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Abstract— In this paper Discrete wavelet Transform with
logarithmic Power Spectrum Density (PSD) are combined
for speaker formants extraction, to be used as evident
classification features. For classification, Feed Forward
Back Propagation Neural Network FFBNN method is
proposed. The Discrete Wavelet formants Neural Network
DWFNNT system works with excellent capability of features
tracking even with 0dB SNR. Text - dependant system is
used, so that the system can be applied in password or PINs
identification in any security system. The proposed system is
compared with K-means algorithm based clustering
method. The results show excellent performance with
93.21% Recognition Rate (RR).

Index Terms— wavelet, speech signal, formants, neural
network, speaker identification.

I. INTRODUCTION

Over last four decays many solutions of speaker
recognition have been appeared in literatures [1,11-14].
The Al-Alaoui algorithm for pattern classification
[1,5,6,7] was motivated by Patterson and Womack’s [9]
and Wee’s [10] proofs that the Mean Square Error (MSE)
solution of the pattern classification solution gives a
minimum mean-square-error approximation to Bayes’
discrimination, weighted by the probability density
function of the sample. All audio techniques start by
converting the raw speech signal into a sequence of
acoustic feature vectors carrying distinct information
about the signal. This feature extraction is also called
“front-end” in the literature. The most commonly used
acoustic vectors are Mel Frequency Cepstral Coefficients
(MFCC) [15, 16], Linear Prediction Cepstral Coefficients
(LPCC) [17-19], and Perceptual Linear Prediction
Cepstral (PLPC) Coefficients. Text-dependent methods
are usually based on template-matching techniques. In
this approach, the input utterance is represented by a
sequence of feature vectors, generally short-term spectral
feature vectors. The time axes of the input utterance and
each reference template or reference model of the
registered speakers are aligned using a dynamic time
warping (DTW) algorithm and the degree of similarity
between them, accumulated from the beginning to the end
of the utterance, is calculated[2,3,4,8].

A method using statistical dynamic features has
recently been proposed. In this method, a multivariate
auto-regression (MAR) model is applied to the time
series of cepstral vectors and used to characterize
speakers [20,21,28].
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K-means is popular clustering algorithm that has been
used in a variety of application disciplines, such as image
clustering [33] and information retrieval [33], as will as,
speech and speaker identification. In [34], modified
version for background knowledge was of significant use
to the clustering community. A genetic algorithm-based
efficient clustering technique that utilizes the principles
of K-Means algorithm is described in [35]. In [37], the
syllable contour is classified into several linear loci that
serve as candidates for the tone-nucleus using segmental
K-means segmentation algorithm. In [38], the problem of
slow speaker identification for large population systems
is considered by using of K-means clustering algorithm.

In this research, the PSD and Discrete Wavelet
Transform based recognition system DWFNNT s
proposed. The proposed system is divided into two core
steps: 1) Features Extracting by PSD and Wavelet
Transform and 2) Classification using FFBNN. Paper
contains 7 parts: Introduction, Proposed Method,
Formants Extraction by Power Spectrum Density, WPy
for Speaker Classification, Feed Forward Back
Propagation Neural Network, Results and Discussion,
and finally Conclusion.

Il. PROPOSED METHOD

In this paper wavelet transform based speaker
identification system is presented. The system based on
two main stages: 1.Feature Extraction and 2.Speaker
Classification. In the first stage, speech signal is
decomposed into Discrete Wavelet Transform (DWT)
Approximation Coefficients via J levels (J sub-signals).
All J DWT Approximation sub-signals are given to PSD,
which is estimated using the Yule-Walker autoregressive
(AR) method. The second stage contains Speaker
Features Classification using FFBPNN. The impostor
feature data is given to network to be trained by 1000 to
5000 epochs with four binary code target for each column
input feature data. Then, recognition rate is calculated for
each J sub-signals separately, by simulating the network
with each model data stored in system memory to be
verified. Afterwards, decision is taken. The Recognition
Rate (RR) is calculated as the ratio of number of zeros
(NZ) in network simulating results minus target with
respect to the number of target elements N.

RR :zNZ (sim (net, model data) — Target) / N Q)
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Figure 1. Block Diagram of proposed system

111. FORMANTS EXTRACTION BY POWER SPECTRUM
DENSITY

Formants are the frequency parts of speech signal that
are related to the human distinct vocal tract anatomy
form, which is distinguishable for each person.

