
IJSRD - International Journal for Scientific Research & Development| Vol. 7, Issue 07, 2019 | ISSN (online): 2321-0613 

 

All rights reserved by www.ijsrd.com 216 

Blind Source Separation in Audio Processing Application Based on 

Direction of Arrivals 

Teena Sahu1 Prof. Anshuj Jain2 

1M. Tech Scholar 2Associate Professor 
1,2Department of Electronics & Communication Engineering 

1,2Scope College of Engineering, Bhopal (M.P.), India                                

Abstract— The proposed work deals with the development of 

signal processing algorithms to solve the source separation 

problem. The sound signals recorded in a real environment 

are not instantaneous but convolutive mixtures, because of 

the delay and the reflections. In order to separate these 

signals, it is effective to transform the signals into time-

frequency domain. The difficulty in this approach is that the 

original signals are overlapping at the output stage i.e. 

suppose signal S1 and S2 are mixed in M1 and M2 mixtures, 

the mixed components of S1 and S2 will present in both M1 

and M2 and while separating from these mixtures as Y1 and 

Y2 do not match S1 and S2 respectively in the sense 

components of S1 present in Y2 and vice-versa. This leads to 

ambiguity in separation and also BSS methods fail in the 

performance analysis because of permutation problem. This 

work proposes a novel approach to overcome this problem 

based on the direction of arrivals of the sources. In this work, 

clustering based algorithm is used to estimate unmixing 

matrix. Proposed algorithm is simulated using the MATLAB 

and the performance is validated in terms of source to 

distortion ratio (SDR), source to interference ratio (SIR) and 

source to artifact ratio (SAR) values. Simulation results show 

the superior performance of the proposed methods compared 

to other methods. 
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I. INTRODUCTION 

Source separation (SS) has attracted a great deal of attention 

in the engineering field. Source refers to the physical object 

which generates a signal. As a fundamental research, many 

algorithms have been developed for instantaneous mixtures, 

where only simple mixing process without time delay is 

considered. They have shown very good abilities to separate 

signals which are suitably thought as non-time delayed 

mixing. However, in a real-time environment, observed 

signals are a resultant of convolution between the sources and 

the impulse responses of the different paths from the sources 

to the sensors for that convolutive mixture have to be taken 

into consideration. 

The performance evaluation is carried out using the 

NOIZEUS database [21]. The following performance 

measures are used to verify the quality of separation: source 

to distortion ratio (SDR), source to interference ratio (SIR) 

and source to artifact ratio (SAR) [22]-[23]. These 

performance measures are widely used to evaluate BSS in 

audio processing applications [23] and defined from the 

motivation of segmental SNR [24].  

Source to distortion ratio (SDR):It is the ratio of 

source to distortion due to interference and artifacts, given by 

eq.(1) 
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SDR , when the target source is zero and

SDR , when the separated source is equal to the 

original source signal. A high value of SDR indicates that a 

small amount of constant-amplitude errors in the separated 

source signal. 

Source to interference ratio (SIR):It is the ratio of 

source to distortion due to interference given by eq.(2) 
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Source to artifact ratio (SAR):It is the ratio of source 

and interference to the distortion due to artifacts given by 

eq.(3) 
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The SIR and SAR are to be valid parameters for 

performance evaluation to measure the rejection of the 

interferences, forbidden distortions and “burbling” artifacts 

in the separated source signals. For the better performance of 

the algorithm, the SDR, SIR and SAR values should be high. 

It is observed that if the signal gets separated then the SDR 

values should greater than 40 dB. The proposed algorithm is 

compared with ICA [13]-[14], canonical correlation, and 

hierarchical clustering algorithm[17]. The parameters used in 

the experimental setup are given in the Table 1. 

Parameters Values 

Number of sensors 2 

Number of source signals 2 

Length of source signal 2 sec. 

