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Abstract

This paper presents a Bayesian extension of MUSIC-based
sound source localization (SSL) and tracking method. SSL
is important for distant speech enhancement and simultaneous
speech separation for improving speech recognition, as well as
for auditory scene analysis by mobile robots. One of the draw-
backs of existing SSL methods is the necessity of careful param-
eter tunings, e.g., the sound source detection threshold depend-
ing on the reverberation time and the number of sources. Our
contribution consists of (1) automatic parameter estimation in
the variational Bayesian framework and (2) tracking of sound
sources with reliability. Experimental results demonstrate our
method robustly tracks multiple sound sources in a reverberant
environment with RT20 = 840 (ms).

Index Terms: simultaneous sound source localization, MUSIC
algorithm, variational Bayes, particle filter

1. Introduction

Auditory information holds an important place in the human
perception. Needless to say oral speech as a communication
channel, humans perceive audio signals emitted by surrounding
objects to understand their situation. For example, the sound of
footsteps may inform people that somebody is approaching or
moving away without any glance. Achieving a computational
auditory function will help people, especially hearing-impaired
people, to have enhanced auditory awareness by showing tra-
jectories of audio sources or presenting enhanced speech sig-
nals [1].

Sound source localization (SSL) is the most fundamental
and important function for distant speech enhancement and si-
multaneous speech separation using a microphone array [2],
presentation of sound sources to the operator of a tele-presence
robot [3], and the detection and mapping of sound sources by a
mobile robot [4]. Figure 1 illustrates a robot standing in an audi-
tory dynamic environment. There may be moving and multiple
sound sources surrounding the robot or the microphone array
system. These system should robustly localize and track each
sound source without a time-consuming parameter tuning.

For SSL with a microphone array, two methods have been
widely exploited; beamforming [5] and multiple signal classifi-
cation (MUSIC) [6, 7, 8]. Between these two methods, MU-
SIC is said to produce better SSL performances because the
evaluation function for the direction of arrival detection called
MUSIC spectrum has much sharper peaks at the directions of
sound sources than the evaluation function of the beamforming
method. Furthermore, MUSIC is capable of detecting multiple
sound sources on condition that the number of sound sources is
less than that of microphones.

In the frame work of MUSIC-based SSL, the threshold
should be carefully set for the MUSIC spectrum to detect active
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Figure 1: Sound source localization in a dynamic environment

sound sources. The problem is that this threshold is inevitably
dependent on the number of sound sources and the reverberation
time of the environment. The estimation of the number of sound
sources have so far been tackled with Akaike information crite-
rion [8] or a support vector machine [9]. However, an elaborate
setting of the threshold is still necessary for the robust detection
and tracking of sound sources. Typically, the threshold should
be empirically tuned by looking into the MUSIC spectrum of
the recording of the environment in question.

This paper presents a Bayesian extension of MUSIC-based
multiple sound source localization and tracking. This method
dispenses with most parts of the manual and empirical pa-
rameter tuning that is critical to existing frameworks. Our
method consists of two stages: (1) The parameters for the lo-
calization and tracking are automatically estimated using a pre-
recorded audio signal as the learning data based on the vari-
ational Bayesian hidden Markov model (VB-HMM) [10]. (2)
Our method incrementally localizes and tracks multiple sound
sources with previously estimated parameters based on a parti-
cle filter [11].

2. MUSIC-based SSL

This section specifies the problem and explains the MUSIC al-
gorithm in general. We assume the SSL problem on the azimuth
plane using a circular microphone array, as illustrated by Fig-
ure 2. In our configuration, the localization resolution is set 5
(deg). The problem statement is given as follows:

Input: M-channel audio signal, D transfer functions ! for
each direction and frequency bin,

Output: N directions where sound sources exist,
Assumption: the maximum number of sources is less
than the number of microphones (N < Nyux < M).

D = 72 in our implementation since the localization resolution is 5
(deg) in Fig. 2
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Figure 2: SSL on the azimuth plane using an 8-channel MEMS
microphone array on a mobile robot called “Kappa”. The direc-
tions of sound sources are localized as blue arrows show.

Here, we briefly outline the procedures of an ordinary MU-
SIC algorithm. Detailed explanation is provided in [6, 8]. The
MUSIC algorithm is applied in the frequency-time domain 2.
Let x¢ ¢ denote the amplitude of input M-channel audio signal
at time 7 and frequency . For each frequency w and time ¢ at
AT interval, (1) the correlation matrix R, ¢ of the input signal
is calculated. (2) Then, the eigenvalue decomposition of R, ¢ is
obtained. (3) Finally, the MUSIC spectrum is calculated using
the eigenvectors and the transfer functions.

