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Abstract: A new  approach  for  joint  multichannel  speech  source  separation  is  proposed  in  this  paper.
The technique starts by creating a database in the context of multiple simultaneous speakers in the reverberant
overcomplete environment. Recordings are made in overcomplete environment where number of sources are
greater than number of observations. The speech of independent speakers is recovered from the observations
and the closeness of recovery is estimated. These observations are processed in such a way that the original
source signals are extracted by the adaptive system. Independent component analysis (ICA) technique is used
for multichannel speech source separation and noise reduction is done using Wiener filtering. Most of the
contributions to source separation were done in undercomplete environment where the number of observations
are greater than number of sources. The suggested framework is formulated in overcomplete environment as
it uses as few basis functions as possible. In several real-world applications, background noise and multiple
competing speakers coexist within the same reverberant enclosure. In teleconferencing applications, for
example, multiple participants, loudspeakers and noise sources can be simultaneously active and the proposed
framework is to separate each of the desired signals and to reduce the background noise. For identification of
speakers pitch and Glottal Noise Excitation Ratio features are extracted. GMM modeling is done over extracted
features to compute the maximum likelihood estimate using expectation maximization algorithm. The motivation
behind using GMM lies in the fact that linear combination of gaussian variables can represent large range of
acoustic classes. By the proposed technique, a remarkable recognition accuracy of 94.23% is achieved using
GNE feature.
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INTRODUCTION multichannel source separation is more trivial compared to

The framework aims at separating the sources and framework provides multichannel source separation for
recognizing the speakers. It starts with formation of recordings made in overcomplete environment. It uses as
MEPCO speech database consist of 80 recordings which few basis elements as possible when compared with other
are made in overcomplete reverberant environment. techniques where microphones outnumber the sources.
Source separation is done using Independent Component The proposed technique has wide range of application in
Analysis as it is method for linear representation of non- bio signal processing, due to the limited number of
gaussian data. It is followed by GMM modelling which electrodes (recordings) compared to the number active
results in recognizing the speaker. muscles (sources).

Notable contributions to source separation were The framework has an identification accuracy of
done for recordings made in undercomplete environment. 92.31% when pitch feature is considered and an accuracy
In most of the approaches noise reduction is done using of 94.23% when Glottal to Noise Excitation ratio (GNE) is
Minimum-Mean-Square Error (MMSE) criterion. The considered.  It is  always possible  to  get  better  estimate

single channel source separation. The proposed
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Table 1: Specification of recordings
Parameter : Specification
Platform : Window 7
Mode : Mono
Coding : PCM
Bit Rate : 256kbps
Sampling Size : 16bit
Sampling Frequency : 16kHz
Language : English

of sources in case of undercomplete ICA where the
number  of  recordings   are   more   than   the  sources.
The identification accuracy obtained by the proposed
method is remarkable as the recordings are made in
overcomplete environment which uses as few basis
functions as possible. The high end accuracy of 94.23%
in case of GNE is obtained as GNE is an unique acoustic
parameter which access the ratio of noise and voice in the
human speech.

This paper is organized as follows. Section 2
describes the creation of database where speech signals
are generated by multiple simultaneous speakers in an
overcomplete reverberant environment. Section 3
describes the speech signal pre-processing steps which
involve silence removal, framing and windowing. Section
4 formulates underlying assumptions, ambiguities and
steps in ICA. Section 5 describes the features extracted
from the recordings involving multiple speakers. Section
6 explains GMM modelling and motivation behind using
it. Section 7 contains experimental results and
identification accuracy of the proposed approach. Section
8 concludes this paper.

Formation of MEPCO Speech Database: This project uses
indigenously generated MEPCO speech database which
contains 80 speech samples of 13 male and female
speakers. Every speaker utters different speech samples
each of 30 seconds duration and is recorded under
reverberant multichannel environment. A total of 80
original speech samples are recorded at a sampling rate of
16000Hz using GoldWave software with the help of three
microphones of same specification. Four speakers were
made to speak simultaneously. The distance between
speaker and the microphone is maintained within a
constant range of 5 to 6 cm and distance between each
microphone was kept at a distance of 1m. GoldWave is a
highly rated, professional digital audio editor. It is fully
loaded to do  everything  from  the  simplest  recording
and  editing  to  the  most  sophisticated  audio
processing,  restoration, enhancements and conversions
[6]. The specification of recordings are shown in Table 1.

Pre-Processing of Speech Signal: Pre-processing is the
process of making the speech signal more suitable for
further processing. It includes silence removal, noise
removal, framing and windowing.

