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Abstract

Binaural Model-Based Source Separation and Localization

Michael I. Mandel

When listening in noisy and reverberant environments, human listeners are able to focus
on a particular sound of interest while ignoring interfering sounds. Computer listeners,
however, can only perform highly constrained versions of this task. While automatic speech
recognition systems and hearing aids work well in quiet conditions, source separation is
necessary for them to be able to function in these challenging situations.

This dissertation introduces a system that separates more than two sound sources from
reverberant, binaural mixtures based on the sources’ locations. Each source is mod-
elled probabilistically using information about its interaural time and level differences
at every frequency, with parameters learned using an expectation maximization (EM)
algorithm. The system is therefore called Model-based EM Source Separation and Lo-
calization (MESSL). This EM algorithm alternates between refining its estimates of the
model parameters (location) for each source and refining its estimates of the regions of
the spectrogram dominated by each source. In addition to successfully separating sources,
the algorithm estimates model parameters from a mixture that have direct psychoacoustic
relevance and can usually only be measured for isolated sources. One of the key features
enabling this separation is a novel probabilistic localization model that can be evaluated at
individual time-frequency points and over arbitrarily-shaped regions of the spectrogram.

The localization performance of the systems introduced here is comparable to that of
humans in both anechoic and reverberant conditions, with a 40% lower mean absolute
error than four comparable algorithms. When target and masker sources are mixed at
similar levels, MESSL's separations have signal-to-distortion ratios 2.0 dB higher than four
comparable separation algorithms and estimated speech quality 0.19 mean opinion score
units higher. When target and masker sources are mixed anechoically at very different
levels, MESSL’s performance is comparable to humans’, but in similar reverberant mixtures
it only achieves 20—25% of human performance. While MESSL successfully rejects enough
of the direct-path portion of the masking source in reverberant mixtures to improve
energy-based signal-to-noise ratio results, it has difficulty rejecting enough reverberation
to improve automatic speech recognition results significantly. This problem is shared by
other comparable separation systems.
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