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ABSTRACT

This paper addresses the problem of robust localization of a sound
source in a wide range of operating environments. We use fractional
lower order statistics in the frequency domain of two-sensor mea-
surements to accurately locate the source in impulsive noise. We
demonstrate a significant improvement in detection via simulation
experiments of a sound source in «v-Stable noise. Applications of this
technique include the efficient steering of a microphone array in tele-
conference applications.

1. INTRODUCTION

Numerous applications can be envisioned in which microphone ar-
ray steering is desired. For example, in teleconferencing and telep-
resence systems it is often required to redirect a video camera so that
the person speaking s in the field-of-view. In multi-participant envi-
ronments it is desirable to provide spatially-selective speech acqui-
sition as well as noise and echo cancellation{1, 2]. Furthermore, the
integration of microphone-based tracking with vision-based tracking
and facial expression recognition can provide a significant increase
in system functionality.

The localization of a source in audio applications has an added com-
plexity not commonly found in other signal processing fields, which
arises from the signal being wideband. Additionally, the statistics are
not known a-priori and they vary with time.

Inter-sensor Time Delay Estimation (TDE) is a method commonly
used [3, 4] to estimate the position of the source using bearing in-
formation ([5] and references therein). The majority of TDE meth-
ods proposed so far in audio applications use second or higher order
statistics of the measurements to locate the signal of interest. A draw-
back of these methods is that in impulsive noise or severe interfer-
ence environments, which are best described by the «-Stable family
of distributions, second or higher order statistics are not theoretically
defined.

In this paper we interoduce a new method for TDE based on Frac-
tional Lower Order Statistics (FLOS) of the received signals. We
also examine the behavior of the Phase Transform (PHAT) [6] al-
gorithm, which uses second order statistics, under stable noise. We
show that when the Gaussian noise assumption fails — and instead cv-
Stable distribution is a better approximation for the noise — then the
FLOS-PHAT algorithm gives better detection than the PHAT.
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2. MATHEMATICAL FORMULATION
2.1. TDE in Gaussian Noise
Consider a two-element microphone array receiving
ri(t) = o(t) + n(t)
r2(t) = z(t — 7) + n2(f) a

in which the noise components n; (¢) and n»(t) are assumed to be
zero mean and uncorrelated with the audio signal z(t), i.e.

E [nl(tl)nf(tg)] =F [nz(tl)n;(tz)] = k&(tl — tz),
E[s(t1)ni(t2)] = E[s(t1)n3(¢2)] = 0, and

E [nl(tl)n;(tz)] =0 V tl, tz.

The goal is to estimate the delay + from measurements of ; and r;,
in order to be able to localize the sound source z(t). We are inter-

ested in localizing wideband signals, hence we transform the mea-
surements into the frequency domain:

Ba(k) = [X(k) + M (K]
Ra(k) = [X(k)-e77“%" 4+ Na(k)] @)

‘We formulate the second-order cross-correlation function of the mea-
surements, assuming the noise has finite second moment statistics:

Cryry () = B{Rs(K) - Ra(k)" } ®
= E{|X(k)|2 ef‘wk’} + E{Nl (k)N;(k)}
—_—
+ E{X(k)N;(k)} + E{X*(k)Nl(k)efW}

)

o} 0

A fast method to use for the estimation of the delay between two sig-
nals is the Phase Transformmethod [6]. According to PHAT the sig-
nal cross spectram C, .. (k) is smoothed by a window inversely
proportional to the magnitude cross spectrum.
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The inverse Fourier transform will result in a sharp peak in the time
domain corresponding to the delay 7. Although this method was ex-
pected to be quite sensitive to noise, we found that it performed well
even for low SNR’s.

Y o (k) = @

However, when the process deviates from the ideal Gaussian as-
sumption, and is better characterized by the «-Stable family of dis-
tributions, performance degrades.



2.2. TDE in Heavy-Tailed Noise
a-Stable Distributions

The «-Stable distribution which is of a more impulsive nature, is a
generalization of the Gaussian distribution, and is 4ppealing because
of two main reasons. ‘

o First, it satisfies the stability property, which states that if
X, Xi and X, are o-Stable independentrandom variables of
the same distribution, then there exist 11 and u, satisfying:

d i

1 X1 +reXo = piX + po &)

where vy, o, g1 and g are constants and £ denotes equality
in distribution. :

¢ Secondit satisfies, the Generalized Central Limit Theoremstat-

ing: X is a-Stable , if and only if X is the limit in distributions
of the sum: 3

where X1, X5...,areiid. r.v.’s and a,, — 0o

Sn

There is no closed form solution for the probabﬂiiy density function
of o-Stable distributions, but the characteristic function, is given by:

(t) = exp (FAt — v]t]* [1 + jﬁsign(t?w(t, a)]) )

where A is called the location parameter (—o0 < A < o0), 7 the
dispersion (v > 0), « is the characteristic exponent satisfy-
ing 0 < o < 2 and S is the index of symmetry of the distribution
(—1 < 3 < 1). Forthe cases when o > 1, A is the mean of the dis-
tribution whereas if 0 < o < 1, A is the median,?and 10 mean is de-~
fined. ‘

The case of o = 2, corresponds to the Gaussian distribution,while
a =1, B = 0 corresponds to the Cauchy distribution. -More gen-
erally, the smaller the characteristic exponent, the heavier the tails
of the density function, and therefore, the more impulsive the noise.
For the purposes of this paper, we will deal with the class of Sym-
metric «-Stable (Sa.S) distributions, (3 = 0) with finite mean,
i.e. 1 < a < 2.References[7, 8, 9] treat the «-Stable theory further.

