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Abstract
In this paper, Zak transform is used for feature extraction of 
speaker identification system. Earlier Fourier transform is widely 
used to extract speaker specific voice characteristics, but Fourier 
transform cannot be used for frequency analysis that is local in 
time. This limitation of Fourier transform can be overcome by 
Zak Transform (ZT) which gives more detailed information about 
speaker’s voice by means of time frequency analysis of the speech 
signal. The probabilistic model for this feature set is created by 
Generalized Gaussian Mixer Model (GGMM) Model and model 
parameters are estimated using Expectation Maximization (EM) 
algorithm. The performance of the model is evaluated by drawing 
Detection Error Tradeoff (DET) curves and finding the minimum 
detection cost function. This speaker model performs better than 
the other existing speaker models.
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I. Introduction
Speech signal has got more importance in biometric identification 
schemes as the human voice provide worthy information to identify 
the speaker. This quality of speech signal leads to development of 
speaker recognition systems. The objective of voice recognition 
is to determine a person based on speaker’s speech or voice [1]. 
There are two categories of speaker recognition systems those 
are speaker verification system which decides if a speaker is he 
or she who claims to be. And speaker identification system which 
identifies a particular speaker who is speaking from group of 
registered speakers. Furthermore Speaker identification system 
is categorized in to text dependent and text independent speaker 
identification. In text dependent speaker has to speak same word 
or phrase in training and testing so that the system will have 
predefined awareness of speech data. On the other hand text 
independent   speaker identification is void of   prior awareness 
of speech records. Speaker recognition systems have variety of 
applications like hands-free voice control of cockpit or automotive 
controls, authentication where security of access is mandatory and 
in assisting the physically disabled persons who are constrained to 
wheel chair. For any speaker recognition system the prior task is 
to find out subjective attribute such as pitch from speaker’s voice, 
which has low inter speaker and high intra speaker variability. In 
this paper this task is carried out by discrete Zak transform with 
Mel filter bank which captures the time, frequency and energy in 
to set of coefficients for cepstrul analysis. And this feature set is 
modeled using GGMM and Gaussian mixer Model (GMM). The 
mean and variance parameters for Gaussian mixer models are 
initialized by EM algorithm. Both speaker models are compared 
for identification rate and error detection performance by plotting 
Detection error tradeoff curves. Additive white Gaussian noise 
(AWGN) is added to every speech data with varying Signal to 
Noise Ratio (SNR) in training the modeling to assess the noise 
rejection performance of  both speaker models. 

A. Discrete Zak Transform
Frequency analysis of stationary signals which are statistically 
invariant can be done efficiently by the advent of Fourier transform. 
But speech signal are non stationary over long period and appeared 
to be stationary over short time periods and Information which is 
localized in time such as spikes and high frequency bursts cannot 
be easily detected from the Fourier Transform. Time Frequency 
analysis techniques can be used to analyze non stationary signals 
that are localized in time, this analysis identifies the time at which 
various signal frequencies are present by calculating spectrum 
at regular intervals of time. Such transformation techniques are 
discrete Zak transform [2] and discrete wavelet transform. In this 
paper we applied ZT which is discrete in time and continuous in 
frequency, this technique decompose the signal in to different 
simple components such a decomposition results in    uncomplicated 
waveforms  localized in time and frequency which gives more 
precise information of speech signal about it’s subjective 
characteristics[4].  By the Definition the Discrete Time Zak 
Transform (DTZT) [3] can be obtained by sampling the continuous-
time ZT with respect to time. The discrete finite Zak transform 
for a given signal  sampled equidistantly at P points is defined as 

            (1)

DTZT is periodic in frequency direction with period    and 
the values of ‘r’ and  within the fundamental interval r = 0, 1 … 
N-1 and ∅=0,1,…M-1. And MN=P.

II. Feature Vector Extraction 
In general the speech signal characteristics comprise certain 
duration, amplitude and pitch, out of these three characteristics the 
pitch is most variable feature from speaker to speaker as it depends 
on vocal tract shape of each person. Taking out such an attribute 
from speech is called feature extraction and this is carried out by 
some signal processing operations along with  Zak transformation 
techniques [4-6], termed as front end processing.

