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Abstract –  This paper is the implementation of the 

source separation using wavelets. In this paper, the problem 
considered is the enhancement and separation of speech 
signals corrupted by environmental acoustic noise, 
interferences and other speakers using array of microphones 
containing at least two microphones.. This work presents the 
implementation of the blind source separation using ICA 
(Independent Component Analysis). ICA is a recently 
developed method in which the goal is to find a linear 
representation of non-gaussian data so that the components 
are statiscally independent, or independent as possible. Such  
a representation seems to capture the essential structure of 
the data in many applications, including feature extraction 
and signal separation. The ICA algorithm that uses wavelets 
is used to exploit the structure in the signals of interest and 
thus learn the source separation more efficiently.  We 
propose a new algorithm for blind source separation(BSS), 
in which frequency-domain ICA and time-domain ICA are 
combined to achieve a superior source-separation 
performances.  

Keywords – Blind source separation, Discrete Wavelet 
Transforms, Independent Component Analysis. 
 
 

I. INTRODUCTION 
 

Blind signal separation, also known as blind source 
separation, is the separation of a set of signals from a set 
of mixed signals. The separation of set of signals can be 
achieved without the aid of information or with very little 
information about the source signals or the mixing 
process. 
 The classical example is the “cocktail party problem”, 
where a number of people are talking simultaneously in a 
room and one is trying to follow one of the discussions. 
Hence it is difficult to listen to the one actually 
speaking[1]. A digital signal processing system can be 
developed to extract the required voice from the rest of 
the speakers. 
 The additive mixture of sources is obtained using two 
microphones. The noise in mixed signal is removed by 
wavelet denoising technique. The denoised mixed signal 
is separated by BSS algorithm. 
 Applying source separation via this method will 
enable many more applications in signal processing such 
as audio or image separation, telecommunications, 
medical signal processing and many more.  
 In this paper , we present the implementation of blind 
source separation using ICA (independent component 
analysis). The aspiration of this paper is to recover two 

independent source signals composed of unknown linear 
combinations[2]. Through BSS, we have successfully 
separated the two signals apart with and without 
background noise.  
Audio signal processing find a wide range of application 
in communication fields, signal analysis. The also find 
application in areas which include storage, level 
compression, data compression, transmission, 
equalization, noise cancellation, filtering, echo, 
reverberation removal or addition etc.  
 
II.  BLIND SIGNAL PROCESSING 
 

In Multiple Input/Multiple Output (MIMO) nonlinear 
dynamical system, the multiple sensor recorded input 
signal is denoted by X(t) = [x1(t),x2(t),x3(t)……xm(t)] t. 
The objective is to find an inverse system, in order to 
estimate the primary source signals S(t) = 
[s1(t),s2(t),…sn(t) ]t. This estimation is performed on the 
basis of the basis of the output signals Y(t) = 
[y1(t),y2(t)…..yn(t)] t and sensor signals as well as some 
priori knowledge of the mixing system[3]. The inverse 
system should be adaptive in such a way that it has some 
tracking capability in nonstationary environment. Instead 
of estimating the source signals directly, it is sometimes 
more convenient to identify an unknown mixing and 
filtering system first and then estimate source signals by 
exploiting some a priori information about the system and 
applying a suitable optimization procedure. 
 In many cases, source signals are simultaneously 
linearly filtered and mixed. The aim is to process these 
observations in such a way that the original source signals 
are extracted by the adaptive system. The problems of 
separating and estimating the original source signals from 
the sensor array without knowing the transmission 
channel characteristics and the sources can expressed by a 
number of related problems: Independent Component 
Analysis(ICA), Blind Source Separation (BSS), Blind 
Signal Extraction(BSE) and Multichannel Blind 
Deconvolution(MBD).   
   
Blind Source Separation  
In blind signal processing problems, the mixing and 
filtering processes of the unknown input sources sj(k) (j= 
1,2,….n) may have different mathematical or physical 
models, depending on specific applications. 
 Fig  shows the general BSS model. In the simplest 
case, m mixed signals xi(k) i=1,2,….m are linear 
combinations of n (typically m> =n) unknown mutually 
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statiscally independent, zero mean source signals sj(k) and 
are noise contaminated. This can be written as, 
 
 Xi(k) = Σj=1hij sj(k)+vi(k), for i=1,2,….m. 
 
or in the matrix notation 
 
 x(k) = H s(k) +v(k) 
where 
  
 x(k)=[ x1(t),x2(t),x3(t)……xm(t)] t is a vector of sensor 
signals, 
 S(k)=[ s1(t),s2(t),s3(t)…..sn(t)] t is a vector of sources, 
 V(k)=[ v1(t),v2(t),x3(t)……vm(t)] t is a vector of 
additive noise and  H is an unknown full rank mXn 
mixing matrix. In other words, it is assumed that the 
signals received by an array of sensors are weighted sums 
of primary sources. These sources are typically time-
varying, zero mean, mutually statiscally independent and 
totally unknown as in the case of arrays of sensors for 
communication of speech signals. 
 