(1) The correlation matrix is calculated by averaging over
observed samples for AT (sec) as follows:

e Z X7,0X7.0>
AT T=t—AT

where H is the conjugate transpose operator. The vector Xz ¢

has M elements corresponding to each channel.
(2) The eigenvalue decomposition of R; ¢ is given by

Rt,co = Et,er,a)Et,w (2)
where E, ¢ is the eigenvector matrix and Q; ¢ is the eigenvalue
matrix. The column vectors of E; (, are the eigenvectors of R, g,
that is, E;.o = [e/ , ... €%)]. Q0 is a diagonal matrix with

Rio= ey

eigenvalues of R, g, that is, Q¢ = diag(q}ﬁw . q",). The
eigenvectors are arranged in descending order.
When we observe N sound sources, eigenvalues from ¢/

to ¢V, have larger values corresponding to the power of each

sound source; whereas the rest qf\f slto q¥,, have smaller values
corresponding to the power of microphone measurement noises.
The important feature of the eigenvalues is that the noise eigen-
vectors ef\_’ S Y ...,ef‘f’w are orthogonal to the transfer function vec-
tors that éorrespond to the directions of sound sources [6].

(3) The MUSIC spectrum is calculated as:
laf (@)aq ()]

Z%:Nm,ﬂ ||a§(w)e§'fw\| 7
where a,;(®) is the M-dimensional transfer function for the dth
direction and frequency w. These transfer functions are mea-
sured in advance as a calibration of the microphone array. When
we assume the maximum number of sound sources Ny, the
eigenvectors ef%‘”“ through e, are orthogonal to the transfer
functions a, (@) with the direction d where sound source exists.
Thus, the denominator in Eq. (3) becomes close to zero at d; in
other words, a salient peak of the MUSIC spectrum P(¢,d, ®)
is observed at d. However, in practice, the peaks in the MUSIC
spectrum are smoothed partly because the reverberation in the
environment virtually adds sound sources from all directions.

P(t,d,») 3)

2The short-time Fourier transform is carried out with the sampling
rate 16,000 (Hz), the window length 512 (pt), the hop size 160 (pt).
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Figure 3: Blue: histogram of logarithmic MUSIC spectrum;
Red: a Gaussian for non-active direction; Green: a Gaussian
for active direction.

To account for a range of frequency bins, we integrate the
MUSIC spectrum for each w as follows:

Opmax

L

WO=Wpin

Pl(r.d) = 4t oP(1,d,0), “)
where q,l,w is the largest eigenvalue at frequency . To target at
speech signals, we set @i, = 500, Wy,qc = 2800 (Hz).
Basically, we can carry out a localization by detecting the
direction d with P'(t,d) > Py, Where Py, is the threshold
to determine whether a sound source is active. Since Pyp,y 18
dependent on N, and the reverberation, this threshold is set

empirically.
3. Bayesian SSL And Tracking

This section presents our Bayesian extension of MUSIC-based
SSL and tracking method. Our method consists of two steps:
(1) off-line posterior estimation with the variational Bayesian
hidden Markov model (VB-HMM), (2) on-line tracking of mul-
tiple sound sources using a particle filter. The point in the HMM
is that the state vector is a D-dimensional binary vector whose
element indicates whether the sound source at direction d is ac-
tive or not. The counterpart of P, is automatically obtained
through the training of the VB-HMM.

For the observation model, we employ a Gaussian mixture
model. We approximate the MUSIC spectrum by a Gaussian
distribution partly because the spectrum is a sum over the fre-
quency bins specified in Eq. (4) and partly because analytic
computation is possible for this distribution. Figure 3 shows
the MUSIC spectrum on the logarithmic scale. As illustrated
in Fig. 3, a cluster of non-active MUSIC spectrum is found in
a lower area; on the other hand, the spectrum values for ac-
tive sources scatter over a higher area. Through the training of
HMM, we obtain the posterior distribution of the parameters for
Gaussian distributions in Figure 3.

‘We use a particle filter for efficient incremental localization
and tracking. The reasons why we use a particle filter are: (1)
The number of active sound sources in a state vector is easily
capped at Nyuqy. (2) Only local peaks of P'(¢,d) can be acti-
vated as a sound source using a proposal distribution. Further
explanation is given in Section 3.2

3.1. Off-line Parameter Learning

We use a logarithmic MUSIC spectrum as an observation vector
definedas: . 10log,o P (1,d). )
Let s; 4 be a binary variable. When s; 4 = 1, the sound source at
direction d and time ¢ is active.