Direction of sources 40o  and80o 

Distance between  two sensors 0.04 m 

Sampling rate 8000 Hz 

Table 1: Parameter values 

For the evaluation purpose, two clean speech signal 

are considered from NOIZEUS database. Source signal 1 is 

placed in the 40o direction with respect to sensor 1 and source 

signal 2 is placed in the direction of 80o.  In this work, initially 

mixing matrix is obtained by using hierarchical clustering 

algorithm then unmixing matrix is obtained by performing 

the inverse of the mixing matrix. The directivity plot is 

obtained from the unmixing matrix using the eq. The 

directivity plot is shown in the Figure 1. From the Figure1 it 

is observed that the null directions for source signal 1 is 80o 

and for source signal 2 is 40o. Using these null directions, the 
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separating matrix coefficients are updated and BSS has been 

performed. 

The performance comparison results is tabulated in 

the Table 2 in which the sensor distance is fixed to 4 cm and 

sampling frequency is fixed to 8kHz which is a minimum 

sampling frequency for any speech signal.   

 
Fig. 1: Directivity pattern for two source 

Table 2 illustrates the obtained values for 

performance measures. The ideal case, in the Table 2 

represents the target source signals is same as original source 

signals. Performance comparison is also given in the form of 

bar charts for source signal 1 and source signal 2 in Figure 

2(a) and Figure 2(b) respectively. 

 
Fig. 2(a): Performance comparison chart for source signal-1 

Performance 

Parameter 
Algorithms 

Source Signals 

1 2 

SDR in dB 

Ideal 248.0800 256.7382 

ICA 26.3778 32.2330 

Hierarchical 

clustering 
7.5407 -5.8637 

canonical 

correlation 
33.1675 38.8575 

Proposed 246.7952 246.3908 

SIR in dB 

Ideal 258.0909 246.5527 

ICA 26.3778 33.2330 

Hierarchical 

clustering 
7.5407 -6.8837 

canonical 

correlation 
33.2867 37.8975 

Proposed 247.6671 236.3547 

SAR in dB 

Ideal 249.71 248.4396 

ICA 100.0900 106.3863 

Hierarchical 

clustering 
242.2774 240.9809 

canonical 

correlation 
233.6657 244.1735 

Proposed 246.3375 246.4783 

Table 2: Performance Measures at d=4cm and fs=8KHz 

 
Fig. 2(b): Performance comparison chart for source signal-2 

From the simulation results, it is observed that the 

proposed method performance is better for source signal-1 

and source-2 compared to other algorithms.  Whereas 

thecanonical correlation algorithm performs good as 

compared to ICA and hierarchical clustering. 

The normalized mean square error (NMSE) has been 

calculated in dB between the actual mixing matrix and the 

estimated one for each coefficient of the mixing matrix and 

the result has been tabulated in Table 3. For the comparison 

the sensor spacing is fixed to 4cm and sampling frequency is 

fixed to 8000 Hertz and it is seen that the proposed algorithm 

has very low value of NMSE which means that the proposed 

method estimated mixing matrix coefficient is approximately 

nearer to the original mixing matrix as compared to other 

algorithms. The graphical representation of the calculated 

NMSE is shown in Figure 3. 

Mixing 

Matrix 

Element

s 

NMSE value in dB 

ICA 

canonical 

correlatio

n 

Hierarchica

l clustering 

Propose

d 

1 

-

10.896

3 

-2.8849 7.3270 -79.8794 

2 -0.0049 -6.8726 10.4162 -39.8384 

3 4.6052 2.6981 2.4330 -79.9467 

4 -3.0370 3.5432 2.3538 -60.0213 

Table 3: Obtained NMSE values at fs=8KHz and d=4cm 

 
Fig. 3: Graphical representation of NMSE for mixing matrix 

The clean speech signal taken from NOIZEUS 

database, source signal 1 and source signal 2 are shown in 
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figure.4(a) and figure 4(b) respectively. In the figure 5.4(c) 

and figure 5.4(d) mixed signal is shown which is received at 

the sensor. And in figure 5.4(e) and figure 5.4(f) the estimated 

source signal 1 and source signal 2 shown, which is estimated 

by the proposed method. 

