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ABSTRACT In the proposed implementation, MULTI-PHAT method de-
The estimation of a talker location in noisy and reverberantived from SRP-PHAT is used to generate a combined spatial
conditions using microphone arrays requires complex algotikelihood function (SLF) that can be used as source evidenc
rithms. However, the rapid increase in computational perfor a PF algorithm. The likelihood data is generated by esti-
formance during the last two decades has opened the wawating the temporal difference of the signals sensed by a mi-
for practical real-time talker localization application$his  crophone pair using PHAT-weighted generalized cross cor-
paper presents an implementation of such system based g#lation (GCC-PHAT). The resulting data from each micro-
steered response power with phase transform (SRP-PHAPhone pair is combined by multiplication instead of summa-
combined with a particle filter (PF). The system utilizes thetion used in traditional SRP, hence the name MULTI-PHAT.
simplicity of SRP-PHAT and robustness of PF. The systenit has been shown that combining the likelihood data by mul-
is implemented using Pure Data software running on a stariiplication decreases the variance of the spatial likedtho
dard laptop PC. Using realistic test data we show that accudistribution resulting in a significant reduction of the too
rate real-time talker location estimates can be produced ev mean squared error (RMSE) [10].

with a relatively low particle density. This paper is organized as follows. The next Section
presents the TDE-function and a method for generating a
1. INTRODUCTION combined SLF using multiplication. In the third Section the

. o . . ASL problem is presented as a state-space filtering problem
Acoustic source localization (ASL) using spatially sepada 54 the Bayesian solution to this filtering problem is pre-

microphone arrays has been an active research topic for @bnted in a form of a PF algorithm. In the fourth Section the
least two decades. The aim of ASL is to obtain the locasmniementation of the system is described and the complex-
tion of one or more acoustic sources using the audio signalg, "ot the implementation is stated. In the fifth Section the

acquired by the microphones. The location information canyey,, and test data are described and the localizatiortsesul

be used, e.g, in smart video conference systems 1o steer t{)gjng real data are presented. The last Section concludes th
video camera towards the speaker. In reverberant room e aper by summarizing the results.

vironments the system must be able to cope with secondary
signals reflected from the surfaces.

In [3] few popular methods for solving the ASL prob- 2. LIKELTHOOD FUNCTION
lem are presented. Lately the combination of steered beanf-onsider a room with an active sound source locatedatd
forming (SBF) and time delay estimation (TDE) baseda pair of spatially separated microphonesd j. The signal
methods have become popular due to their relatively lovemitted from the sound source is sensed by the microphone
computational complexity. Among these methods theafter a propagation delay espressed as:
steered response power (SRP) with phase transform (PHAT)
has been found to be robust in the presence of room Tiy = [r —m;| ¢

reverberation [3, 11].

. . 2 _
In the recent years, some real-time ASL implementationéf\’herec is the speed of spund,\ is thel“ norm, andr andmy
have been developed. Do et al. [4] based their system o re the Cartesian coordinate vectors of the sound source and

SRP-PHAT, while Lehmann et al. [9, 5] implemented a Sys_the microphond, respectively. Due to the different sound

tem based on SBF and patrticle filter (PF), fused with a Voicgropagation paths to microphonksand), a time difference

activity detector (VAD). Both of these implementations wer icr)1f ag“ﬁ;gg%’g&ﬁg?g dei;t%ﬁuIztggr'nGte}]%m.ﬁggzllg’e?vizg?;
found suitable for practical applications in terms of cotgpu g sp P ’

tional performance. The former method relies on finding thé“nicrophone paib= {i, j} can be expressed in discrete sam-

global maximum of the SRP using stochastic region contracr-)IeS as.

