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ABSTRACT

A two microphone direction of arrival (DOA) estimation tedfue
for multiple speech sources is developed which exploitsecpe
specific properties, namely sparsity in time-frequencye¢sm)
domain. For robustness, we exploit the sparsity in the Eaqu
domain by focusing on the spectral content concentratednin s
soidal tracks obtained through sinusoidal modeling. Wheittipie
speeches are mixed in the two microphone system, the interrel
phase differences (IPD) between the dual channels on thiose s
soidal tracks will be dominated by the spatial informatidntioe
most powerful source at that specific time-frequency poataoise
of the spectrum sparsity and masking effects. Thereby, dhece
localization problem is turned into a clustering problemtioa IPD
versus frequency plot, and the generalized mixture decsitipo
algorithm (GMDA) is used to cluster the groups of points eerr
sponding to multiple sources. The DOA of each source is ddriv
from the parameters of each cluster. Experimental resaitducted
show the scheme to be very effective.

Index Terms— Two microphone system, direction of arrival es-
timation, speech, sparsity, sinusoidal modeling, geim@imixture
decomposition algorithm

1. INTRODUCTION

In this paper, direction of arrival (DOA) estimation usingly
two microphones is considered, and methods in this contamt c
be broadly categorized into two classes: time domain aghem

[4] the presence of gaps in the spectrum of each source atetiff
times and frequencies is exploited and an image processatigoth
is employed to detect vertical segments in the frequencypath
difference plot to locate two sound sources. In [5], harra@uiund
stream segregation using localization is considered andughr
localization method based on harmonic streams and intemeH
phase differences (IPD) and inter-channel intensity diffiee (11D)
is proposed. The sparse speech assumption is explicittyingé]

for localization and a histogram type of method is proposdddate
multiple sources through the frequency vs. DOA plot.

In this paper, we follow this tradition and propose a two mcr
phone DOA estimation technique for multiple speech soubassd
on the speech’s sparsity attribute. Speech can be repeesewntsi-
nusoidal tracks in the time-frequency (spectrum) domaaowrting
to sinusoidal modeling [7]. An advantage of utilizing thausoidal
tracks is that they represent regions where speech enecgnéen-
trated leading to high signal to noise ratio data pointsdaifer anal-
ysis. When multiple speech are mixed in the two microphaured/d
channel system, the inter-channel phase differences (bRByeen
the dual channels on those sinusoidal tracks will be doradchaty
the spatial information of the most powerful source at thmscgfic
time-frequency point because of the spectrum sparsity askimg
effects (Sec. 2). The error between the IPD between the thaal-c
nel signals and the IPD between a source signal’s contoibsitat
the dual channels is modeled as a random variable and aistdtis
signal model for the IPD error is proposed. Thereby, thes®olo-
calization problem is turned into a clustering problem oa HRD
vs. frequency plot. Generalized mixture decompositiorotigm

and frequency domain approaches. The time domain algasithm(GMDA) is used to cluster the groups of points representingfipie

include time domain cross correlation method, averagenihage-
difference function method, LMS-type adaptive TDE aldumit
and adaptive eigenvalue decomposition algorithm assatiatth
blind channel identification (see [1] and refs. therein). e The-
guency domain algorithms include linear regression methédd
channel identification based method and the well known gdner
ized cross-correlation (GCC) family of methods, which uugs

many variations such as the smoothed coherence transftuen, t
phase transform, the maximum likelihood approach among oth

ers [2, 3, 1]. However, most of the these algorithms are baseal
single source signal model and can not effectively locatédiphel
sources. It is shown that speech specific attributes, naspay
sity in time-frequency domain, can be utilized to locate tipie
speech sources using two microphones [4, 5, 6]. For instance
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sources. The DOA of each source is derived from the paramefer
each cluster. Depending on inter-microphone spacingiadzdias-
ing effect is taken into consideration by proper phase uppiray. A
minimum description length (MDL) algorithm is used to det@re
the number of sources. Experimental results conducted asinate
the efficacy of the proposed method.

2. TWO MICROPHONE DOA ESTIMATION FOR
MULTIPLE SOURCES

2.1. Single Source Scenario

We first describe two microphone based DOA estimation udhigy |
for a single source to motivate the proposed method. Assyiain
far field source scenario, a simple DOA estimation algoritisimg
two microphones can be developed based on inter-channst plifa
ference (IPD). Denoting the desired source signak[ay, the dual



channel discrete signals [k] andzz[k] can be expressed as,

z1[k] = s[k] + na[k]
zalk] = slk — 7] + na[k]

(1a)
(1b)
wheres[k — 7] represents a delayed version k], 7 is the time
delay of the desired source; [k] andn.[k] represent ambient noise
and more generally also include interference signals.

