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Abstract — Speaker recognition system has gained substantial
research interest, owing to security enforcement in many
applications. Mostly, the speaker recognition system is
employed for achieving access control. Hence, a speaker
recognition system must be capable of achieving greater
recognition accuracy rates irrespective of the noise presence.
This paper presents a novel speaker recognition system which
tends to suppress the noise before the process of feature
extraction. This idea improves the recognition accuracy of the
system. Additionally, the proposed work can manage the noise
mismatch between both the training and testing phase. Bionic
Wavelet Transform (BWT) is applied to suppress the noise
and the cleansed signal is obtained. This is followed by
extracting Mean Hilbert envelope Coefficients (MHEC) and
Power Normalized Cepstral Coefficients from the cleansed
signal. Finally, the classification is achieved by Extreme
Learning Machine (ELM). From the performance evaluation,
it is evident that the proposed work shows convincing
recognition accuracy rates, Signal to Noise ratio (SNR) and
Mean Square Error (MSE).

Index Terms — Speaker recognition system, noise suppression,
feature extraction, classification.

NOMENCLATURE

BWT-Bionic  Wavelet  Transform,MHEC-Mean  Hilbert
envelope Coefficients, ELM- Extreme Learning Machine,
SNR-Signal to Noise ratio, MSE-Mean Square Error, MFCC -
Mel Frequency Cepstral Coefficients, PLP-Perceptual Linear
Prediction

1.0 INTRODUCTION

The process of communication relies on two entities namely
speaker and listener [1]. On the whole, a message is transferred
by means of words. However on keen observation, the
language of the speech, emotion and the identity of speaker can
be gained. The objective of a speaker recognition system is to
extract features from the speech signal and to figure out the
identity of the speaker [2]. Generally, a speaker recognition
system involves two important processes, which are speaker
verification and identification [3,4]. Speaker verification
verifies the identity of the speaker by utilizing a sample speech.
Speaker identification intends to detect the speaker from a set
of speech samples.
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Speaker recognition system is mostly employed for security
based applications such as access control, authentication, law
enforcement and personalization [5].Many such speaker
recognition systems require clean speech signal for proving
high recognition accuracy have been presented. However, the
issue being caused by noise is not addressed in most of the
works.Most of the real time applications suffer fromexternal
noise,which has a serious impact over the quality of the system
6,7].

'[I'he]features being extracted from the noisy speech will turn
dissimilar to that of the training dataset. This paves way for
higher misclassification rates. Besides this, many existing
works provide solutions for noise removal [8]; however, it is
not mandatory that the training and testing samples of speech
should possess the same type of noise.

This paper strives to present a novel speaker recognition system
that overthrows the noise by means of bionic wavelet
transform. The features are then extracted from the cleansed
speech signal and finally classified. The Mean Hilbert envelope
Coefficients (MHEC) and Power Normalized Cepstral
Coefficients (PNCC) are extracted from the clean speech signal
and fed into the Extreme Learning Machine (ELM). The entire
work is decomposed into three key phases and they are noise
suppression, feature extraction and classification. The major
contributions of this paper are listed below.

This work can effectively deal with noisy speech signals and
thus the quality of the system is improved.

As the features are extracted from the cleansed speech signal,
the recognition accuracy of the work is enhanced.

The remainder of this paper is organized as follows. The review

of literature is presented in section 2. The proposed approach is
presented in section 3. Section 4 evaluates the performance of
the proposed approach. Finally, the concluding remarks are
drawn in section 5.

2.0 REVIEW OF LITERATURE
This section intends to review the related literature with respect

to noise suppression, feature extraction and classification.

2.1 Noise suppression

A stereo based block-wise linear compensation approach is
proposed in [9], which dealt with babble, white and office
noise. The work presented in [10] identifies speaker by
utilizing spectral features. The spectral features are extracted by
latent prosody analysis. In [11], a method to deal with
stationary noise is presented, by utilizing short time Fourier
transform and Ephraim-Malah estimation. This work reduces
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the spectral coefficients and thus the noise is suppressed. The
work proposed in [12] tends to suppress noise by the
transformation of the noise affected signal to the wavelet
domain and thereby the local maxima coefficients are
conserved. Level dependent threshold is introduced in [13], in
order to eliminate coloured noise. In [15], the bionic wavelet
transformation is improvised by clubbing the wavelet denoisin
approach, in order to construct wavelet thresholding scheme.
The exploitation of wavelet filters through multistage
convolution withthe help of reverse biorthogonal wavelets in
both high and low pass frequency bands.