In this paper, we use these formants as the basic
speaker features carriers [30], which is determined by
PSD (is denoted as Pxx) and shown at Fig.2, which is
estimated using the Yule-Walker autoregressive (AR)
method. This method, also called windowed method, fits
an AR linear prediction filter model to the signal by
minimizing the forward prediction error in the least
squares sense. This formulation leads to the Yule-Walker
equations, which are solved by the Levinson-Durbin
recursion [8, 9]. The spectral estimate returned by method
is the squared magnitude of the frequency response of
this AR model. Then N vector of the speaker's formants is
represented by logarithmic scale:
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Figure 2. Fpxx speaker's formants represented by logarithmic scale

Fo (n)returns Pxx containing adequate features to

exhibit the speaker uniqueness. To spread out the PSD
competence of formants illustration, as will as speaker
features extraction, we suggest the Discrete Wavelet
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Figure 3. WPxx(j=1,2,...,4) of one utterance for same person

Transform Approximation Coefficients @; of multiple

scales as an input to Pyxy, at that time Pyxyx output is
denoted by WPyx (Fig.3). Detail Coefficients dj is

mistreated.

aj+l(t) = Zh(m_Zt)aj(m) @)

Where, the set of numbers a;(m) represents the
down sampled approximation of the signal at the
resolution 27! (Fig.4). h(n)is the coefficient of the

linear combination that approximates the wavelet scaled
version function @(X) [22,23,24]:

#(x/2) = 2" h(m)g(x —m) (4)

n(m) =5 [ x/ 20p(x - mhox ®

Figure 4. DWT coefficients generation

WPy assists significantly in formant re-
demonstration in sharp form (Fig.4) as will as; expand the
signal analysis form short-term to long-term, over all
signal frequencies band-passes due to using multistage J.

IV.WPXX FOR SPEAKER CLASSIFICATION

Speech signal conveys linguistic message, and also
hidden information about the speaker. These information
that is called feature, is the unique speaker message
contained in the spoken acoustic wave. Consider the
number of non zeros samples over equal frames with
respect to the whole signal non zeros samples number is
Signal occurrences probability:

POCCUI’ = & (6)
NW

Where, NF is the number of non zeros samples in one
frame and NW is the number of non zeros samples in the
whole speech signal.

Such probability can have unseen information about
speaker. This is due to demonstrating attribute about
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signal concentration over windows. Better presentation
of such manner can be accomplished by WPy , where the
signal is decomposed into orthogonal J levels of DWT
sub signals via different band pass of frequency, similar
to Occurrences Probability feature capturing approach,
but in more flexible and reliable methodology. In this
section, we analyse the effect of WPy at classification of
the speech signal via J levels of DWT. Two quantity
methods to determine the classification degree are
utilized: Correlation coefficient (), and Model-to-

Impostor Ratio (MIR).
1. p is the expectation E[.] of the product of the

speech signal model X about mean value and
speech signal impostor Y about mean value
related to the product of the Standard Deviation

of X (o ) and Standard Deviation of Y (o ):

(X = XY -Y)] 7

O xOy

E
p =

p is efficient likeness or similarity tool judgment of

random Variables X and Y in term of unity (for one
hundred percent similarity). Fig. 5 shows the results of
© values that were calculated for WPy of speaker

model signal and four speaker signals, three of them
belong to the same speaker and fourth one is impostor.
The results were calculated over j=1,2,....6. o is the

smallest for impostor signal.

2. MIR is proposed in this paper as a dB measure of
speech model signal and impostor ratio:

Correlation Coefficient
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Figure 5. O values that were calculated for WPxx of impostor speaker
signal and three same speaker signals
Model to Imposter Ratio
g
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Figure 6. MIR values calculated for WPXX of impostor speaker signal

and three same speaker signals
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MIR calculates dB measure of above ratio. Now, if Y
belongs to the same speaker the result should be near zero
dB, otherwise [31], is away from zero, in term of absolute
value (Fig.6). The results illustrated here show high
classification capability using WPxx. Fig.7 presents the
results taken for the same signals used in Fig.5 and 6
contaminated with random noise (SNR= 0dB). The
results confirm the possibility of discrimination even
when tough noise has been added. Based on our
experimental observations, we have noticed bad and
confusing classification results by WPXX  of j=6 (at
level 6).
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Figure 7. O calculated for WPxx of noisy impostor signal and three

noisy same speaker signals

Level 3 is week but not confusing. We decided to
utilize WPxx of five levels only.

