 
combining many popular acoustic features to develop 
new set of features. In many special cases these 
combinations were found very effective. Attili and 
Campbell in 1988 implemented a TMS32020-based 
real-time, text-independent, automatic speaker 
verification system. Instead of using a single set of 
features many families of features such as Cepstrum, 
LP and autocorrelation features were combined to get 
a better recognition result [15]. Florian Hönig, et al 
developed acoustic features that combine the 
advantages of MFCC and PLP in their paper named 
Revising Perceptual Linear Prediction (PLP) in 
2005[24]. Modified MFCCs (named as SMN-CMN 
MFCC) based on the general noisy speech model was  
proposed by Hong, Wang, and Pan Jin'gui that used 
spectrum mean normalization (SMN) and cepstral 
mean normalization  (CMN) in 2010[26]. Many of 
the successful approaches have been a combination of 
two schemes. Nakagawa, Seiichi, Longbiao Wang, 
and Shinji Ohtsuka proposed Speaker identification 
and verification by combining MFCC and phase 
information(2012)[38]. Li, Yin-Guo, et al (2012) 
proposed an approach for text-independent speaker 
verification by  combining MFCC features and pitch 
contour features  to capture the characteristics in 
speaker verification[37]. Sometimes these feature 
coefficients have also been called hybrid schemes. A 
combination of three or more these techniques may 
be used for obtaining higher accuracy but of course 
that would be at the cost of significant increase in 
complexity. Nonetheless looking at the point that 
accuracy is the main agenda in a speaker recognition 
system this is certainly a good choice.  
 
CONCLUSIONS 
 
Several parametric representation and their 
modifications are being used in speaker recognition 
systems today. In this paper we have shown various 
techniques which are currently being used for 
Automatic Speaker Recognition. The complexity and 
accuracy of these representations have significantly 

improved over time. Cepstral features are more 
efficient and thus have lower error rate but they are 
more susceptible to noise. Although MFCC and its 
modified versions are being currently used in many 
applications. As has been shown by the work in this 
paper, MFCC has a high failure rate, i.e., 20%.The 
use of various other techniques like PLP, PLPCC and 
BFCC has also grown. Also recently several practical 
speaker recognition systems have come up.    
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