However, it is not certain that the noise present in the training

sample have to exist in the test speech signal. Though the
existing works assume that both phases suffer from the same
kind of noise and this reduces the recognition accuracy of the
system. The proposed work aims to suppress the noise
irrespective of the noise type and thus can serve its purpose
effectively.

2.2 Feature extraction

Mel Frequency Cepstral Coefficients (MFCC) and Perceptual
Linear Prediction (PLP) are the predominantly used features for
the process of speech recognition [15,16]. The major drawback
of MFCC is that the background noise can bring in the issue of
disparity between the training and testing phases. The main
factors for this issue are given below. The spectrum being
assessed by MFCC is susceptible to noise and channel
distortion [17]. Besides this, the acoustic model of MFCC is
not found to be accurate for speaker recognition. Realizing the
above mentioned points, the proposed work strives to utilize a
feature which does not suffer from the background noise.All
the stated drawbacks are overcome by Mean Hilbert Envelope
Coefficients (MHEC). The performance of MHEC is proven to
be the best under noisy environment and noise mismatch
between training and testing phase.

Power Normalized Cepstral Coefficients (PNCC) is recently
proposed and is proven to be better than Zero Crossing Peak
Amplitude (ZCPA), Relative Spectral Transform — Perceptual
Linear Prediction (RASTA-PLP), Perceptual Minimum
Variance Distortionless Response (PMVDR) and so on [18-20].
PNCC proves its efficiency with different kinds of noise in
both training and testing phase. However, it is a universal fact
that hybridization of different algorithms improves the
recognition accuracy even more. Taking the aforementioned
statement into account, this work combines the two different
techniques namely MHEC and PNCC, in order to combat
against noise mismatch and to achieve higher recognition
accuracy rate.
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2.3 Classification

Classification plays a vital role in speaker recognition. Mostly
employed classifier for speaker recognition system is Support
Vector Machine (SVM) [21,22]. Some of the other classifiers
are k-Nearest Neighbour (k-NN) and decision trees [23,24].
Besides this, certain generative models such as Gaussian
Mixture Model (GMM) and Hidden Markov Model (HMM) are
also employed. This work proposes to exploit ELM as the
classifier, owing to its effectiveness, simplicity and speed.

3. Proposed approach

The objective of this section is to describe the functionality of
the proposed speaker recognition system. The proposed work is
decomposed into three building blocks, which are noise
suppression, feature extraction and classification. The task of
noise suppression is achieved by bionic wavelet transform. The
process of feature extraction aims to excerpt MHEC and PNCC
from the cleansed speech signal. This step is followed by the
classification, which achieves the task of speaker recognition.
The forthcoming subsections present the description of all the
phases and the overall schematic diagram is presented in
figure 1.

3.1 Noise suppression

A speech signal carries both essential and unnecessary details
of information. This unnecessary detail of a signal can be
denoted as noise. Thus, it is mandatory to suppress noise,
which in turn improves the quality of the signal. However,
noise suppression is a separate area of research and this work
shows a small concern towards it. The proposed work employs
bionic wavelet transform for noise suppression.

3.1.1 Bionic Wavelet Transform (BWT)

Basically, BWT follows the principle of Morlet wavelet, which
is exclusively designed with respect to the human voiced signal
[14]. The wavelet transform contains the coefficients of the
signal x(£), with regard to hg (f} and all these are the

elements of h{t). This k(t) is the mother wavelet and it is

represented by
1 t—tT

hex(®) = =1 (7))

The wavelet transform coefficients are obtained by the product
of x(t) and the basis functions,

W, (z &) < x(t); hy () Eﬂ%[fx(t]h'(r;;)dt(Z)
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Fig 1: Overall schematic diagram of the proposed system

The basic idea of BWT is to substitute the constant quality
factor with the changing adaptive quality factor [25]. This kind
of substitution can be made by altering the mother function of
the wavelet transform. The fluctuating k(&) is denoted as
h(t) = k() exp (j2mfyt)(3)
In the above equation, f is the centre frequency of k() and
h(t) is the envelope function. T-value is employed in the BWT
mother function and is represented in the below given equation.
he®) =25 (2) exp (j2uf3t) (4)
The BWT is represented by the following equations.

1

bwty(7,0) = == [ =) he” (FTT) dt (5)

This can be written as
bwt, (r,a) = ﬁfrmﬁ'(%) x exp (—j2nfyt (= ya
(6)

From the above equations, it can be observed that the BWT
mother function’s amplitude and time spread depend on the
value of T. The value of T can be generated on the basis of the
idea of Yao and Zhang and is defined by

Tz + A1) =

(1-a

vt

) x (14 2 [Pz )

()

weo+|bwe, (.20

In the above equation, &1, &2 and bwt, are constants,
bwt, (7. a) is the BWT coefficient at the time 7 and scale a.
Thus, it could be noted that the T function brings in adaptability
to the BWT. The derivation of T function can be referred from
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[26,27]. The BWT coefficients are based on the WT
coefficients and this can be represented by

bwt, (1.0 T) = k X WT, (7. &) (8)
The value of k& depends on the value of T'.
As already stated that the BWT is based on Morlet function, it
is used as the mother function. The real morlet function is
denoted by

W) = & 7o) ©)
The value of & is determined by eqn.10 as given in [28].

