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Abstract

In this paper, a novel Expectation-Maximization algoritfon estimating the time-delay-of-arrival of
multiple non-stationary sound sources in non-stationavenberative acoustic environments, is presented.
Motivated by the success of the phase-transform/histotpasad approaches of Aarabi [2, 3], the algorithm
operates by learning a probabilistic relationship betwisenlatent TDOAs and the observed microphone
phase over a small collection of short-time DFTs, and in tfeegss automatically estimates the TDOA
posterior over the collection of DFTs, of each individualDBnd also provides a measure of the frequency
content of each sound source. Experimental results denapmghat the algorithm performs as well as
the Histogram techniques of Aarabi [2, 3], which have dertratsd until now unmatched results for the
problem of acoustic TDOA estimation in natural environnserithe model is generative an parametric and
thus can potentially be seamlessly fused with probalilidéscriptions of speech production and mixing

such as defined in [10], to achieve enhanced speech separapability.

1 Introduction

The problem of estimating the time-differences of arriveDQAS) of one of more underlying sources at a
pair of transduction points is a fundamental one, lying atttbart of many problems in the areas of commu-
nication, control, and tracking, to name but a few.

Here we consider one of the most challenging manafestatibtise TDOA estimation problem; the
problem of recovering the TDOAs of multiple, potentiallyrailtaneously active, non-stationary, acoustic
sources, situated in a highly, non-stationary, reverbera&nvironment. This is the general acoustic source

TDOA estimation problem in its most general, and most tyldfiman.

*based upon a course project completed in December 2003



The acoustic source TDOA estimation problem is fundambrdéficult and open one, and represents a
severe bottleneck to be overcome in the realization of todmsnd localization engines, which, in addition
to applications where the position of one or more sound ssufgpeakers) is directly desired, are a critical
component of a growing family of speech enhancement andamatechniques that utilize information
about speaker postion to achieve enhanced performanc&]10, 9, 11, 4].

So, what makes this problem so difficult to solve? The firstamdjfficulty is environmental acoustic
reflection. For a given sound source at a given position aightation, the relationship between the source
signal and an transduction of it are approximately relatg@ mon-trivial linear convolution. The further
away, the transduction point, the higher the relative isitgrof the multipath. Unfortunately the relating
convolution is a highly non-stationary function of the tala postion and orientation of the sound source
(Brandstien has shown that changes in source position ®ttes 2 inches, and orientation of less than 10
degrees, affect the dominant peaks of the relating conealdtramatically [7]) and so cannot be reasonably
calibrated or learned.

Another major difficulty is that multiple sound sources aemgrally simultaneously active, making the
effective noise level in the estimation of the TDOA of a gisenurce extremely high. In addition, most sound
sources of interest (speakers) are generally spatiallpmiyey and have non-stationary output (in particular,
they are not always speaking), and so short analysis winduowes be used, and the TDOA of a given source
can generally not be 'tracked’. A final major difficulty is thgenerally little or no information about the
configuration of the sound sources of any kind is available.

The call for a reverberation tolerent, multi-source capaliDOA estimation algorithm that is applicable
given the above difficulties is a tall one, but progress hanbmade. Aarabi’s phase-transform/histogram-
based TDOA estmation algorithm embodies both past histbaidvances [8, 4] and the current state of the
art[2, 3, 6, 5] in TDOA estimation, and will be decribed bryefflere.

Aarabi’s technique is foundationed on applying the phaaesfiorm in the frequency domain over short
(e.g. 20ms) segments of the microphone readings, to obfmimaestimate of the underlying TDOA of each
frame, and then histogramming the point estimates over davirof segments (eg. 20) to obtain an estimate
of the posterior over TDOA space.

The phase transform-based estimate of the TDOA of a givameegis given by:

T* = argmaz, Z cos(WT — Pyy) (1)

whereg,, is the phase difference between the DFT of the two microplobservations at frequenay, and
the maximum is generally taken over a dicrete §e}. In reverberative environments, the simple phase

transform is the best known estimator of the MAP TDOA of a seghof speech, operating in the frequency



domain to make the dominant TDOA more dicernable, and gieimth frequency equal weight. The phase
transform in reverberative environments actually degser than a maximum likelihood weghted version of
the above, even when the SNR at each frequency is (artificiaiumed) to be known [2].

