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Abstract— This paper describes a speaker verification system 

that uses segmental and suprasegmental features extracted from 

a speaker for verification. The vocal tract system-related feature 

is generated by Mel Frequency Cepstral Coefficient (MFCC) 

which is a segmental feature. Pitch in spoken utterance is a 

suprasegmental feature which spans for a longer duration than 

the frames used for short term spectral analysis. The scores are 

fused using a confidence measure to combine MFCC and Pitch 

which shows a significant improvement in the performance of 

verification. Speaker Verification experiments were carried out 

on the CHAINS corpus database. The equal error rate (EER) 

obtained using the proposed method is 7.43% which tends to be 

better  than the traditional system based on MFCC alone. 

Keywords-speaker verification, segmental feature, 

suprasegmental feature, Mel Frequency Cepstral Co-efficient and 

pitch 

I.  INTRODUCTION  

Automatic speaker verification is the task of validating the 
claim of a person, using the information obtained from his/her 
speech signal. Automatic speaker recognition systems are 
useful in applications where access to a facility needs to be 
controlled. Feature vectors representing the voice 
characteristics of the speaker are extracted and used for 
building the reference models in the training phase of speaker 
verification. The next stage in the development of a speaker 
verification system is the decision logic state, where a decision 
to accept/reject the claim of a speaker is taken based on the 
obtained scores. Speech is produced by exciting a time-
varying vocal tract system with a time varying input. Speaker-
specific information is present in both these components of 
speech production mechanism.  

Speech signal is a quasi-stationary signal. When examined 
over a sufficiently short period of time (between 5 and 100 
ms), its characteristics are fairly stationary. However, over 
long periods of time (on the order of 0.2s or more) the signal 
characteristics change to reflect the different speech sounds 
being spoken. Therefore, short-time spectral analysis is the 
most common way to characterize the speech signal. A wide 
range of possibilities exist for parametrically representing the 
speech signal for the speaker recognition task, such as Linear 

Prediction Coding (LPC), Mel-Frequency Cepstrum 
Coefficients (MFCC), and others. MFCC is perhaps the best 
known and most popular, and this feature has been used in this 
paper [1]. MFCC’s are based on the known variation of the 
human ear’s critical bandwidths with frequency. The MFCC 
technique makes use of two types of filters namely, linearly 
spaced filters and logarithmically spaced filters [1]. The mel 
scale has a linear frequency spacing below 1000 Hz and a 
logarithmic spacing above 1000 Hz. Normal speech waveform 
may vary from time to time depending on the physical 
condition of speakers’ vocal cord.  MFCCs characterize 
mainly the spectral envelope of a quasi-stationary speech 
segment. In the source-filter theory of speech production, the 
spectral envelope corresponds to the vocal tract system, which 
determines the articulation of sounds. 

The vibration frequency of the vocal folds is known to be 
an important feature to characterize speech and has been found 
effective for speaker recognition. An important characteristic 
of pitch is its robustness to noise and channel distortions. 
Speaker recognition systems exclusively based on pitch do 
well when the number of speakers [2] is small. However, 
performance decreases significantly when the number of 
speakers increase, but pitch information can be reliably used 
to distinguish the gender of speakers [3]. In spite of the weak 
contribution of pitch to contemporary speaker identification, it 
remains true that the mechanisms involved in speech 
production are complex, and imply dependence of articulators 
and vocal folds, which can be useful for speaker verification 
or identification. Higher-level features can provide useful data 
about a speaker, such as what topic is being discussed, how a 
speaker is interacting with another talker, whether the speaker 
is emotional or disfluent, and so on. The pitch of each spoken 
utterance depends upon the content and context of the text. 

II. PRE-PROCESSING SPEECH SIGNALS 

Pre-processing of speech signals is done to segregate the 
voiced region from the silence/unvoiced portion of the speech 
signal and it is a crucial step in the development of a reliable 
speaker recognition system. This is because most of the 
speaker specific attributes are present in the voiced part of the 
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speech signals. Extraction of the voiced part of the speech 
signal by removing the silence and unvoiced region leads to  

 

 

 

 
 

Figure 1. Speech sample showing voiced and silence/unvoiced part 

 

substantial reduction in computational complexity at later 
stages.  