Silence Removal: There are many techniques for
removing silence. In this project silence discrimination is
done based on energy thresholding [10].
The upper energy threshold is given by 

u  = e  + (0.8 * (e  - e )) (1)et avg peak avg

The lower energy threshold is given by 

l =0.5 * e (2)et avg

where:
u  is the upper energy thresholdet

l  is the lower energy thresholdet

e  is the average energyavg

e  is the peak energypeak

The frame energy whose value is above the upper
energy threshold and below the lower energy threshold is
treated as silence regions which has no speaker
dependent information and is neglected. The frames
whose energy lies between the upper and lower energy
threshold are retained. Thus silence removal reduces
computational complexity and increases the speed of
processing.

Framing: Speech signal appears to be stationary when
looked at a short time point of view. But normally, it is not
stationary, it appears stationary. This is due to the fact
that the glottal system of the speaker does not change
immediately. In this project different frame size of 256
samples is used. 50% overlapping between frames is to
done to prevent loss of information. 

Pre-Emphasis: In speech processing, the original signal
usually has too much lower frequency energy. Hence
processing the signal to emphasize higher frequency
energy is necessary. To perform pre-emphasis, we choose
some value  between 0.9 and 1 [4]. 

(3)

Windowing: In signal processing, a window function is a
mathematical function that is zero-valued outside of some
chosen interval.
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Fig. 1: Block diagram of proposed framework

Hamming Window: Windowing is done to provide x  the amplitudes and t the time index. Each of these
spectral smoothing. It is done on each individual frame so recorded signals is a weighted sum of the speech signals
as to taper the signal to zero at the beginning and at the emitted by the four speakers, which is denote by s (t),
end of frame. s (t), s (t) and s (t). This can be expressed as a linear

(4)

From the block diagram of proposed framework x (t) = a s (t) + a s (t) + a s (t) + a s (t)
shown in Fig. 1 it is clear that the speech signals of x (t) = a s (t) + a s (t) + a s (t) + a s (t)
multiple simultaneous speakers which are meant for x (t) = a s (t) + a s (t) + a s (t) + a s (t) (5)
testing are subjected to pre-processing and source
separation. The separated source signals are modelled where a , a , a , a , a , a , a , a , a , a , a , a , a ,
with trained individual speech signal to recognise the a , a  and a  are some parameters that depend on the
speaker. distances of the microphones from the speakers. Four

ICA in Overcomplete Environment: Independent estimated using only the recorded signals x (t), x (t), x (t)
component analysis is a recently developed method in and x (t). The original speech signals s (t), s (t), s (t) and
which the goal is to find a linear representation of non- s (t) has to be recovered from the mixed speech signal
gaussian data so that the components are statistically x (t), x (t), x (t) and x (t). In matrix form, the problem can
independent, or as independent as possible [1-3]. Such a be written as X = AS. The solution to the problem is to
representation seems to capture the essential structure of find W such that W = A . The basic assumptions of
the data in many applications, including feature extraction Independent Component Analysis are,
and signal separation.

Consider the experimental reverberation room where Signals should be statistically independent,
four people are  speaking simultaneously  in  three Signals should be non-linear,
different microphones, which is held in different locations. Utmost one of the signal can be Gaussian, because
The microphone gives four recorded time signals, which mixture of Gaussian signals are impossible to
is denoted by x (t), x (t), x (t) and x (t), with x , x , x  and separate.1 2 3 4 1 2 3

4

1

2 3 4

expressions as given in below Equation (5),

x (t) = a s (t) + a s (t) + a s (t) + a s (t)1 11 1 12 2 13 3 14 4

2 21 1 22 2 23 3 24 4

3 31 1 32 2 33 3 34 4

4 41 1 42 2 43 3 44 4

11 12 13 14 21 22 23 24 31 32 33 34 41

42 43 44

original speech signals s (t), s (t), s (t) and s (t) has to be1 2 3 4

1 2 3

4 1 2 3

4

1 2 3 4

-1
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ICA Ambiguity: There are two inherent ambiguities in the Pitch: The perceived pitch of a tone is given by its
ICA framework. These are (i) magnitude and scaling frequency and it is also marginally influenced by its
ambiguity and (ii) permutation ambiguity. intensity level. An increase in level produces a slightly

Before examining specific ICA algorithms, it is more extreme sensation of pitch. Thus, the pitch of a
instructive to discuss preprocessing steps that are sound may be specified by the frequency of a pure tone
generally carried out before ICA. whose pitch is judged to be the same as the pitch of that
The steps involved in ICA are as follows sound.The pitch detection algorithm uses autocorrelation,

Step 1: Centering: The most basic and necessary accurately compute the pitch of the signal.
preprocessing is to center x, i.e. subtract its mean vector
m = E(x) so as to make x a zero-mean variable as shown
in Equation (6),

x = x -m (6)

where m is the mean that was subtracted in the
preprocessing.

Step 2: Whitening: Another useful preprocessing
strategy in ICA is to first whiten the observed variables.
This means that before the application of the ICA
algorithm (and after centering), the observed vector x has
to be transformed linearly so as to obtain a new vector 
which is white, i.e. its components are uncorrelated and
their variances equal unity.