Histogramming over a short window of (active) segments,stimate of the posterior over TDOA space
is obtained. The key here is the utilization of short segmémtake advantage of diversity in the dominance
of the underlying sound sources over time to identify theartyihg TDOAS, and then histogram the result.
This algorithm seems exeedingly simple, but it is the besDAestimation engine developed to date, and
it operates at real-time speed. Note that it is the recovégy probability distribution over TDOA space
that makes the technigque so powerful. Because environinemnaitions are generally so severe that a
consistently good point estimate of a given source TDOA ispossible, it is the fusability of the obtained
TDOA estimations over an array of microphones that is @itio obtaining a good estimates of the location
of all underlying sources. In particular, a fusion of greddyOA estimates from a given set of microphone
pairs will not generally be consistent.

In this paper, a novel Expectation-Maximization algoritfon estimating the time-delay-of-arrival of
multiple non-stationary sound sources in non-stationavgtberative acoustic environments, is presented.
Motivated by the success of the phase-transform/histopessad approaches of Aarabi [2, 3], the algorithm
operates by learning a probabilistic relationship betwienlatent TDOAs and the observed microphone
phase over a small collection of short-time DFTs, and in trec@ss automatically estimates the TDOA
posterior over the collection of DFTSs, of each individualDBEnd also provides a measure of the frequency
content of each sound source. Experimental results denadmshat the algorithm performs as well as the
Histogram techniques of Aarabi [2, 3], which have demomstrantil now unmatched results for the problem
of acoustic TDOA estimation in natural environments. Thelglas generative an parametric and thus can
potentially be seamlessly fused with probabilistic dgg@ns of speech production and mixing such as

defined in [10], to achieve enhanced speech separationitigpab

2 An Expectation-M aximization Algorithm for TDOA estimation

In this section we utilize the ideas of the Aarabi’s TDOA ewttion algorithm and formulate a generative
probability model that relates the latent TDOA space to aseoked collection (window) of of phase differ-
ence vectorg¢} defined in the frequency domain.

Here we model the TDOA space as discrete (as Aarabi did), atehthe generation of each observed

vectore, as a two stage process:

1) The selection of a TDOA from the distributigiir) = 7,



2) Conditioned orr sampling from the distributiop(¢|7) = N (wt, X)

whereX is taken to be diagonal, and so the probability of the gt is being modeled by a mixture
of diagonal covariance gaussians. The joint probabilityhefobserved collection of phase difference vectors

under this model is given by:
p{o}) =D mN(wr 2 (2)
t T

And so the estimation of the posteriorofs transformed into a maximum likelihood parameter estiomat
problem inm. andX.

The following EM updates may be iterated until convergencefixed point, to identifyr.., X:

E Step: Estimate the posteriorofor each phase difference vector based on the currentgetiiir, and:

, 7 N(wT,X)
= 3
p(7t|¢t> ZTt’ 7_‘_7_]\[(‘)‘/,7_7 E) ( )
M Step: Update the parameter estimates, based on new jpo$teri:
1
=7 ) _p(rley) 4)
t
2w7w _ Zt p(7t|¢t)/(w7_ - ¢w,t)2 (5)

Zt p(7ildy)’
Note that the difference operator in the last equation malstuéate the unwrapped difference between
ande,, ;.

The estimation process, one converged, yields a posteriordver the window, a posterior forfor each
frame, and the conditional variability @ givenr, 3, which can be used as an indicator of the frequency
activity of a postulated sound source with TD@AThe algorithm can be viewed as a probabilistic version
of Aarabi’s histogramming technique, where instead f¢ estimate of the TDOA of each segment is taken

into consideration in forming an estimate of the posterfor over the window.

3 Experimental Results

Itis not immediately clear how to assess the performancé/ehgl DOA algorithm in isolation under severe
conditions, because, as discussed in the introductios tita fusability of the TDOA information provided

by a given algorithm that it most fundamental, as the estomatonditions are generally very severe. One



could quantify the fidelity of the posterior estimaterobia the Kullback-Liebler divergence of the estimate
from the true posterior, but in this case, this is not a fdagilbeasure of fusability; as the true posterior is
zero almost everywhere. Instead we will quantify fusaplhiy comparing the average posterior foover all
estimation windows, to the true posterior for stationamyrebsources.

