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INTRODUCTION

 Cocktail party problem: 
 Sound source localization 
 Sound source separation

 General solutions:
 Computational auditory scene analysis (CASA): 

inspired by human auditory system 
 Blind source separation (BSS): based on statistical 

properties of the sources



IMPORTANT ISSUES
 Under-determined case (the number of sensors 

less than that of sources):
 BSS approaches failed
 Sparseness assumption for speech signals in time-

frequency domain 
 Reverberation (reflections from surfaces)

 convolved by room impulse response 
 Temporal masking 
 Degraded localization

 Closely spaced sources
 Especially for localization



BINAURAL CUES
 Human performance as the upper limit
 Interaural level difference (ILD)
 Interaural phase difference (IPD) 
 short time Fourier transform (STFT)
 Sparse assumption: 

 at each time-frequency (T-F) unit only 1 source is dominant
 Model the cues for each source by Gaussian 

distribution (Mandel et al. 2010)



STATISTICAL CUE

 Under-determined Blind Source Separation 
(BSS)(Sawada et al. 2011)

 Dividing the observation vectors into N clusters 
(N: the number of sources)

 Mahalanobis distance



COMBINED METHOD

 To get the advantage of 
both methods:
 Binaural based methods 

degrade in closely spaced 
sources

 BSS degrades in high 
reverberation

 BSS has permutation 
problem

 Energy from reverberation 
is assumed to be from an 
imaginary source (garbage 
source) based on diffused 
sound field



PARAMETERS OF THE SOURCE MODELS

 Find the model parameters which fit the observations 
best (Maximum likelihood) 

 Expectation Maximization (EM) algorithm to estimate 
the parameters iteratively

 Probability of each source being dominant at each 
time-frequency (T-F) unit as a soft mask



EXPERIMENTS
 15 utterances were chosen randomly from the 

TIMIT dataset
 4 different rooms, A, B, C & D, (Hummersone, 

2010) with different reverberation time: T60={0.32 
s, 0.47 s, 0.68 s, 0.89 s} 

 Different configurations: angular spacing {10°, 15°, 
30°, 40°, 45°, 50°, 60°, 70°, 75°, 80°,85°, 90°}

 Two & three sources
 15 different sets of mixtures
for each configuration and T60 θ

1.5 m
target

S2

S3



RESULTS

 Frequency independent parameters 
 Only 1 interfering source 
 More significant improvement for smaller angular displacement
 Reduced random error (variance) 
 Interestingly the performance for room C is better than that for D?!



RESULTS

 Frequency independent parameters 
 2 interfering source & target (underdetermined)
 Reduced random error (variance) 
 Interestingly the performance for room C is better than 

that for D?!



FUTURE WORK

 As seen in the results the performance for closely 
spaced sources still needs to be improved

 It might be due to the localization based 
initialization

 Subjective evaluation such as Perceptual 
Evaluation of Speech Quality, or PESQ
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ANY QUESTION?
Thank you so much for listening