The class of -Stable distributions, does not possess finite second (or
higher) moment statistics. In fact, «-Stable distributions with o # 2
have finite statistics only for order p lower than o:

a <2, FlXif>0 V?Ea
a <2, ElXaP <o Vb§p<a
Gaussian: @ = 2, E|X.|fP <co V¥Yp>0 ®)
Second-order based methods such as PHAT, of)crating in environ-
ments where the noise components follow a heavy-tailed density be-
longing to the So Sfamily, suffer from severe performance degrada-

tion. In the following we propose a new method that uses the Frac-
tional Lower Order Statistics (FLOS) of the received signals.

FLOS-PHAT

The fractional lower order covariation of two signals, & and y is de-

fined as: ‘
<p—1>
[X, Y]a — / xya——lu(ds) — E(XY ; )

s

where S is the unit circle, u(.) is the spectral measure of the
SaS random vector (X,Y), 1 < p < a and y<*> = |y|F " ¢*

For o-Stable distributions the frequency domain representation of a
signal does not converge as 1" — co, but under finite 7" (i.e. af-
ter smoothing by a window) its frequency representation exists [9].
Thus we can express the received signals of (1) in the frequency do-
main (2). Using the properties of Sa.S distributions [10], and assum-
ing that both the noise and signal have the same distribution we can
now form the covariation:

Dy n, (k) =[Ri, Rola (10
= [X (k) + Ni(k), X (k)e?“*T 4+ Na(k)]a 11
= [X(k),X(k)e-ﬂ“kf + Na(k)]a

H[N1 (k), X (k)e ™ + Ny (k)]a
= DXCR), X (R)a (+797) 77 4 [X (), Na(R)e

= [X(k), X (K)]a 1e~ﬂ‘w o (e—j“’“)* = Be“*7

in which B is a real and positive number, and thus we can again de-
fine a smoothed covariation measure:
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As in the PHAT transform case, the peak in the time domain, result-
ing from the inverse Fourier transform of D, . will correspond to
the delay 7.

It has been shown [11] that an even better measure is the Fractional
Order Correlation Function defined as:

Auy = B{o<>y<>} (13)

Apyny (R) = B{RI(6)** - Rall) <> | a4)

And we can thus define the FLOS-PHAT method as:
A

A — RiRo

By Ry |A
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a
q-b<5 (15)
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whose inverse Fourier transform will again result in a sharp peak in
the time-domain, corresponding to .

3. SIMULATION EXPERIMENTS

To test the performance of the above algorithins we must make use of
estimation techniques due to the lack of second and fractional lower
order statistics. In this case, the statistics of the problem are not avail-
able and they are also variable. The algorithm therefore must be fast
and able to adapt to new data and statistics. The simple method sug-
gested by this paperis based on the use of blocks of data. All the data
used in the experiments described below were obtained using various
speech and music signals sampled at typical audio sampling frequen-
cies of 22050 Hz and 44100 Hz; thus a block of data of about 1000
samples introduces a maximum of 0.1 seconds delay. Using overlap-
ping blocks can decrease the delay even more. The algorithm used
to obtain the results below can be summarized as follows:



1. A block of 1024 samples is obtained (using a rectangular win-
dow function) from each microphone and their FFT is evalu-
ated.

2. The instantaneous second and lower order statistics (in the fre-
quency domain) are found.

3. A weighted-average statistic is obtained e.g.

[eun] = - 9[cns]

The value of p, the adaptation factor, (where 0 < p < 1) de-
termines the trade-off between speed of adaptation of the algo-
rithm on new statistics (p near 1) versus the accuracy of the al-
gorithm (p small).