V. FEED FORWARD BACK PROPAGATION NEURAL
NETWORK

Back-propagation is the most frequently used method
for training multi-layer feed-forward networks for most
networks. The learning process is based on a appropriate
error function, which is then minimized with respect to
the weights and bias. Hence, we can assess the derivative
of the error with respect to weights, as well as these
derivatives can then be used to come across the weights
that minimize the error function, by either using the
popular gradient descent or other optimization methods.
The used algorithm for evaluating the derivative of the
error function is known as back-propagation, because it
propagates the errors backward through the network.
From Matlab environment, we take Newff function, which
constructs a feed forward back propagation network

(Fig.8).

Figure 8. Architecture of back propagation network
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VI.RESULTS AND DISCUSSION

Tested speech signals were recorded via PC-sound
card, with spectral frequency 4000 Hz and sampling
frequency 16000 Hz, over about 2 sec. time duration.
Each speaker recorded Arabic expression "besme allah
Alrahman Alraheem" that means in English "In the Name
of God" that was recorded one time by the speaker. The
speaker recorded 26 utterances. 4 females and 18 males
got a part in uttrences recording. From above speech
signal description, we can notice that presented
recognition system is text-dependent system [27],
because prompts are common across all speakers that can
share secrets (passwords or PINs). In order to create
multi-factor authentication scenario, the speaker in each
trail is compared to all models stored in database.

Recognition Rate over J=1,2,...,5 DWwTlevels
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Figure 9. RR results of proposed system for speaker and
speaker signals

imposter

Fig. 9 presents the system Recognition Rate calculated
for impostor input verified with model signal stored in
system memory, as will as input signal verified with
model signal of same person stored in system memory.
We can notice the. We can notice the big gap between
two results.

Table 1 presents RR results of four identification
method of different classification concepts (CC)
calculated for 480 numbers of testing signals (NTS).
Firstly, is the proposed method DWFNNT. secondly, is
the Continuous Wavelet formants Neural Network
CWFNNT, which is based on using Continuous Wavelet
Tranform instead of DWT. Thirdly, is formants Neural
Network method FNNT and finally is Discrete Wavelet
formants K-means WFDKM. Where the Square
Euclidean distances from each point to every centroid in
the K clusters vector are calculated over WPXX. The
results show that proposed method is nearly like
WFDKM, but is superior based on fact that no
neighborhood (NH) results have been observed unlike in

case of WFDKM where is about 19%.
TABLE I.
RECOGNITION RATE (RR) RESULTS OF FOUR METHODS WITH
RECOGNITION CONCEPTS (CC)

Method CC j NTS NH RR
DWFENNT FFBNN 12,...5 480 0 93.21
CWENNT FFBNN 1 480 0 87.23
FNNT FFBNN 0 480 0 89.40%
WFDKM k-means | 1,2,...,5 480 18.7% | 93.7%
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Figure 10. RR results of proposed system DWFNNT, CWFNNT and
FNNT over different levels of noise

Fig. 10 presents RR results of proposed system
DWFNNT, CWFNNT and FNNT over different levels of
noise. This experiment is presented to illustrate a prove of
system superiority in term of noise robustness. Finally,
table 2 presents a comparison between DWFNNT and
CWFENNT over j=1,2,3,...,10.

VII. CONCLUSIONS

In this Paper, Wavelet Transform based speaker
feature extraction method is investigated by NNT. The
introduced system in this paper depends on two steps
features extraction by WPxx over five approximation
DWT levels, due to its better capability of formants
illustration over different band-pass of signal frequency.
And classification based on FFBNN. The system works
with excellent capability of features tracking even with
0dB SNR. Different concepts of comparison to other
methods are proposed. Text - dependant system is used,
so that the system can be applied in password or PINs
identification in any security system, Banks, Hotel rooms,
or other companies. More than four thousand trails were
done to evaluate the system performance. The results
show excellent performance about 94% classification
rates.
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TABLE I.
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DWFNNT 100 100 81.25 100 100 93.75 100 100 87.50 100 96.25
CWFENNT 100 93.75 93.75 93.75 100 93.75 81.25 87.50 93.75 93.75 | 93.13
144

© 2009 ACADEMY PUBLISHER

<<ACEEE