The short time discrete Fourier transform (DFT)aaf[k] and
z2[k] is denoted byX; (w) and X2 (w) respectively.

X1 (@) = 5() + Ni(w)
Xo(w) = S(w)e 7“7 4+ No(w)

(2a)
(2b)

wherew represents angular frequency(w) is the DFT of s[n],
Ni(w) and N2 (w) represent DFT ofi1 [k] andnz[k] respectively.
The IPDy x (w) between the two channels is,
Px (W) = £X1(w) = £X2(w) @)
and is constrained to be in the ranger, 7] after mod(2x) oper-
ation. /X, (w) and / X2 (w) is the phase of; (w) and X2 (w) re-
spectively. IfN1(w) and N2 (w) have much smaller magnitudes than
the magnitude of(w), then

Yx (w) = wr + 2mn + v(w) 4)
where2mn represents possible phase unwrapping:) denotes IPD
error, which represents a zero mean noise term. A similal-pro
lem is considered in noncoherent detection in communicatidere
a Gaussian distribution is proposed to approximate thegtmtty
density function (PDF) ob(w) at high SNR. In this work we pro-
pose to approximate the PDF of the IPD ers¢w) by a zero mean
Gaussian or Laplacian random variable. Laplacian didiobuis
considered because of its robustness to outliers. The DOAeof
desired source can be derived from the following equation,
T =dsinf/c 5)
where d represents inter-microphone distance, ¢ the sopmeds
andd the DOA of the desired source.

Using the IPDs at different frequenciesand different frames,
linear regression method can be employed to estimate tpe sib
curve IPDvyx (w) with respect tav in the IPD vs. frequency plot,
thereby estimating the DOA of the source. To enhance robasin
it is useful to account for the SNR at each frequency and frante
it is preferable to use only those data points with high SNife h-
clusion of only reliable points in the estimation will be angortant
component of the method proposed in the paper.

The above DOA estimation method based on IPD performs wel
when there is only one source and the SNR is high. It is unabl

to locate multiple sources particularly when there are ipleltvhite
sources with similar power level. Expanding the signal nhatlewn
in Eqg. (2) to multiple sources, it can be readily seen thaiéfé are
two sources with similar power the IPDx (w) in Eq. (3) does not
have any simple relationship to the DOA of either source.

2.2. Multiple Source Scenario

We now develop a method for the multiple source DOA estinmatio
that exploits source specific knowledge and attempts taonréte
simplicity of the IPD technique. The speech signal has aiapec
property, namely sparsity in time-frequency domaparsity in

time domain. Natural speech generally has many short pauses and

silent segments, which may occupy more than half of the tote.
Sparsity in frequency domain The signal power of speech is not
equally distributed across the whole frequency range. Baed
speech, the signal power is concentrated on a set of equialy d
tributed discrete frequency points, i.e. harmonics of tiehpfre-
quency [7].

Collectively the above two attributes make the speech sound
sparse in the time-frequency domain. When a recording con-
tains multiple speeches, at a specific time-frequency pdiere
is a high likelihood that at most one source is dominating (in
power) and the contributions from other sources is nedbgib
As a consequence, the IPPx(w) (Eqg. (3)) will be dominated
by the IPD ¢ g(w) of the dominating sourceys(w) is defined
as the IPD between the source’s contribution at the two aklann
Ps(w) = £S(w) — Z{S(w)e™ 7} = wr. So the IPDyYx (w)
contains DOA information of the dominating source at thateti
frequency point and can be used for DOA estimation. This is
denoted as masking effect in this paper.

Speech’s sparsity attribute and the masking effect cordbine
leads to the idea of DOA estimation using only points withhhig
local SNR in the time-frequency domain, i.e. DOA estimatiased
on sinusoidal modeling [7]. In [7], it is observed that sgeesu-
ally has power focused on a set of discrete frequencies amthea
modeled by a set of sinusoidal tracks. Sinusoidal trackslefieed
to be continuous local peaks in the time-frequency domaiithwvh
satisfies a set of constraints. By the sparsity and maskinypgepties
of speech signals, the sinusoidal tracks extracted fromcbaanel
of a mixed signal (can be either left or right channel) can pe a
proximated as a disjoint union of the sinusoidal tracks freach
of the different source signals, i.e. a track of the mixedhaigan
be associated with one of the source signals. This assutisgi
not known and will be dealt with in the next section. When two
or more sources have similar power level at a time-frequemeg,
the interaction between source signals will cause the miigual
X (w) to fluctuate frequently resulting in no sinusoidal trackshie
corresponding time-frequency area. The points on the sidabk
tracks will implicitly has high SNR.