4. The PHAT or FLLOS-PHAT algorithm is applied using the ap-
propriate weighted-average statistic evaluated in Step 3.

+p[CR1R2] 16)
1 ¢

t—

5. Repeat.

An important point here is to define the SNR measure used in this
paper. Since power is not defined for -Stable distributions, the con-
ventional definition of SNR can not be used. Two alternative defi-
nitions of SNR are used in literature [12]. In this paper we use the
Generalized-SNR, defined as the ratio of the signal average power
to the dispersion of the noise total in the finite interval of interest:

M
GSNR = 10log;, (7_1]\2 Z ]s(t)]Q) an
t=1

The algorithm overall converges very fast in about five to ten blocks
of data (varies with GSNR) and then stabilizes until an outlier ap-
pears in the noise. The results obtained were based on a set of Monte-
Carlo runs. Each run starts with a “wrong delay” vector of statis-
tics and so the algorithm has to adapt to the statistics of the signal.
After the algorithm reaches steady state, data is gathered to form a
“hit/miss” performance curve. In total, 4000 values for each point
were considered to obtain the curves in Figure 1. The performance
tests were all done with a constante = b = 0.2 value and for dif-
ferent GSNR’s of 0, 6, 12 and 25 dB. The comparative values of the
GSNR and Effective-SNR — defined as the average signal power over
the average noise power in the finite interval of interest, for the spe-
cific data used in Figure 1 - are given on Table 1.

[ o] 10 [ 12 [ 14 | 16 [ 18 [ 20 |
GSNR Effective-SNR
0| -5250 | -35.80 | -24.79 | -1543 | -8.18 | -2.94
6| 4144 | -2545 | -1587 | -840 | -1.95 | 3.06
12 | -2897 | -16.59 | -743 013 | 469 | 9.06
25 -2.01 415 | 1136 | 16.29 | 19.35 | 22.06

Table 1: Correspondence of GSNR and average Effective-SNR for
the specific noise of the conducted measurements.

In impulsive noise conditions, the FLOS-PHAT method greatly out-
performs the PHAT method, sometimes by as much as 50%. This
happens at a GSNR of 12dB, and around the a = 1.2 to 1.6 region.
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Figure 1: Comparative Performance of the PHAT and FLOS-PHAT
methods with p = 0.0125 and a = b = 0.2. Dashed line: PHAT,
Solid line: FLOS-PHAT

Although this is the case for heavy-tailed noise, the FLOS-PHAT al-
gorithm fails to outperform the PHAT algorithm only in the Gaussian
(o = 2) case. '

Another way to test the performance of this method is to look at the
transient response of the two TDE methods as shown in Figure 2.
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Figure 2: Transient Performance of the PHAT and FLOS-PHAT
methods. (p = 0.0125,a = b =0.2,a = 1.2.)

The performance of the PHAT method. based on the time-averaged
estimate of Cy ., is greatly influenced by impulsive noise. This
is due to the fact that an impulsive noise component in the PHAT
algorithm is raised to unity power while in the FLOS-PHAT it is
raised to fractional power, an operation that limits the effect of the
outliers. The FLLOS-PHAT method, at severe noise conditions, can



also produce a glitch. However, due to the use of fractional lower or-
der statistics, the significance of the outliers is diminished and thus
subsequent estimates are less influenced. It should be noted that the
transient response shown in Figure 2 was produced with Sa.S° of
a = 1.2 which gives an increased number of outliers. This is not a
measure of performance, but an indication of the reaction of the two
algorithms to the outliers in the noise. ‘

4. CONCLUSIONS

In this paper we bave presented a new method for adaptively steering
microphone arrays in a wide range of non-Gaussian noise environ-
ments. Our method, based on fractional lower order statistics of the
measurements, was tested to be better than the second-order based
PHAT algorithm, while at the same time adding little computational
expense. It is a simple algorithm that gives qu1te‘h1gh performance
even for small values of «, and can be applied to the ‘speaker track-
ing” problem.

As expected, the FLOS-PHAT algorithm -does not outperform the
PHAT method under Gaussian (v == 2) noise conditions. This obser-
vation motivates the use of an adaptive algorithm that will adjust to
the noise conditions. This can be achieved, by estimating the noise,
as well as the signal, and using the calculated [7] value of « to adap-
tively change the a parameter of the FLLOS. In this analysis, a was
kept at the value of @ = 0.2, which satisfies the requirement that
a + b < o, but which is at the same time very small for values of
« near 2. We are also investigating an nnprovement possibly of the
forma = b = (2)” (where z > 1).

The comparison in this paper between the PHAT and the FLOS-
PHAT is a demonstration of the advantages that the use of o~Stable
distributions can offer to audio applications. Further research di-
rections suggested by this method include the development of algo-
rithms based on «-Stable and the study of array signal processing
fields, such as radar and sonar. Other methods already under investi-
gation for the improvement of this algorithm include, the use of the
the Least p-Norm Approach[11] and a modification of the Maximum
Likelihood or Hannan-Thompson Window [6].

Finally, we are currently developing an experimental testbed, which
will incorporate microphone-based localization techniques and a
novel vision-based tracking architecture. This architecture will use
the position estimate obtained by the microphone array measure-
ments (from a number of two-sensor atrays). The vision based al-
gorithm will then integrate cues such as stereo disparity, motion, and
color in order to identify the location of the spéaker’s head within
the camera image. In addition, this algorithm allows us to identify
lip motion, and thus zoom in on the person speaking. The two al-
gorithms can work in parallel so a wrong meagufement from the mi-
crophone array can be (under some restrictions) 1gn0red based on the
ques received by the vision algorithm.
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