Rt 772
= o _LTTIS

#
~~
[N
(=]
—~

The noise suppression can be achieved by two levels of
thresholds namely hard and soft thresholding techniques
[29,30]. The degree of adaptability is based on the value of T
function and so, T function is incorporated in determining the
threshold. Besides this as per eqn.8, it is advisable to take least
values for BWT coefficients, when the scales of decomposition
are high. Thus, the T-function can be employed for lower scales
of decomposition. The threshold can be calculated by

th=—— [2log, N
TimTeliy ¥ &2

(11)

The value of «; is chosen by the trial and error method and it is
more optimal to have decreasing function. After performing the
operation of thresholding, the BWT coefficients are divided by
the k factor and then inverse transform is performed. This

rebuilds the signal to arrive at the cleansed signal. The next step
is to extract features from the cleansed signal and is described
below.

3.2 Feature extraction

Feature extraction is the most important phase of a speaker
recognition system. This phase shows a great impact over the
final classification stage. The better the choice of feature
extractor, the greatest is the recognition accuracy rate. Thus,
this work shows keen attention towards the

choice of feature extractors. After exhaustive study, we come to
a conclusion that it would be optimal to choose feature
extractors that can cope up with the noise mismatch during the
training and testing phase. Understanding the benefits of
hybridization, this work proposes to combine two feature
extractors such as MHEC and PNCC and explained in the
following subsections.

3.2.1 MHEC

The MHEC is recently proposed in [31], which effectively
manages the noise mismatch in the training and testing stages.
The cleansed signal ={t)} is passed for feature extraction, which
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is then divided into 24 bands with the help of a Gammatone
filterbank [32]. The centre frequencies of the filterbank are
placed on the rectangular bandwidth scale from 300 to 3400
Hz. The process involved in MHEC are presented in the below
given equations.
sl =se ) +is(e) (12
In the above equation, £(t.5) is the Hilbert transform of s(t. j)
and i is the imaginary part. The temporal envelope or Hilbert
envelope & (z. jJcan be ¢ (13)computed by
g (t.j) = =20t ) + 2. j)(13)
The duplicate high frequency components are suppressed by
smoothening the temporal envelope with a low pass filter. The
cut off frequency is set as 20 Hz.
e (£, j) = (1 — ade, (£, j) + weg, (E— 1) (14)
Where o is the smoothening factor and is
proportional to the cut-off frequency.
The resultant smoothened temporal envelope is then blocked
into frames with duration25 ms and the skip rate is fixed as 10
ms. Each frame is then applied with a hamming window, so as
to reduce the edge discontinuities. The temporal envelope
amplitude in frame p is computed by

s(p.f) = 5 T wle) e (e.)

inversely

(15)

wE) represents the hamming window and N is the size of the
frame.

Natural log is applied to compress the spectral parameters.
Besides this, Discrete Cosine Transform is applied to convert
the spectrum to cepstrum and to decorrelate the feature
dimensions. The outcome of this process is 36 dimensional
feature vectors.

3.2.2PNCC

The attractive features of PNCC are listed below. The
introduction of its power-law nonlinearity, which is the
substitute for log nonlinearity in MFCC paves way for
robustness. The building blocks of PNCC are pre-processing,
temporal integration, asymmetric noise suppression, temporal
masking, spectral weight smoothening and mean power
normalization.

Initially, a pre-emphasis filter which is of the Kkind
Hi{z) =1 —0.97z% is applied. This step is followed by the
application of Short-Time Fourier Transform (STFT) by
hamming windows. The factor @[m, [] is only utilized for noise
assessment and compensation. This can also be employed to
alter the information with respect to the short time power
estimates. This step is followed by the specifically designed
asymmetric filter for noise suppression. Temporal masking is
achieved by moving peak for every frequency channel and the

Copy Right © BIJIT —2016; July - December, 2016; Vol. 8 No. 2; ISSN 0973 -5658

power is suppressed, if at all it falls below the mask. The
masked signals can serve its purpose in a better way, when it is
exposed to reverberant environment. The outcome of the
channels are then smoothened in spectral weight smoothening.
Mean power normalization is incorporated into the system, so
as to reduce the impact of amplitude scaling.