We propose to use the IPPx (w) between the two channels on
points of the sinusoidal tracks for multiple sources DOAreation.

As an example, the IPB x (w) on points of the sinusoidal tracks is
plotted in a IPD vs. frequency plot (Fig. 1 (a)). For compamisthe
IPD ¢ x (w) on all spectrum points is also plotted (Fig. 1 (b)). The
DOA of the two speech sources &@ and—45° respectively. The
inter-microphone spacing i&:m. There is no spatial aliasing [3] in
this example. From Fig. 1 (a), it is clear there are two chssté
points which can be fitted by two lines. This represents twoces
and the DOA of the two sources can be derived from the slopof
wo lines. When the IPD)x (w) for all spectrum points is plotted
;Fig. 1 (b)), the cluster information is obscured and ovesinied by

oise although some cluster information can still be deddoem
the plot.

In summary, the steps of the proposed dual channel multiple
speech sources DOA estimation method are enumerated:

1. Calculate the time-frequency spectrif(w) and Xz (w) of
the two microphone signals using short time DFT.

2.

. Calculate the IPD)x (w) between the two channel signals
X1(w) and X3 (w) on points of the sinusoidal tracks.

. Cluster the points on the IPD vs. frequency plot, emplog li
fitting techniques to fit set of lines and derive DOA of sources
from the slopes of the lines.

Extract sinusoidal tracks from one of the two channels.

w
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Fig. 1. Inter-channel phase difference vs. frequency, 2 sources

The last step, clustering and line fitting techniques, iswlised
in the following section.

3. CLUSTERING AND LINE FITTING

3.1. Generalized mixture decomposition algorithm

This section describes a procedure that does the clustenicidine
fitting jointly. For this purpose, the IPD erref(w) in Eq. (4) (the
distance from a data point to the center of its underlyingtely i.e.
a line) is modeled as a Gaussian or Laplacian random varigble
mixture model is then employed to fit the data and the gerzedli
mixture decomposition algorithm (GMDA) [8] is used to cleisthe
data.

Assume there aren clusters,Cj,j5 = 1,..,m, i.e. m speech
sources, anar is assumed to be known. Assume there Arelata
pointsy;,: = 1,..,N. Each data poiny; is a 2-dimension vec-
tor which denotes a point on the IPD vs. frequency pjat, =
[w,¥x (w)]". A mixture model can be used to fit the data points.
Each component of the mixture is associated with a line. T&e d
tance from each data point to its underlying line is modeledch a
random variable with the PDy{y;|C}; 6,), where@; is the param-
eter vector characterizing the line corresponding tojtftecluster.
The parameters of the mixture model are learnt from the daitep
using the maximum likelihood approach. The complete Exqignt-
Maximization (EM) algorithm herein is the generalized me de-
composition algorithm (GMDA) [8]. The GMDA in [8] is very gen
eral and to get more specific update rules for the GMDA, anieixpl
form for the PDF(y;|C;; 8;) is necessary. As previously discussed
in Sec. 2, an appropriate form is either a Gaussian distoibudr
Laplacian distribution (see [9] for more details).

3.2. Clustering and line fitting under spatial aliasing sceario

In the previous discussion, it is assumed the inter-miocvoptspac-
ing is small such that there is no spatial aliasing [3]. Oneneple
IPD vs. frequency plot under such scenario is shown in Fig)1 (
With the increasing of the inter-microphone distance gpatiasing
may exist. Fig. 2 (a) shows the IPD vs. frequency plot for thme
scenario as in Fig. 1 (a) except that the inter-microphoreisg is
increased td2cm. Recall the IPD on the original IPD vs. frequency
plot is always confined to be in the range[efr, w]. Two sources
can still be observed in Fig. 2 (a), however, the two linesegsgnting
the two sources are broken into parallel segments becayseasé
wrapping effect. The two lines are easier to be observed iflove
phase unwrapping and move the broken line segments paraifel
properly. This is shown in Fig. 2 (b). Note that the phase ibbnger
confined to—m, ].

The GMDA is now modified to handle spatial aliasing properly.
Define a new IPD)Yy (w) = ¥ x (w) + 27n, where n is integer and
27n represents possible phase unwrapping. After appropriesep
unwrapping, the new data poigt = [w, ¢ (w)]” will lie around
its true underlying line. We propose to choose the phaseappimg
which yields the biggest probability for the observed daimp If
the PDF of observing data poisgt; given j*" cluster is chosen as
Gaussian, denote

. 1 (yi2 + 20 — ajyi1)?
n’ = arg max exp{—~-2= : ,
gma /_271'0]* p{ 20]2 }
j=1.,m (6)
J = argmaxp(yi|C;; 0;) @)

. . . H _ J1T
In previous discussion of GMDA, the number of sources, andheny; is chosen ay; = [w, ¥x (w) + 2an”]".
hence the number of clusters is assumed to be known. However,

the number of clusters is not known in reality and has to be est
mated from the data. This is the model selection step. SildBA&s
falls into the maximum likelihood framework, minimum degtion
length (MDL) method can be used to estimate the model order.