A. Front End Processing
Computation steps for front end processing are as follows: (a) 
Take the Zak transform of a windowed fragment of a signal. (b) 
Warp the spectrum in to Mel scale, using triangular overlapping 
windows. (c) Apply log to the powers of each Mel frequency. 
(d) Finally apply discrete cosine transformation on log –Mel 
coefficients. The cepstral coefficients are the amplitudes of the 
resulting cepstrum. 
Human ear acts as low pass filter and blocks the high frequency 
signals and perception property varies linearly below 1 kHz and 
varies logarithmically for frequencies above 1000 Hz such an 
acoustic perception system can be duplicated by Mel scale warping 
of the actual frequencies.  The speech signal comprises different 
frequencies. Each tone with an actual Frequency, f, measured 
in Hz, the subjective pitch is measured on the ‘Mel’ scale 40dB 
above the perceptual hearing threshold, is defined as 1000 Mels. 
Therefore we can use the following formula to compute the Mel’s 
for a given frequency ‘f’ in Hz
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            (2)
One approach to simulate the subjective spectrum is to use a filter 
bank, one filter for each desired Mel frequency component. The 
filter bank has a triangular band pass frequency response, and 
the spacing as well as the bandwidth is determined by a constant 
Mel-frequency interval.

III. Feature Modeling
In this section some probabilistic model is created for each feature 
set we obtained in front end processing. Such probabilistic model 
parameters represent some spectral shapes that depend on speaker 
specific speech characteristics. Here speaker modeling is created 
by Gaussian Mixer Models [7-8].

A. Generalized Gaussian Mixer 
The feature vector coefficients acquired in feature extraction are 
assumed to follow generalized Gaussian distribution[10] which is 
characterized by mean ‘μ’ and covariance ‘∑’ estimation of these 
parameters gives a smooth shape of Gaussian for each feature 
set and this distribution represents some acoustic classes that are 
dependent of vocal tract configuration of speaker. The advantage of 
this speaker model is noise minimization property and simpler to 
implement on digital signal processors. The mixer (M) component 
probability density function can be defined as 

             (3)

Where P  is the component density function with 
mean μi and covariance matrix ∑i and shape parameter gives the 
peak of the distribution. Where wi and  are weight or mixer 
coefficient of Gaussian component ‘i’ and input feature vector 
coefficients. The parametric set can be represented as λ=(μi,∑i,ρ) 
such that the mixer weights

               (4)
The generalized Gaussian distribution is of the form

 (5)

          (6)           
 Is mean vector and the shape parameter  is equal to 1 it leads 

to Laplace distribution and if ρ=2 then generalized Gaussian 
distribution corresponds to Gaussian distribution. If the covariance 
matrix is diagonal then the probability density function is

  (7)
The model parameters are estimated and initialized by the 
Expectation maximization algorithm with k-means [9, 11].

B. Detection Error Tradeoff Curves
Detection of the correct speaker is main concern in speaker 
recognition systems. When the speaker is not recognized, this 
sate gives rise to two types of errors. One is False alarm in which 
one speaker is identified as another speaker and the second is 

missed detection is the condition where speaker is unidentified. 
The system performance depends on tradeoff between these two 
errors. When there is a tradeoff of error types, a single Performance 
number is inadequate to represent the capabilities of a system [12]. 
The best way is to plot a transaction curve between these two 
errors and to locate an operating point that determines precision 
of the system. Assume that collection of j identification scores 
and imposter scores are available then the true and imposter score 
distributions are denoted as fj (ti) and gj (ti) for j=1…J. then the 
false alarm rate and Missed detection rate are calculated as

               (8)

              (9)
In this experiment we analyzed the performance of the two 
systems by the advantage of DET curves where true speaker scores 
and imposter scores are taken in to account and corresponding 
False Alarm Rate (FAR) and Missed Detection Rate (MDR) are 
calculated and related tradeoff curves are plotted by taking FAR 
on  x-axis and MDR on y-axis.