Figure 1 depicts a plot of the average posterior estimate @ver 500 estimation windows, for both
Aarabi’s histogram method, and the EM algorithm developeré ffor the case of 1 stationary speaker situated
at approximately 1.3m from the center of a microphone pain witra-distance 0.2m, in a reverberent room
(reverberation time approx. 200ms), at a delay of -8 sampiese we can see that both estimates of the
posterior have large probability alias at -3 samples, aadtstogram approach has large probability alias at
the endpoints of the TDOA range.

Figure 2 depicts a plot of the average posterior estimate aver 500 estimation windows, for both
Aarabi’s histogram method, and the EM algorithm developeckhfor the case of 2 stationary speakers
situated at approximately 1.3m from the center of a micrayghpair with intra-distance 0.2m, with each
microphone corrupted by 0dB IID gaussian noise, with thekpes at TDOAs of 4 and -3 samples. Here we
can see that with no reverberative noise corruption, bathrigues are able to recover good estimates of the
true TDOA density.

Figure 3 depicts a plot of the average posterior estimate @fer 500 estimation windows, for both
Aarabi’s histogram method, and the EM algorithm developem hfor the case of 2 continuously speaking,
stationary speakers situated at approximately 1.3m frecémter of a microphone pair with intra-distance
0.2m, in a reverberent room (reverberation time approx.n&)Qwith the speakers at TDOAs of 4 and -3
samples. Here we can see that both TDOA estimation algosithenform very poorly, and the cummula-
tive multipath of both sources at delay -1 samples is dormigahe estimate of the posterior under both
methodologies. Obviously this information is no longerfukéor fusion.

The results show that the derived EM algorithm for TDOA estilon performs on par with Aarabi’s
histogram- based approach, which as previously mentiatedthes the current state-of-the-art with regard
to TDOA density estimation for subsequent informationdnsiAs mentioned previously, the EM algorithm
developed here additionally provides a posteriorifdor each processing frame, and also a measure of the
frequency content of each source over the processing windibe model is generative and parametric and
thus can potentially be seamlessly fused with probaluliddscriptions of speech production and mixing
such as defined in [10], to achieve enhanced speech sepacafability. Note that in these experiments
the speakers were spatially stationary, so as to make amgrtge posterior over all windows of algorithm
application meaningful. In all the presented experimehts processing window was defined over 20 20ms
processing frames. Both algorithms are hence applicaliteetestimation of the TDOAs of non-stationary

sound sources whose spatial evolution over this lengtharfgesing window is essentially negligible.
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Figure 1: Plot of the average posterior estimaterofver 500 estimation windows, for both Aarabi’s histogranthme, and the EM
algorithm developed here, for the case of 1 stationary speatuated at approximately 1.3m from the center of a mivooe pair with

intra-distance 0.2m, in a reverberent room (reverberdtioa approx. 200ms), at a delay of -8 samples (Fs = 20 kHz)
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Figure 2: Plot of the average posterior estimateradver 500 estimation windows, for both Aarabi’s histograntime, and the EM
algorithm developed here, for the case of 2 stationary sgealtuated at approximately 1.3m from the center of a rpluoae pair with

intra-distance 0.2m, with each microphone corrupted by DDRBjaussian noise, with the speakers at TDOAs of 4 and -3 Enfps =
20 kHz)
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Figure 3: Plot of the average posterior estimaterof/er 500 estimation windows, for both Aarabi’s histograntimod,
and the EM algorithm developed here, for the case of 2 statyospeakers situated at approximately 1.3m from the

center of a microphone pair with intra-distance 0.2m, invereerent room (reverberation time approx. 200ms), wigh th
speakers at TDOAs of 4 and -3 samples (Fs = 20 kHz)

4 Concluding Remarks

In this paper, a novel Expectation-Maximization algoritftumestimating the time-delay-of-arrival of multiple
non-stationary sound sources in non-stationary revetiberacoustic environments, was presented. Experi-
mental results demonstrate that the algorithm performsedisas the histogram-based techniques of Aarabi
[2], which have demonstrated until now unmatched resultshfe problem of acoustic TDOA estimation in
natural environments. The model is generative and paraaetd thus can potentially be seamlessly fused
with probabilistic descriptions of speech production ariding such as defined in [10], to achieve enhanced
speech separation capability. Possible directions oféutork include the modification of the probability
model to model the emission of multiple sound sources in argprocessing frame, and the incorporation of
the presented work into a probabilistic sound localizadngine.
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