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The Goal: 

Estimation of  original sound source signals from the Estimation of  original sound source signals from the 
mixed signals observed in each input channelmixed signals observed in each input channel

Possible Solutions:
Delay & Sum Beamformer with DOA estimation.
Adaptive Beamformer with DOA estimation.
Time / Frequency Domain ICA.
Combinations of the above.

IntroductionIntroductionIntroduction
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Straight Line Microphone Array
K microphones, L sources
K=L=2

Mixing Model

Source Signals
Observed Signals
Mixing Matrix

Simplified Case:

Sound Mixing ModelSound Mixing ModelSound Mixing Model
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Proposed AlgorithmProposed AlgorithmProposed Algorithm

For the learning duration:
- estimated DOA of l-th sound source.
- DOA of l-th sound source at each frequency f.
- deviation with respect to the estimated DOA.
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Subband ICA sectionSubband ICA sectionSubband ICA section

For a given frame in the st-DFT domain:
Observed Signals
Separated Signals
Unmixing Matrix

Performed for each frequency 
bin in each frame separately 
(hence the term Subband).

is calculated during a 
learning duration (offline 
learning).

)( fW
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Subband ICA section Subband ICA section Subband ICA section (continued)(continued)(continued)

Calculation of the unmixing matrix is
based upon the previous work of:

Amari, 1996 (Time domain optimization iterations)
Murata, 1998 (Frequency domain optimization iterations)

The optimal         is obtained by using the following iteration:)( fW
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Subband ICA section Subband ICA section Subband ICA section (continued)(continued)(continued)

Possible Problems (at each freq. bin):
Permutation of the source signals.
Arbitrary gain of estimated signals.

Beam Pattern:
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Subband ICA section Subband ICA section Subband ICA section (continued)(continued)(continued)

Using the Beam Pattern at each freq.
bin enables to solve the mentioned problems:

Directional nulls exist in only two particular directions DOAs
of the sound sources at each freq. bin.:

DOAs for the entire learning duration:

Resolve the ICA mixing matrix:
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Null Beamforming sectionNull Beamforming sectionNull Beamforming section

Unmixing matrix is obtained from the
constraints on the Beam Patterns, given
the calculated DOAs and under the assumptions of ideal Far-
Field with no reverberations, for each freq. bin:

)()(
m

BF fW



11

Integration, Algorithm DiversityIntegration, Algorithm DiversityIntegration, Algorithm Diversity
Select the most suitable unmixing
matrix for each freq. bin according to
the following criteria:

Changing ‘h’ yields various arrays for BSS:
h = 0 Null Beamformer
h = infinity  ICA based BSS (Murata Alg.)

The separated signals:
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Experiments and ResultsExperiments and ResultsExperiments and Results
Experiment Environment:

Microphone spacing avoids spatial aliasing (4cm, 8kHz sampling).
Reverberation in being implemented by convolving (in the time 
domain) the original source signals with the impulse response 
measured in a Reverberant room (RTs of 0mS, 150mS and 
300mS).
The mixing matrix A(f) corresponds to the frequency-domain 
representation of the room impulse responses. (                 )
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Experiments and ResultsExperiments and ResultsExperiments and Results   (continued)(continued)(continued)

Evaluation Score (for each frame):

Noise Reduction Rate

Output SNR

Input SNR

For each source the other source is regarded as interfering noise:

),()(),()(),( 2121111 tfSfHtfSfHtfS +=
Λ

),()(),()(),( 2221212 tfSfHtfSfHtfS +=
Λ

),()(),()(),( 2121111 tfSfAtfSfAtfX += ),()(),()(),( 2221212 tfSfAtfSfAtfX +=

desired signal interference desired signalinterference
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Experiments and ResultsExperiments and ResultsExperiments and Results   (continued)(continued)(continued)

NRR Results

Non-reverberant Environment
• Better results for all arrays at all learning

durations.
• The null-Beamformer is superior to the

ICA-based BSS the DOAs were estimated
correctly.