   Unknown  
 
      S(k)  n                  v(k)              x(k)    m    n      y(k) 
 
 
 
 
 
 
Fig.1 BSS system 
 
 
 
          Sn                            Xn                            Yn 
 
 
 
 
 
 
Fig.2 Mixing and Separating Matrix 
 
In general it is assumed that the number of source signals 
n is unknown unless stated otherwise. It is assumed that 
only the sensors vector x(k) is available and it is 
necessary to design feed-forward or recurrent neural 
network and an associated adaptive learning algorithm 
that enables estimation of sources, identification of the 
mixing matrix H and/or separating matrix W with good 
tracking abilities. 
 
III.  PREPROCESSING 
  
 Discrete wavelet transform can be used for easy and 
fast denoising of a noisy signal. By taking only a limited 
number of highest coefficients of the discrete wavelet 
transform spectrum and performing an inverse transform 

(with the same wavelet basis) can obtain more or less 
denoised signal. For this paper wavelet denoising is 
performed as one of the preprocessing step by applying 
threshold. 
 As it is known from the theory of discrete wavelet 
transform, the choice of the proper wavelet scaling 
function is always the most important thing. Generally, 
for the denoising the wavelet scaling function should have 
properties similar to the original signal. The effects of 
using two different wavelets were compared. We used the 
Daubechies 16 and 32 wavelet. The denoising procedure 
of both the wavelets resulted in quite satisfying result.   
Wavelet Denoising 
 Denoising is done by shrinkage(i.e., nonlinear soft 
thresholding) in the wavelet transfer domain. The 
denoising consists of three steps: Linear forward wavelet 
transform, Nonlinear shrinkage denoising and Linear 
inverse wavelet transforms. Because of the nonlinear 
shrinking of coefficients in the transform domain, this 
procedure is distinct from those denoising methods that 
are entirely linear. Finally wavelet shrinkage denoising is 
considered a non-parametric method. Thus, it is distinct 
from parametric  methods in which parameters must be 
estimated for a particular model that must be assumed a 
priori. 
 Assume that the observed data 
  X(t) = S(t) + N(t) 
Contains the true signal S(t) with additive noise N(t) as 
functions in time ‘t’ to be sampled. Let W(.) and W-1(.) 
denote forward and inverse wavelet transform operators. 
Let D(.λ) denote the denoising operator with soft 
threshold[11]. We intend to wavelet shrinkage denoise 
X(t) in order to recover S’(t) as an estimate of S(t). Then 
the three steps 

Y=W(X) 
 Z=D(Y,λ) 
 S’=W-1(Z) 

Summarize the procedure. Of course, this summary of 
principles does not reveal the details involving 
implementation of the operators W or D, or selection of 
the threshold. 
 
IV.INDEPENDENT COMPONENT ANALYSIS 
 
 The independent component analysis algorithm 
allows two source signals to be separated from two mixed 
signals using statistical principles of independence and 
nongaussianity[14]. ICA assumes that the value of each 
source at any given time is a random variable. It also 
assumes that each source is statiscally independent, 
meaning that the values of one source cannot be 
correlated to values in any of these other sources. 
 With these assumptions, ICA allows us to separate 
source signals from mixtures of these source signals. The 
algorithm requires that there be as many sensors as input 
signals, for example, with three independent sources and 
three mixtures being recorded, the problem could be 
modeled as: 
 x1(t) = a s1(t) + b s2(t)   

H Σ W

Mixing 
matrix 
(H) 

Separating 
matrix 
(W) 
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 x2(t) = c s1(t) + d s2(t)   
using matrix notation, the problem can be generalized to 
any number of mixtures. For some number of sources n to 
be identical, n mixtures would be recorded. 
 x = As 
The goal of blind source separation using ICA is to invert 
this procedure. From the given mixtures x as input, ICA 
finds s. because the mixing matrix A is square matrix. 
The reverse procedure is given below 
 s=A-1x 
or, if we define W to be equal to the inverse of A 
 s=Wx 
is an equivalent BSS problem. 
 Imagine in a room where two people are speaking 
simultaneously. There are two microphones, which are 
held in different locations. The microphones give two 
recorded time signals, which denote by x1(t) and x2(t) 
with x1 and x2 the amplitudes, and t the time index. Each 
of these recorded signals is a weighted sum of speech 
signals emitted by the two speakers, which is denoted by 
s1(t) and s2(t). On expressing these as linear equation: 
   
 x1(t) = a 11s1 + a 12s2   
 x2(t) = a 12s1 + a 22s2    
where a11,a12,a21 and a22 are parameters that are 
depends on the distance of the microphones from the 
speakers and the characteristics of microphone. 
 It would be very useful to estimate the two original 
speech signals s1(t) and s2(t) using only the recorded 
signals x1(t) and x2(t). This is called the cocktail party 
problem. For the time being omit any time delay or other 
extra factors from the simplified mixing model. One 
approach to solving this problem would be to use some 
information on the statistical properties of the signals si(t) 
to estimate the aii. Surprisingly it turns out that it enough 
to assume that s1(t) and s2(t), at each time instant t, are 
statiscally independent.  
 