 
Fig. 4(a): Male voice (source 1) 

 
Fig. 4(a): Male voice (source 2) 

 
Fig. 4(c): Mixed signal 1 

 
Fig. 4(d): Mixed signal 2 

 
Fig. 4(e): Estimated source signal 1 

 
Fig. 4(f): Estimated source signal 2 

Since mixing matrix is function of distance (d) and 

sampling frequency (fs) hence signal performance is also 

effects if any change occurs in these two parameters. So see 

the change due to the distance, the sensor distance is vary 

from 4cm to 100cm whereas sampling frequency is fixed to 

8000 hertz and performance is measured and compared with 

different algorithms in terms of SDR values and results are 

tabulated in Table 5.4 for source signal 1 and for source signal 

2 it is tabulated in Table 5.5. And there graphical 

representation is shown in Figure 4.5 and Figure 

5.6respectively. 

Distance(d

) between 

two 

sensors in 

cm 

SDR values  in dB 

Propose

d 
ICA 

canonical 

correlatio

n 

Hierarchica

l clustering 

4 
246.795

2 

26.377

8 
33.1675 7.5407 

6 
246.351

0 

56.543

3 
32.9764 -6.0265 

8 
246.942

3 

20.439

3 
32.9875 -16.6535 

10 
248.463

2 
7.8896 33.0069 -10.6089 

12 
246.162

9 

31.672

0 
33.0154 -4.3278 

50 
246.490

9 

15.147

1 
30.1256 60.9768 

100 
245.790

5 
8.8990 30.0243 -17.8656 

Table 5.4: Obtained SDR values for various distance 

between sensors at a sampling frequency of 8 KHz for 

source signal 1 

Sensor 

distance 

in cm 

SDR values  in dB 

Proposed ICA 
canonical 

correlation 

Hierarchical 

clustering 

4 246.3908 32.2330 38.8575 -5.8367 

6 253.2924 15.3551 25.9635 47.5175 
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8 254.9927 15.9671 9.7602 48.3241 

10 256.6401 -5.0091 17.3562 52.1900 

12 254.2046 16.4193 10.3562 49.8129 

50 -18.3142 17.0593 18.3254 -13.9427 

100 -14.2349 8.0899 7.2015 39.8375 

Table 5.5: Obtained SDR values for various distance 

between sensors at a sampling frequency of 8 KHz for 

source signal 2 

From Table 5.4 it is observed that for source signal 

1 the proposed algorithm and canonical correlation algorithm 

has almost constant value of SDR for any variation in the 

sensor distance and gives higher value of performance 

parameter whereas ICA and hierarchical clustering algorithm 

has low values of performance parameter. But for signal 2 as 

tabulated in Table 5.5 the proposed algorithm has good 

performance result compared to other algorithms when the 

sensor distance is vary from 4cm to 12cm but after that 

performance is degraded.That can be seen clearly in Figure 6. 

 
Fig. 5: Graphical representation of obtained SDR values for 

various distance between sensors at a sampling frequency of 

8KHz for source signal 1 

 
Fig. 6: Graphical representation of obtained SDR values for 

various distance between sensors at a sampling frequency of 

8 KHz for source signal 2 

And to see the change in performance due to the 

sampling frequency, the sampling frequency is vary from 

8KHz to 14KHz whereas the distance between the sensor is 

fixed to 4cm and performance is measured and compared 

with different algorithms in terms of SDR values and results 

are tabulated in Table 5.6 for source signal 1 and for source 

signal 2 it is tabulated in Table 5.7.  And there graphical 

representation is shown in Figure 5.7 and Figure 5.8 

respectively. 