Reverberant Environment
• The null-Beamformer is superior to the other

arrays for a learning duration of 1 [Sec].
• h=2 for learning duration of 3 [Sec] and 5 [Sec]

yields the best results. This parameter will be
used in the comparison to Murata’s algorithm
results.

RT=0

RT=150

RT=300
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Experiments and ResultsExperiments and ResultsExperiments and Results   (continued)(continued)(continued)

NRR Results (continued)

h=2 

The BSS performances obtained by using the
proposed method are the same as or superior
to those of Murata’s conventional method.

The NRRs of Murata’s method degrade
markedly in the case that the learning
duration is 1 [Sec].

There are no significant degradations in the
case of the proposed method compared with
those of Murata’s method.
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Experiments and ResultsExperiments and ResultsExperiments and Results   (continued)(continued)(continued)

Word Recognition Test Results

10 sentences spoken by one speaker are
used as test data.

The improvements of the proposed
method are superior to those of the
conventional ICA-based BSS method
under all conditions with respect to both
reverberation and learning duration.

The Muarta’s Algorithm can even degrade
the results for a learning period of 1 [Sec].
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Possible EnhancementsPossible EnhancementsPossible Enhancements

Pre-Filtering in order to decrease background noise.

Post-filtering on each estimated signal.

Use different criteria for the algorithm diversity. 

Use the Beamformer unmixing matrix at ICA iterations.

Increase the array length by adding more microphones.

Perform Time Domain ICA on the estimated signals
Multistage ICA.
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Additional WorkAdditional WorkAdditional Work
Multistage ICA

FDICA
• When the number of sub-bands becomes

too large,  the independence assumption
of narrow-band signals collapses 

• Separation performance is saturated before
reaching a sufficient performance.

TDICA
• Source separation using long filter fails

because the iterative rule for FIR-filter
learning is complicated.

MSICA
• Separated signals of FDICA are regarded

as the input signals for TDICA.
• Separation performance of MSICA is

superior to those of TDICA and FDICA.
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Blind Source Separation Combining Independent Component Analysis
and Beamforming (Saruwatari, Kurita, Takeda, Itakura, Nishikawa, 
Shikano, 2003)

Blind Source Separation for Acoustic Signals based on Multistage
Independent Component Analysis (Saruwati, Nisihikawa, Shikano).

Blind Source Separation based on Fast-Convergence Algorithm using 
ICA and Beamforming for real convolutive mixture (Saruwatari, 
Kawamura, Sawai, Kaminuma, Sakata, 2002) 

An On-line Algorithm for Blind Source Separation on Speech Signals 
(Murata, Ikeda, 1998) 

A New Learning Algorithm for Blind Signal Separation (Amari, 
Cichocki, Yang, 1996)

BibliographyBibliographyBibliography
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ICA ICA ICA --- AmariAmariAmari, 1996, 1996, 1996
The Model:

Unknown source signals:
• Stationary, Moments of any order with a zero mean.

Sensor output:
Outputs:
The basic idea of the ICA is to minimize the dependency among 
the output components.
The model can obtain           not necessarily in the right order.
The dependency is measured by the Kullback-Leibler divergence 
between the joint and the product of the distributions of the 
outputs:
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The KL-divergence is minimized when the outputs are mutually 
independent.
Therefore, W is being updated along the negative gradient:

Future work has shown:

Murata, 1998
Introduced a way to solve the permutation problem based on the 
similarity among the envelopes of the estimated signals .

ICA ICA ICA --- AmariAmariAmari, 1996 , 1996 , 1996 (continued)(continued)(continued)
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Sigmoid Function in 
speech signal.
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Alternative Diversity CriteriaAlternative Diversity CriteriaAlternative Diversity Criteria
Calculate Cosine-Distance between the output signals of 
the ICA and BF.

The Cosine-Distance is being used as a way to evaluate 
independency between the output signals

Values between [0,1]. 