A speech signal has three different regions and can be 
labelled as follows: (i) Silence region (S) where no speech is 
produced, (ii) Unvoiced region (U), where the resulting 
waveform is aperiodic or random in nature as the vocal chords 
do not vibrate. With unvoiced sounds, the excitation is 
provided by air passing turbulently through constrictions in 
the tract. (iii) Voiced region (V) where the resulting waveform 
is quasi-periodic as the vocal chords are tensed and hence 
vibrate periodically [4]. During the production of voiced 
sounds, the vocal tract is excited by a series of nearly periodic 
pulses generated by the vocal cords. The unvoiced portion of a 
speech signal has a very low energy concentration and is 
usually clubbed together with the silence region and 
segregated from the voiced part. 

A. Pre-emphasis 

The digitized speech signal s(n) is put through a low –
order system, to spectrally flatten the signal and make it less 
susceptible to finite precision effects later in the signal 
processing. Normally, a one co-efficient FIR filter, known as a 
pre-emphasis filter is used 

 

                             (1) 

 

The amplitude spectrum of a speech signal is dominant at 
―low frequencies‖ (up to approximately 4 kHz ). The speech 
signals are passed through a first-order FIR high pass filter: 

 

s p (n) = s (n) − s (n −1) α  (2) 

 

where α − is the filter coefficient (α ∈ (0,95;1)), s(n)  is the 
input signal. 

   There are two advantages of using this filter. First, 
voiced sections of the speech signal naturally have a negative 

spectral slope (attenuation) of approximately 20dB/decade due 
to physiological characteristics of the speech production. The 
pre-emphasis filter serves to offset this natural slope before 
spectral analysis, thereby improving the efficiency of the 
analysis. Second, the hearing is more sensitive above the 1kHz 
region of the spectrum. The pre-emphasis filter amplifies this 
area of the spectrum. 

B. Frame Blocking 

In this step, the continuous speech signal is blocked into 
frames of N samples, with adjacent frames being separated by 
M (M<N). The first frame consists of the first N samples. The 
second frame begins M samples after the first frame, and 
overlaps it by N-M samples. Similarly, the third frame begins 
2M samples after the first frame (or M samples after the 
second frame) and overlaps it by N-2M samples. This process 
continues until all the speech is accounted for within one or 
more frames.  

C. Windowing 

The next step in the processing is to window each 
individual frame so as to minimize the signal discontinuities at 
the beginning and end of each frame. This minimizes the 
spectral distortion by using window to taper the signal to zero 
at the beginning and end of each frame. We define the window 

as  where N is the number of samples in 
each frame. The result of windowing is the signal  

  (3) 

 

The Hamming window is used, which has the form 

 

  

III. ALGORITHM FOR CALCULATION OF SPEECH FEATURES 

A. MFCC Feature Extraction 

The MFCC features which capture the vocal tract system 
features have been widely used for speaker verification. The 
cepstral representation of the speech spectrum provides a good 
representation of the local spectral properties of the signal for 
the given frame analysis. If e(n) denotes the continuous 
excitation signal and θ (n) denotes the impulse response of the 
vocal tract equivalent filter, a speech signal is then equal to the 
convolution of this continuous excitation signal and the 
impulse response of the vocal tract. (5). 

 

s(n) = e(n)*θ (n)    (4) 

 

A convolution in the time domain corresponds to a 
multiplication in the frequency domain: 

 

S(ω ) = E(ω ) θ (ω )    (5) 

silence/unvoiced part 

voiced 

part 



In MFCC method using the logarithm of equation (5), the 
multiplied spectra becomes additive 

 

log S(ω ) = log E(ω ) θ (ω ) = log E(ω ) + log θ(ω )  (6) 

 

The excitation spectrum E(ω) can be separated from the vocal 

tract system spectrum θ (ω) considering the fact that E(ω) is 

responsible for the ―fast‖ spectral variations, θ (ω) is 

responsible for the ―slow‖ spectral variations. The standard 

procedure of extracting MFCC [6] is as described below. 

1) Take Short-time Fourier transform for the signal every 

10ms with 20-ms Hamming window. 

2) Map the powers of the spectrum obtained above onto 

the mel scale, using triangular overlapping windows 

3) The log-energy of each filter output is computed. 

4) Discrete cosine transform (DCT) is applied to the filter 

bank output to produce the cepstral coefficients. 

The first 12 MFCC co-efficients are computed and the higher 

order co-efficients are neglected because they carry no 

significant information. Increasing the order of MFCC co-

efficients produce no significant change in the verification 

process[6]. 
 