In other words, the covariance matrix of  equals the
identity matrix as given in Equation (7),

(7)

Step 3: Update and Estimate ‘w’ until convergence:
Initially w is an identity matrix with order equal to the
number of speakers.
Using Fixed Point algorithm update w

The update of W is repeated until,
 equal or close 1

Noise reduction: Noise reduction [8] is mandatory after
speech source separation which is carried out by Wiener
filtering.

It low pass filters the signal that has been degraded
by noise and produces an estimate of desired random
process by LTI filtering [10]. It minimizes the mean square
error between the estimated random process and desired
random process.

Features Extracted: Features are the representatives of
the speech signal to simplify further processing with a
compact data set.

natural cubic spline interpolation and period averaging to

Glottal-to-Noise Excitation Ratio: Glottal to noise
excitation ratio is designed as an acoustic measure to
access noise in a pulse train that is typically generated by
the oscillation of the vocal folds [9]. It is based on the
assumption that glottal pulse resulting from the collision
of the vocal folds lead to synchronous excitation of
different  frequency  bands.  Turbulent  noise  generated
at  constriction  leads   to   an  uncorrelated  excitation.
The synchronism is expressed by the correlations
between envelopes calculated for the different frequency
bands.

The algorithm for GNE calculation involves the
following steps

Downsampling by 10kHz
Inverse filtering
Hilbert envelope

Speaker Recognition Using GMM Modeling: The speaker
identification system is modeled using GMM modeling.
GMM  is the weighted sum of M component densities.
The complete Gaussian mixture density is parameterized
by the mean vectors, covariance matrices and mixture
weights from all component densities.

Two principal motivations for using Gaussian mixture
densities are,

Individual component densities of a multi-modal
density like GMM, model underlying set of acoustic
classes.
Empirical observation that a linear combination of
Gaussian basis function is capable of representing a
large class of sample distributions.

The aim of using maximum likelihood estimation is to
find modal parameters which maximize the likelihood of
GMM. Maximum likelihood estimate can be obtained
iteratively using expectation maximization.

Basic   idea behind    EM   algorithm   is  that  select
an  initial  model ,  to  estimate  a  new  model  such
that   P(X   / ) P(X/ ).  The   new    model  then becomes
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the  initial  model  for  the   next   iteration  and  the
process is repeated until some convergence threshold is
reached. (10)

Two critical factors in training a Gaussian mixture
speaker model are selecting the order M of the mixture and
initializing the model parameters prior to EM algorithm [5].

The system is trained with extracted pitch and Glottal The a posteriori probability for component i is given
to Noise Excitation ratio values of all individual speakers. by,
The separated speech signal after noise reduction is
subjected to speaker identification block where the pitch
and GNE values of the separated speech sources are (11)
calculated. For these test signals maxmimum likelihood
values are computed and expectation maximization
algorithm is used to identify the specific speaker

GMM Parameters: using Independent Component Analysis algorithm.
Independent component analysis is the identification and

(8) separation of mixture of sources with little prior

of non Gaussian data. Here, the components are

(9) possible. The microphone gives recorded speech consists

Result Analysis: Separation of speech sources is done

information. It is the method to find linear representation

statistically  independent  or  as  independent as

of four signals. The separated speech signals are shown
in Fig. 2.

Fig. 2: (a) Recorded Composite Speech and (b) Separated Speech Signals
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Fig. 3: Separated Speech Signals after Noise Removal

Table 2: Identification accuracy

Features extracted Identification accuracy

PITCH 92.31%

GNE 94.23%

Noise encapsulates vowels and consonants at high
pressure  levels.  Hence noise reduction is mandatory
after source separation. It is done using Wiener filtering.
It lowpass filters the signal that has been degraded by
noise and produces an estimate of desired random
process.It minimizes the mean square error between the
estimated random process and desired random process.
The separated speech signals after noise reduction are
shown in Fig. 3. 

The identification accuracy [7] is calculated using 

(12)

The identification accuracy for pitch and GNE are
given in Tab. 2

CONCLUSION

In this work speech source separation using
Independent Component Analysis and noise reduction
using Wiener filter are done. The database consist of 80
recordings are made in overcomplete reverberant
environment. Pre-processing steps are done to make the

speech signal suitable for source separation. The
framework has an identification accuracy of 92.31% when
pitch feature is considered and an accuracy of 94.23%
when Glottal to Noise Excitation ratio (GNE) is considered.
It is always possible to get better estimate of sources in
case of undercomplete ICA where the number of
recordings are more than the sources. The identification
accuracy obtained by the proposed method is remarkable
as the recordings are made in overcomplete environment
which uses as few basis functions as possible. The high
end accuracy of 94.23% in case of GNE is obtained as
GNE is an unique acoustic parameter which access the
ratio of noise and voice in the human speech.
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