V.DISCRETE WAVELET TRANSFORMS 
 
 The wavelet Transform is a technique for analyzing 
signals. It was developed as an alternative to the short 
time Fourier Transform(STFT) to overcome the problems 
related  to its frequency and time resolution properties. 
More specifically, unlike the STFT that provides uniform 
time resolution for all frequencies the DWT provides high 
time resolution and low frequency resolution for high 
frequencies and high frequency resolution and low 
frequencies[8]. In that respect it is similar to the human 
ear which exhibits similar time-frequency resolution 
characteristics. The discrete Wavelet Transform (DWT) is 
a special case of the WT that provides a compact 
representation of a signal in time and frequency that can 
be computed efficiently. The (DWT) is defined by the 
following equations: 
 W(j,k) = Σj Σk x(k)Q-j/2  
Where y(t) is a function with finite energy and fast decay 
called mother wavelet. The DWT analysis can be 
performed using a fast, pyramidal algorithm related to 

multirate filter bank the DWT can be viewed as a constant 
Q filter bank with octave spacing between the centers of 
the filters. Each subband contains half the samples of the 
neighboring higher frequency bands with different 
resolution by decomposing the signal into a coarse 
approximation. 
It is then further decomposed using the same wavelet 
decomposition step. This is achieved by successive 
highpass and lowpass filtering of the time domain signal 
and is defined by the following equations 
 Yhigh[k] = Σn x[n] g[2k-n] 
 Ylow[k] =  Σn x[n] h[2k-n] 
Where y[k],y[k] high low are the outputs of the 
highpass(g) and lowpass(h) filters, respectively after sub 
sampling by 2. Because of the down sampling the number 
of resulting wavelet coefficients is exactly the same as the 
number of input points[13]. A variety of different wavelet 
families have been proposed in the literature. Wavelet 
transforms(WT) and more particularly the Discrete 
Wavelet Transform(DWT) is a relatively recent and 
computationally efficient technique for extracting 
information and spectral properties of non-stationary 
signals like audio. 
 
                                                                      approximation 
     Low pass          down sample  coefficients 
            
 Mixed signal                                                  cA1 
 
 
                                                                            cD1 
 
                      
     High pass           down sample    Detail 
                      coefficients    
Fig.3 General Block Diagram of DWT 
 
Where, 
Lo_D is the decomposition filter. 
Hi_D is the High pass decomposition filter 
    2 keep the even indexed elements(also known as down 
sampling. 
 
 
V1.INVERSE DISCRETE WAVELET TRANSFORM 
  
 Once we arrive at our discrete wavelet coefficients, 
we need a way to reconstruct them back into the original 
signal( or a modified original signal if we played around 
with the coefficients). In order to do this, we utilize the 
process known as inverse discrete waveform transform. 
Much like the DWT can be explained by using filter bank 
theory, so can the reconstruction of the IDWT. The 
process is simply reversed. The DWT coefficients are first 
up sampled by placing zeros in between every coefficient, 
effectively doubling the length of each. These are then 
convolved with the reconstruction scaling filter for 
approximation coefficients and the reconstruction wavelet  

Lo_D      2 

Hi_D        2 
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filter for the detail coefficients[9]. These results are then 
added together to arrive at the original signal. 
  Similar to how we made the signal periodic before 
doing our DWT calculations on it, we must make our dwt 
coefficients periodic before convolving to obtain the 
original signal. This is done by simply taking the first 
N/2-1 coefficients from the DWT coefficients, and 
appending them to the end. N is the length of our scaling 
factor. 
     Upsample    Low pass 
  cDj 
 
 
                                                                                CaJ-1 
 
 
   cAj    
 
 
          Upsample     High pass  
 
Fig.4 General Block Diagram of IDWT  
 
Where, 
Lo_R is the reconstruction filter 
Hi_R is the High pass reconstruction filter 
      
   2 keep the even indexed elements( also known as up 
sampling) 
 
 
VII.PROPOSED ALGORITHM 
 
 This block diagram explains the overview of BSS. It 
comprises of six different levels. Here the input signal is 
taken as the mixed signal. The noise which is present in 
the mixed signal is removed by using Wavelet Denoising. 
The mixed signals is decomposed using DWT. The next 
step is to apply ICA algorithm. Now the separated signals 
are reconstructed using IDWT. 
 
 
 
  
 
 
 
 
 
 
 
 
 
 
Fig.5 General Block Diagram for Source Separation. 
 
 
 
 
 

VIII.  RESULT ANALYSIS 
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IX. CONCLUSION 
 
 The implementation of source separation using the 
ICA algorithm that uses wavelets led to some appreciable 
results when compared to direct ICA  application on the 
signal. The voice signals and music signals were 
recorded, and they were digitally mixed to create mixed 
signal. The different samples used were of speech signal 
mixed with music signal or of two speech signals mixed 
together. The signals were first separated by applying ICA 
algorithm directly on the mixed signal. This produced 
quite impressive results as both the signals were partially 
separated and were generated as the output. In order to get 
even better results, the separation was done using 
wavelets of the mixed signal. Six level of decomposition 
were done on the wavelets, and upon those wavelets the 
ICA algorithm was applied. This led to very effective 
separation of both the source signals from the mixed 
signal. 
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