Figure 4 shows the graphical model for the VB-HMM. The

difference from the ordinary HMM is that the parameters for the
state transition @ and the observation g and A are probability



Figure 4: Graphical model for VB-HMM

variables instead of deterministic values. By taking account of
many possibility of the parameters as probability variables, the
training and the subsequent tracking produce better results than
maximum likelihood-based HMM.

3.1.1. Observation Model

The observation model is deﬁned as:

HHNxtd“Jj» i ) s(614)

where 8;(s;4) = 1 iff 5,4 = j, and A(-|u,A~"!) denotes the
Gaussian distribution with the mean p and precision A. We
use the Gaussian-gamma distribution for g and A which is the
conjugate prior distribution ?f the Gaussian distribution:

p(l,A|Bo,mo,a0,bo)

p(X;|S;,[J.,A.) (6)

where G(-|a,b) denotes the gamma distribution with the shape
a and rate b.

3.1.2. State Transition Model
To account for moving sound sources, the state transition model
can be divided into 4 cases as summarized in Table 1. These 4
cases are the combination of previous states, that is, they depend
on whether the previous state s;_1 4 is active and whether the
previous adjacent states are both inactive (s;_1 g—15;—1,4+1 =0)
or not. The state transition 4probability is defined as:

plsilsi-1,6) n nn(

=1k=1j=
where fi(s;—1,d) is a classifier that returns 1 if when k matches
the condition of the previous state values from s;_j,4_1 to
St—1,d+1 as specified in Table 1, and returns 0 otherwise. As
the initial state, sg 4 is set O for all d.

— 1 —Std

)ﬂ(s""d)@)

0 = [6,...,64] conforms to the beta distribution which is
the conjugate prior distribution of Eq. (8).
4
p(8lay) = []3(6leo1,00.), Q)
k=1

where B(-|c,d) is the beta distribution with parameters ¢ and d.

Table 1: State transition probabilities with adjacent values

= H()N(Hjlmo,(ﬁolj)_l)G(lj\ao,bo)U)
i

previous state adjacent states transition probability
Si—1d 1= 1a—185—1d+1 || Pra =1s—1.a—1:d+1)
0 (off) 0 0,
0 (off) 1 6,
1 (on) 0 63
1 (on) 1 64

3.1.3. Inference of Posterior Distribution

Here, the off-line training of the VB-HMM parameters means
the estimation of posterior distribution p(sy.7, 0, 1, A|x1.7). We
approximate this posterior by a factorized distribution:

p(sl;T,GHUqA‘Xl:T) q(SI;T797,u7A/),
q(SIZT797:u'7A’) q(slT)q(G)q(u,l),

(10)
(1)

Q
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where - .7 denotes a set of values with the time from 1 to 7. [10]
explains the general inference algorithm in detail. We simply
show the update equations due to space limitations. ¢(@) is up-
dated to the beta distribution with parameters &y ¢ and & ; for
each k, while g(u,4) =[1;q(u;,A;) is updated to the Gaussian-

gamma distribution with parameters B i, 1,4, b -

O j =00+ Y (st.a,jfi(si-1,d)), (12)
id
B; = Bo+wj.ij = (Bomo+w;%;)/ (Bo+w;), 13)
Bow, (& —mo)®
—ap+ = by . (4
YT T Sy Y

where s; 4 ; is equal to s; 4, if j =1 and 1 —s,; 4, if j = 0. The

=Y d<st d,J) Xj= Lol o

>
Wi

quantities in Egs. (13,14) are w; =

Zrd<51dz Xt.d X/

and 52
(7 d]> and (s, 4 Jfk(s, 1,d)) are calculated as:
(std,j) o< O(sea,j)B(sta,j), (15)

(St.d,jSi(Sr—1,d)) o< 0(s—1,a.0) P(St.als—1)P(Xr.alsta)B(st.a,j)s
(16)

where a(s; 4 ;) and B(st,4,j) are forward backward recursions.