C. Minimum Detection Cost Point
The Detection Error tradeoff curves provides the error rates of 
false alarm and missed detection this is sufficient to estimate the 
error probabilities. But in a comparison task when one system 
is compared with other in terms of error probabilities, objective 
of the system can be designated by some special points such as 
minimum cost function. In this paper minimum detection cost 
function is taken as weighted average of the missed detection and 
false alarm rates and this detection cost point is set on the DET 
curve. This point will give the performance measure of the systems 
which are compared and minimization of this point optimizes 
the system detection potential. Detection system performance 
is characterized in terms of the probabilities of missed detection 
and false alarm errors (PMiss and PFa).  These error probabilities are 
linearly combined into a single detection cost, CDet, by assigning 
costs to missed detection and false alarm errors and specifying 
an a priori probability of a target. Then cost detection point can 
be defined as

    (10)              

IV. Experimental Environment 
The setup has 23 speaker’s database. Every speaker has 10 
conversations each with duration of 3 seconds obtained with a 
single microphone recorded at center from one meter distance. 
These speeches are added with additive white Gaussian noise with 
35 db, 25 db, 15 db Signal to Noise Ratio (SNR) in training the 
speaker model. Feature set extracted from these speech signals is 
modeled with Generalized Gaussian Mixer Model and Gaussian 
Mixer Model. Identification scores from both the models are used 
to plot detection error tradeoff curves and to find the minimum 
cost function point, to evaluate the performance of both systems 
for comparison.

V. Results and Observations of Simulation 
The Zak transform has provided good information of the speech 
characteristics. The results are shown in the form of percentage 
of identification defined as ratio of number of speaker identified 
to the total number of speakers tested. 
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Table 1: Identification Rate for Two Speaker Models with and 
Without AWGN

Speaker Model

Identification Rate in (%)

Without Noise
AWGN with SNR of

35 db 25 db 15 db

GGMM
GMM

86.6
82.3

   
79.5
76.8

78.8
74.2

76.9
72.1

DET curves are plotted by estimating false alarm and missed 
detection probabilities for identification score of both speaker 
models. Generalized Gaussian Mixer Model has shown good 
identification performance than Gaussian Mixer Model. The 
identification rate of both models is reduced with additive Gaussian 
noise, as signal to noise ratio decrease. The increase in SNR will 
benefit the identification performance.
       
Table 2: Speaker Identification Performances in Terms of Detection 
Cost Function Point

Minimum detection cost point with Cmiss=10 and Cfa=1

Speaker model  DCF

GGMM
GMM

0.334
0.842

Minimum cost detection function point is calculated by assuming 
costs of missed detection and false alarm as 10 and 1 respectively. 
Generalized Gaussian Mixer Model has 40 percent reduction in 
DCF value compared to Gaussian Mixer Model and the DET 
curves for GGMM and GMM are shown bellow.

Fig. 1: Detection Error Tradeoff Curve for Speaker Identification 
With Zak Transform and GGMM

Fig. 2: Detection Error Tradeoff Curve for Speaker Identification 
with Zak Transform and GMM
   
Experiment with more number of speakers gives smooth Detection 
error tradeoff curves. The point on the curves represents minimum 
cost function which is average of false alarm and missed detection 
probabilities. This point reveals the performance of two models 
and minimization of this value increases the identification 
performance of the system. With respect to this value GGM has 
shown good performance in decreasing the average error rate 
compared to GMM.

VI. Conclusion
In This paper set of features are extracted by using Zak transform 
for text independent speaker identification system and assumed 
that these features follow Generalized Gaussian distribution. 
Performance of system is evaluated by using 23 speakers 
speech data base. Table 1 demonstrates the identification rates 
for Gaussian mixer and Generalized Gaussian mixer models 
with and without AWGN. The increase in SNR will benefit the 
identification performance. Table 2 gives the minimum detection 
cost function values with the costs of Missed detection probability 
Cmiss=10 and false alarm Cfa=1. The low value of the DCF 
gives better performance of the system. In this paper generalized 
Gaussian mixer model gives 40 percent reduction in DCF value 
compared to Gaussian mixer model. DET curves are drawn for 
GMM and GGMM, from the DET curves GGMM has shown 
steady identification rate compared to sriGMM under noisy 
environment."
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