Sampling 

Frequenc

y in Hz 

SDR values in dB 

Propose

d 
ICA 

canonical 

correlation 

Hierarchica

l clustering 

8000 
246.795

2 

26.37

78 
33.1675 7.5407 

10000 
260.644

1 

68.94

93 
29.3654 3.9241 

11000 
247.305

9 

28.01

88 
24.023 61.6387 

12000 
247.059

2 

56.09

48 
24.0001 -17.8509 

13000 
245.983

5 

52.09

43 
21.9634 -6.8150 

14000 
245.622

1 

24.58

61 
25.3698 -6.2336 

Table 6: Obtained SDR values for various sampling 

frequency at a sensor distance of 4cm for source signal 1 

Sampling 

Frequenc

y in Hz 

SDR values in dB 

Propose

d 
ICA 

canonical 

correlation 

Hierarchica

l clustering 

8000 
246.390

8 

32.23

30 
38.8575 -5.8367 

10000 
266.505

8 

68.94

93 
23.7269 0.2862 

11000 
254.065

4 

43.94

80 
10.9708 0.9913 

12000 
254.016

8 

26.01

38 
27.0776 50.6343 

13000 12.4823 
38.62

55 
42.9762 48.9229 

14000 9.5690 
62.55

58 
17.1879 39.6166 

Table 7: Obtained SDR values for various sampling 

frequency at a sensor distance of 4cm for source signal 2 

From Table 6 it is observed that for source signal 1 the 

proposed algorithm has almost constant value of SDR for any 

variation in sampling frequency and gives higher value of 

performance parameter whereas ICA and hierarchical 

clustering algorithm has low values of performance 

parameter. But for signal 2 as tabulated in Table 5.7 the 

proposed algorithm has good performance result compared to 

other algorithms when the sampling frequency is vary from 

8KHz to 12KHz but after that performance is degraded.That 

can be seen clearly in Figure 5.8. 
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Fig. 7: Graphical representation of obtained SDR values for 

various sampling frequency at a sensor distance of 4cm for 

source signal 1 

 
Fig. 8: Graphical representation of obtained SDR values for 

various sampling frequency at a sensor distance of 4cm for 

source signal 2 

ICA algorithm and hierarchical clustering algorithm 

is used for instantaneous mixing but the estimated mixing 

matrix values are deviating from actual value for convolutive 

mixing model. The canonical correlation algorithm is try to 

fix the problem using correlation but the performance result 

is not up to the mark. The proposed algorithm calculated the 

accurate value of the null direction. From the results it is seen 

that the proposed blind source separation algorithm works 

perfectly when the sensor distance is vary from 4cm to 12cm 

and the sampling frequency is vary from 8KHz to 12KHz. 

II. CONCLUSION 

This paper presents a brief overview of the mixing of the 

audio signals and the separation of mixed signals into the 

original signals. By utilizing the direction of the signals, we 

have separated the mixed signals into their original signals. It 

was observed that the separated signals are same as their 

corresponding input signals. The overlapping at the output 

stage that leads to ambiguity in separation is solved. Suppose 

signal S1 and S2 are mixed in M1 and M2 mixtures, the 

mixed components of S1 and S2 will be present in both M1 

and M2. Separating from these mixtures as Y1 and Y2 

matches S1 and S2 respectively, whereas there is a ambiguity 

problem in ICA algorithm. The proposed algorithm improves 

the efficiency. This algorithm solves the ambiguity of 

permutation and amplitude, in each frequency channel; by 

finding the signal null direction. 

In this paper, the proposed algorithm is developed 

for blind source separation by estimating the null directions 

of the source signals from directivity plot, which is used to 

update the weights of the separating matrix. The separating 

matrix is obtained using hierarchical clustering algorithm. 

Results highlight that proposed algorithm is superior 

compared to ICA and algorithm given in [6]. 

III. FUTURE SCOPE 

The short comings of the work done in this area leaves us for 

a future prospect. The researchers can extend this work for 

underdetermine mixing condition, where the number of 

sources are more than the number of sensors. And for real-

time signal processing, the proposed algorithm can be 

implemented on a field programmable gate array (FPGA). 
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