B. Pitch Extraction using Subharmonic to Harmonic Ratio 

Pitch Extraction is done to estimate the pitch or 
fundamental frequency of a quasiperiodic signal. The general 
problem of fundamental frequency estimation is to take a 
portion of signal and to find the dominant frequency of 
repetition.  Difficulties arise from (i) that not all signals are 
periodic, (ii) those that are periodic may be changing in 
fundamental frequency over the time of interest, (iii) signals 
may be contaminated with noise, even with periodic signals of 
other fundamental frequencies, (iv) signals that are periodic 
with interval T are also periodic with interval 2T, 3T etc, so 
we need to find the smallest periodic interval or the highest 
fundamental frequency; and (v) even signals of constant 
fundamental frequency may be changing in other ways over 
the interval of interest. 
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Figure 2. Speech waveform of speaker frf01_s01_solo and its pitch using SHR 
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Figure 2. Speech waveform of speaker frm01_s01_solo and its pitch using 

SHR 

 
A pitch determination algorithm (PDA) based on Sub 

harmonic-to-Harmonic Ratio is proposed in [7]. The algorithm 
employs a logarithmic frequency scale and a spectrum shifting 
technique to obtain the amplitude summation of harmonics 
and sub harmonics, respectively. Through comparing the 
amplitude ratio of sub harmonics and harmonics with the pitch 
perception results, the pitch of normal speech can be 
determined. The current algorithm based on SHR is therefore 
developed in the frequency domain. 

First, Let A( f ) denote the short-term spectrum function, 
which is obtained by applying the Fourier transform on 
windowed short-term speech frames. Suppose that the 
fundamental frequency is f0 , then the sum of harmonic 
amplitude is defined as: 

                                 (7)  

where N is the maximum number of harmonics to be 
considered. If we only consider the subharmonic frequency 
that is at one half of fundamental frequency, the sum of sub 
harmonic amplitude is defined as: 

                                           (8) 

To facilitate our work in log domain, we reformulate the 
above definitions. Let LOGA( f ) denote the short-term log 
spectrum, and log f 0 denote fundamental frequency on the log 
scale. 

Therefore, we have: 

 

                                  (9) 

                        (10) 

 

Next, we obtain the difference function, which is defined 
as: 

                                      (11) 
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Based on the above analysis, we perform the following 
procedures to compute SHR and then determine the pitch: 
First, we locate the position of the global maximum denoted as 
log f1. Then, starting from this point, the position of the next 
local maximum denoted as log f 2 is selected in the range of 
[log(1.75 f1 ), log(2.25 f1 )] . SHR can be easily derived: 

 

 

 

If SHR is less than a certain threshold value, which is 0.2 
in the current implementation, f 2 is chosen as the final pitch. 
Otherwise, f1 will be selected. 

The average range of pitch values for a male speaker is 50-
150 and for a female speaker it ranges over 150-400. This is 
because the vocal folds of female speaker is thinner when 
compared to a male speaker and hence the time taken for 
articulators to change position and produce different sounds is 
lesser when compared to male speaker . Table I shows the 
different pitch values obtained for a male speaker frm01_s01 
(frame 130 to 140) and for a female speaker frf01_s01 (frame 
413 to 423). 

TABLE I. PITCH VALUES FOR MALE AND FEMALE VOCALS 

 

Male Vocals Female Vocals 

107.2047 219.5831 

109.9359 219.5831 

107.2047 219.5831 

105.8646 225.1773 

104.5413 239.7944 

103.2346 219.5831 

100.6698 219.5831 

100.6698 225.1773 

99.4115 222.3626 

99.4115 219.5831 

 

 

IV. SPEAKER VERIFICATION STUDIES 

A. Modelling 

Speakers are modelled based on a GMM-UBM approach 
[8]. This statistical modelling technique uses a likelihood ratio 
for verification. The Universal Background Model (UBM) is a 
Gaussian Mixture Model and it is modeled using large amount 
of data and it serves as an alternative for speaker 
representation, and a form of Bayesian adaptation to derive 
speaker models from the UBM. Given a test utterance, the log-
likelihood ratio (LLR) is obtained by 

 

  (13) 

where  and  are the likelihoods given by the 
claimed speaker model and universal background model. If the 
LLR is above a certain pre-determined threshold, the claimant 
is accepted else rejected. 