The noise mismatch is effectively handled by both MHEC and
PNCC. Thus, efficient feature vectors are obtained. The so
formed feature vectors are then fed into the classifier, in order
to identify the speaker.

3.3 Classification by ELM

ELM is one of the effective classifiers with faster learning
capability. The weights between the input and the hidden layer
are allocated randomly. This can be achieved by a generalized
inverse operation of the hidden layer output matrix.

Consider a training dataset (s;.z} and i= 1L2...N and
a; € F®; z; € F7_ In this case, the ELM training is done by the
following steps.

1. Allocate values to the lower layer weight matrix in a random
fashion of the range [-1,1], such that W & F®¥ and v is the

count of hidden units.

2.The hidden layer outcome is computed for each training
sample a;, such that hi; = o(W7 g;) in which  is the sigmoid
function.

3. The weight of output layer O is computed by

0 = (HHT)"*HTT where H = [h1,h2,...hn] and

T = [#1,£2...tn]

The random weight assignment is done irrespective of the
training dataset and thus the new data can also be well-
generalized. In this work, the ELM is trained with different
voice samples, so as to classify between different speakers. The
ELM’s output for the test speech signal presents a k
dimensional vector, which presents the top ranked ELM score
from the trained dataset. The sample with maximum score is
recognized as the speaker.

Thus, all the stages involved in the proposed work are
described. The next section intends to evaluate the performance
of the proposed approach.

4.0PERFORMANCE EVALUATION

The performance of the proposed work is analysed by
exploiting KING Dataset [33]. The attributes of the dataset are
given below.

Table 1: Details of king Dataset

Details King dataset
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Speaker count 51
Session count 10
Speech kind Photograph description
Mic Dual
Channel Dual
Rate of sampling 8 kHz
Digital quantization 16 bits

While performing the experimental analysis, certain noises
such as Babble noise, train, airport and car noise are included in
the speech signal at different scales such as -5, 0, 5, 10 and 15
dB. All these noises are downloaded from the Noisex-92
database [32].

The signal quality is measured in terms of Signal-to-Noise
Ratio (SNR) and Mean Square Error (MSE).

¥a

sve=L

MSE=2Z(f-f) @

In the above equations, f is the clean signal and f is noised
eliminated signal and = is the noise signal.

(16)
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Fig 2: Recognition accuracy with k-means classification
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Fig 3: Recognition accuracy with SVM classification

The proposed approach is compared with two standard noise
suppression methods such as spectral subtraction (SS) and
Iterative Wiener Filtering (IWF) [32,34]. Besides this, we
prove the effectiveness of the hybridization by carrying out the
feature extractors individually. The overlap percentage is fixed
as 60% and the results are obtained. Additionally, the
comparison is made with respect to the classifier also. The
proposed work is compared with k-means and SVM. Figure2,3
and 4 depicts the recognition accuracy rate ofthe system with
respect to the k-means, SVM and ELM classification
respectively.

120

EMMHEC ®PNCC  mMHEC+PNCC

100 -

80 -

60 -

40 A

Recognition accuracy {%)

20 A

256 512

1024

Segment size

Fig 4: Recognition accuracy with ELM classification

2048

On analysing the above graphs, it could be noted that the
performance of the hybrid approach shows consistently good
results. Besides this, the recognition accuracy rate of ELM is

987



BIJIT - BVICAM’s International Journal of Information Technology

greater which when compared to k-means and SVM. The next
part strives to compare the experimental resultswith respect to
SNR and MSE and the graphical results are presented below.

35

30 A

25 A
20 A
15

SN Ratio

10
5
0 -

5 = ) C 10 10
Noise {dB)

Fig 5: Signal to Noise Ratio

30

20

15

MSE (10pow-3)

10

0] 5 10
Noise {dB)
Fig 6: Mean Square Error

From the obtained experimental results, the performance of the
proposed work is found to be satisfactory in terms of SNR,
MSE and recognition accuracy rates. We found that the system
performs well with the segment size of 256 and 512. Thus, the
proposed work serves its purpose with greater accuracy rates.

5.0 CONCLUSION

This paper strives to present a novel speaker recognition
system, which can effectively manage noise mismatch during
training and testing phase. Initially, the noise is suppressed with
the bionic wavelet transform with adaptive filtering technique.
The obtained cleansed signal is then passed through the step of
feature extraction. In this step, the features such as MHEC and
PNCC are clubbed together, in order to inherit the merits of
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both the techniques. Finally, ELM is employed as the classifier
to recognize between several speakers. On experimental
analysis, the proposed work shows greater recognition accuracy
rate and least MSE.
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