. (-) is the expectation over Eq. (11).

oS a,j) o< Zas, 1.dk)P(St.alse—1)P (X alse.a)s a7
B(staj)= Z B(sr41,d,7)P(Ser1.d,180.d,5) P(%r.al51.a)-(18)
The smoothed transition  probability is  p(s; 4 =
JIsta—1:a+1) o< exp{w(ly ;) — w(Guo+ 1)} The

smoothed observation probability is F(x; ls;q) o II;

~ N A ) Std.j
exp{ (v(a;) ~logh; —1/B;)/2 — ajw a— )2 /2b;} .
Eqgs. (15, 16) are normalized such that the summation over j
or j,k becomes 1. @(s;_1 4) is the probability regarding the
condition k. Parameters are iteratively updated by Egs. (12-16)
until convergence. We start this iteration by setting (s; 4 ;)
and (s, 4 jfx(si—1,d)) as 1 or O with a threshold mg on the
observation x; 4.

3.2. On-line Localization and Tracking using Particle Filter

This section explains an incremental tracking using a particle
filter [11] with the parameters obtained Eqs. (12-14). Here, the
posterior distribution of the sound source activation vector given
a sequence of MUSIC spectrum is approximated by P particles:

p(si[x1) (19)
where w, and s/ are the weight and state vector of particle p,
respectively. These w), and s/ are obtained with two steps.

P
Wpst s

~
~

(1) Draw s} from the proposal distribution:

s/

~ q(ST|XI7m7a7b)a (20)

IdTC(x,,d)exp(—Aij/Z)Srp-d-.g 21

~

q(sfjle7m7a/\7b)

where C(x; 4) = 1if x; 4 is a local peak with respect to the direc-
tion d and C(x; 4) = 0, otherwise. The proposal weight is given

by the Mahalanobis distance A?l,j = (X q— i;)2a;/b;.
(2) Calculate the weight w), for each particle p as:
p(xi|sy)p(sf |St 1)

) (22)
q(sf |X,7m,a,b)

P

3w(-) denotes the digamma function.
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Figure 6: Plots of trajectories of sound sources. White plots are active audio sources.

Top: static thresholding with Pj,.. Bottom: Our method with mg. Right: Observed
logarithmic MUSIC spectrum. Musical audio signal is observed at close to 180 (deg).

pixls)) = [ plxlst mA)a(rA)dpda,  @3)

IS = [ p1s) 1. 0)a(®).

The observation and state transition probabilities in Eqs. (23,24)
are given by marginalizing out the parameters with the posterior
distributions from those in HMM in Eqs. (6,8). These are ana-
lytically calculated as

(24)

_ ﬁ aij 5P
Py _Pi4 s
P(X|s = St(x; q|7 ,2d) i, (25)
( f‘t) H td| Js ( +ﬁj)bj ,/)
N N N Ji(s)_1.d)
psPIsr ) =TI (Gs/ G0+ ) (26)
d k

where St(-|m, A, V) denotes the Student’s t-distribution with the
mean m, precision 4, and the degree of freedom v. To keep the
number of active sources under N, the observation probabil-

ity is set O if that of active sources in sf exceeds Nyqax-

After calculating the weight of all particles, the weights w),
are normalized s.t. ¥¥_ 1 wp = 1. Then, the posterior is obtained
as Eq. (19). In our implementation, the particles are resampled
for each time ¢ in proportion to the weight of each particle.

4. Experimental Results

This section presents the experimental results. Our method is
compared to the fixed threshold approach. The experimental
setup is shown in Figure 5. For the off-line learning of VB-
HMM, only one talker moves around the microphone array
while talking. During the on-line tracking using the particle
filter, two talkers move around while talking and a musical au-
dio signal is played from the loudspeaker. Both signals are 20
seconds in length. The parameters are set as follows: Ny = 3,
o =[1,1], Bo =1, ap = 1, by = 500. The number of parti-
cles is set as P = 500. The reverberation time of the experiment
chamber is RTpg = 840 (msec).

Figure 6 shows the results with threshold P,j,.; = 23,25,27
and mg = 23,25,27. Particle filtering results show the trajecto-
ries where the posterior probability exceeds 0.95. The fixed
threshold approach with a low threshold produces enormous
false detections, as red circles show in Figure 6. On the other
hand, our method produces much more stable results as green
circles show. We also confirmed that the resulting trajectories
are almost the same as long as the threshold of the posterior is
in 0.95-1.0. These results confirm that our method automati-
cally converges to good parameters for the SSL and tracking.
Furthermore, our method stably tracks multiple sound sources
even if only one sound source is used in the training phase.

3112

5. Conclusion and Future Work
This paper presented a Bayesian extension of MUSIC-based
SSL. Our method consists of (1) an automatic parameter learn-
ing in the VB-HMM framework, and (2) an incremental SSL
and tracking using a particle filter. Future work includes the
integration with the robot audition system HARK [2], and the
application to auditory scene analysis with a mobile robot.
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