4. EXPERIMENTS

Simulation was conducted to demonstrate the performandheof
proposed algorithm using speech sourcEgsample 1There are 2
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Fig. 2. Inter-channel phase difference vs. frequency, 2 souspadial aliasing scenrio

speech sources with DOA ef45° and—50° respectively and inter- . . ) .
microphone spacing afcm. If we choose the Gaussian PDF model Taple L .ESt.'matEd DOA for various configurations
for the IPD error term, the estimated source number is 3 am@sh Configuration index 1 2 3
timated DOASs aré—50.00°, —44.96°, —54.80°). If choose Lapla- True DOA | Sourcelp 07 407 757
cian distribution instead, the estimated source numberas®the source 2 50 450 800
estimated DOAs ar¢—49.86°, —45.16°). This example demon- | Estimated DOA| SOUrce 1 0-080 40-130 75-150
strates the GMDA method with Gaussian PDF model may overest source 2| 4.85" 44.78" 79.74
mate the number of sources when the sources are spatiadiglglo

distributed. As is known, the Gaussian PDF model is semsttiv

outliers in model learning. On the other hand, the Lapladiatri- Signal Process,, vol. 2006, no. 1, pp. 170-170, 2006.
bution for the IPD error term has a heavier tail and is moreisbbo ~ [2] C. Knapp and G. Carter, “The generalized correlationhodt

outliers. In the rest of the experiments, due to space ltiaita, only for estimation of time delayAcoustics, Speech, and Signal Pro-
results with the Laplacian PDF model are presented. cessing, |EEE Transactions on, vol. 24, pp. 320-327, Aug 1976.

Example 2 There are 2 speech sources and the inter-microphong] H. L. V. Trees,OptimumArray Processing. Wiley-Interscience,
spacing isl2cm, Table 1 illustrates the true DOA of the sources and ~ 2002.

the estimated DOAs for a variety of source configurationse gt [4]
sults demonstrate the proposed algorithm’s to be quitabrieli

Example 3 There are three sources with DGA°, 0° and —45°
respectively. The inter-microphone spacing 2&m. The estimated

D. Banks, “Localisation and separation of simultanevoikes
with two microphones,"Communications, Speech and Vision,
IEE Proceedings |, vol. 140, no. 4, pp. 229-234, Aug 1993.

DOA of sources ar¢60.20°, 0.09°, —45.09°). [5] T. Nakatani and H. G. Okuno, “Harmonic sound stream seg-
Example 4 In this experiment, the robustness of the proposed al- ~ "€gation using localization and its application to speeoasn
gorithm to the ambient white noise level is illustrated. higcal segregation,Speech Commun., vol. 27, pp. 209-222, 1999.

SNR on points of the sinusoidal tracks is expected even tindg [6] C. Liu, B. C. Wheeler, W. D. O'Brien, Jr., R. C. Bilger,
global SNR across the whole spectrum might be low. Therefore  C. R. Lansing, and A. S. Feng, “Localization of multiple sdun
good DOA estimation would be expected even when the whitgenoi sources with two microphones&coustical Society of America
level is high. When the SNR is higher than 10 dB, the DOA estima  Journal, vol. 108, pp. 1888-1905, Oct. 2000.

tion is found to be quite accurate with the average DOA estna  [7] R. McAulay and T. Quatieri, “Speech analysis/synthézised
lower than0.5°. However, when the SNR is reduced to 0 dB, the * o 3 sinusoidal representatiortoustics, Speech, and Signal

DOA estimation error is large. This is a consequence of theréa Processing, |EEE Transactions on, vol. 34, pp. 744—754, Aug
of the sinusoidal track extraction program used to pick uptthe 1986.

fégﬂig'gghtgicrsugg?] tFQG] spectrum. More details and éxjeert [8] S. Theodoridis and K. KoutroumbaRattern Recognition, Third
’ Edition. Orlando, FL, USA: Academic Press, Inc., 2006.

[9] W. Zhang and B. D. Rao, “A two microphone based approach fo
direction of arrival estimation of multiple speech sourtesb-
mitted to Audio, Speech and Language Processing, | EEE Trans-
actions on.
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