B. Complementary Nature 

The performance of MFCC and Pitch are evaluated 
individually. The MFCC - based speaker recognition performs 
better than the Pitch – based speaker recognition system. The 
MFCC-based system proposes acceptance for some cases 
while the Pitch – based system proposes rejection for the same 
case. Despite the performance difference, the two approaches 
make complementary decisions. The MFCC system falsely 
rejects some genuine utterances, which can actually be 
accepted by the Pitch system. Some of the impostor utterances 
that are falsely accepted by the Pitch system can be rejected by 
the MFCC system.  

The complementarity in the features is exploited and a 
score level fusion is done as follows: 

    (13) 

where and are calculated from the MFCC and 

the Pitch-based systems, respectively. The fusion weight is 
experimentally determined using the development data set. 
That is,  is varied from 0 to 1, and the value giving the 
smallest EER is selected for the evaluation trials. As a result, 
we have . The system that combines the 
contributions of MFCC and Pitch has superior performance 
over that of using MFCC only. The EER is reduced from 
significantly 

C. Integration of features with Confidence Measure 

Fusion of information with fixed weights show a better 
performance than using a single feature for a system but it has 
its own drawbacks. Systems which use fixed weighting are not 
flexible and might result in poor decisions dusring certain 
verification trials. There are some cases where a segmental 
feature will be able to provide a correct decision with a higher 
confidence but the information fusion would result in a 
contrary decision. In order to overcome this drawback, a 
technique based on confidence measure is proposed for each 
feature [6]. The following are the steps involved in 
determining the confidence measure 

1) Calculate the speaker discrimination power of MFCC 
and Pitch during each trial using the formula 

 

                  (14) 

 

where  and  are the log-

likelihoods given by the client model and the background 
model. The subscript i denotes the different features: i = 1 for 
MFCC and i = 2 for Pitch. If Di >> 0 or Di << 0, the features 
are considered to have high confidence in the decision of 



accepting a genuine speaker or rejecting an impostor. If is 
close to 0, the confidence is low and the decision tends to be 
uncertain. 

2) Compute the discrimination ratio of MFCC and Pitch 
for each trial. 

 

                                 (15) 

 

If the discrimination ratio is high, the MFCC-based system 
has a higher confidence about its decision and if the ratio is 
low, Pitch-based system has a higher confidence about its 
decision. 

3) A confidence measure based on the discrimination 
ratio is defined as 

 

                     (16) 

Confidence measure based score fusion is then carried out 
according to 

 

                               (17) 

 

when DR increases, CM becomes very small, and the 
decision will be heavily affected by MFCC. On the other 
hand, a small DR corresponds to a large CM, which means 
more impact from Pitch. 

A Speaker verification system based on MFCC alone 
provides an EER of 9.21% and a system based on pitch alone 
gives an EER of 25.3%. Table III. shows the EERs obtained 
using different weighing techniques for combining MFCC and 
pitch. The speaker verification system based on confidence 
measure based score fusion outperforms the other techniques 
giving a reduced EER. The feature which recognizes a speaker 
with higher confidence plays a greater role in verifying a 
speaker than the other feature with which it is combined to 
validate the claim of speaker.  

TABLE III.  COMPARISON  OF EQUAL ERROR RATES OBTAINED 

USING DIFFERENT WEIGHING TECHNIQUES 

 
Weighting Method 

Simple Addition Fixed Weight 
Confidence 

Measure 

EER 17.3% 8.2% 7.43% 

 

V.  DATABASE DESCRIPTION 

Speech samples are extracted from CHAINS corpus. It has 
recordings of 36 speakers obtained in two different sessions 
with a time separation of about two months [9]. The first 
recording session was in a sound proof booth while second 
one is in a quite office environment. Each speaker provided 
recordings in six different speaking styles. In this work three 
different speaking styles are used. NORM: speakers read the 
text aloud at a comfortable rate; FAST: same text is read at a 
fast rate; WHSP: same text is whispered. The NORM style 
that belong to the first recording session is used as a training 
material while FAST and WHSP from second session is used 
as a testing material. 

VI. CONCLUSION 

The extracted pitch representative of a suprasegmnetal 
feature captures the speaker-specific information which along 
with the conventional MFCC features representative of the 
vocal tract system results in an improved performance of the 
speaker recognition system. These features are combined by a 
confidence measure-based score fusion technique which 
would improve the overall performance of the system giving a 
reduced equal error rate of 7.43% when compared with the 
MFCC only system. 
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