tion (SRC). However, there is no assurance that the location 1

of the global maximum is actually the source location, as the Tor = Q((Jr —mi| — |r —mj]) - fs-c™7), 1)
maximum can be caused by a brief dominant noise peak dughere fs is the sampling frequency ar@(-) is the quanti-

to reverberation. This problem can be overcome by usingation operator. From the measured signals, the TDOA be-
Bayesian recursive estimation, such as PF, to make use of th@een a microphone paly can be estimated using a TDE-
complete measurement history to provide the current sourdeinction Ry(-). A popular choice for a TDE-function is the

location estimate. so-called generalized cross correlation (GCC) functign [6
This paper discusses a real-time ASL implementation _
based on MULTI-PHAT and PF as described in [7, 10]. RECC (1) = FH{Wh (k)X (K)X; (K) }, 2)
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Algorithm 1: SIR particle filter Algorithm 2: Resampling algorithm

Input: {Si(flvv\’i(fl}iP:bZK Input: {SkflaV\’;fl_}iF;l
Output: {Sj, Wi}y Output: {SK' Wi}
fori=1:Pdo Initialize the cumulative distribution function (CDF):
Take a particle: c1<0
Sk < d(Sk[Sk_1.Zk) fori=2:Pdo
Move the particle according to movement model: | Generate CDFc; < ¢i_1 4 W,
Sk = 9(Sk-1,ax-1) end
Calculate a weight proportional to the likelihood: Start at the beginning of the CDF:= 1
Wy <= p(Zk[Sk) Draw a random starting pointi; ~ U[0, P~}
end _ for j=1:Pdo
Calculate the sum of weights: Move along the CDFuj <« uy + P~
P .
i whileu; > ¢; do
W 2 e |21
= end
fori=1:Pdo i i Resample by reassigning locations and weights:
| Normalize the weightsw, < W~wj, i pl y gning gnts:
end Sk < Sk
Resample using algorithm 2: w =Pt
{Sk W }P1 < RESAMPLE (S, W }P1) end

Equations (2) and (3) form the basis for generating the

whereX; (k) is the complex conjugate of the Fourier trans-SLF used as source evidence for the tracking algorithm.

formed microphone signaij(n), k is the discrete frequency,

F~1(-) denotes the inverse Fourier transform, aNgk) is

the weighting function. The TDOA between the micro- 3. TALKER TRACKING

phonesi and j can be determined by locating the global Traditionally, the global maximum of the most recent SLF

maximum of the real-valued TDE-functid®““(1,). PHAT s considered as the source location. However, the measure-

weighting have been shown to produce an emphasized peatent data is often corrupted by noise and reverberation, and

especially in reverberant rooms and therefore it is setectedominant peaks can occur outside the actual source location

for this implementation. resulting in false source evidence. In the proposed imple-
Using the equation (1), each source location candidatgentation, a sequential Monte Carlo method called particle

inside the room of interest can be mapped into a set of mifilter (PF) is incorporated to provide past location informa

crophone pair -specific TDOAg®,, = {71... Ty}, whereN  tion and to increase robustness against these outliers.

is the total number of the microphone pairs. With a TDOA ~ The estimation of the sound source location is essen-

value and corresponding TDE-function, a likelihood valuetially a special case of a problem of estimating the state of

can be assigned to a given source location candidate usitige system using noisy measurements. In Bayesian frame-

the equation (2). Inversely, a TDOA value can be mappetvork, the SLF represents the noisy measurement distributio

into a set of locations. The set of locations corresponding t P(R«[S« ), whereR is the noisy measurement obtained us-

the argmaRCCC(1y,) traces out a hyperbola with a slightly ing GCC-PHAT, andSy is the state of the system at time

higher likelinood value than other locations in the spata ~ indexk.

main. By combining several pairwise TDE-functions, acom-  The aim is to estimate the current st&lg using all the

bined spatial likelihood function (SLF) can be constructed measurement daf;.« available so far. The subindexes in-

In the SLF the hyperbolae intersect and through combinatioflicate that past measurement data is taken into accourg whil

form a global likelihood maximum at the intersection point. estimating the current state.

In favourable conditions, the intersection point is thealimn The solution to this state-space filtering problem is ob-

of the source. tained by the two-step principle of prediction and update.
Several different combination methods for SLF haveAssuming that the posterior distributiqe(Sk—1|R1x-1) is

been introduced. Summation is used in [3], multiplicatisn i known at time index — 1, the prediction of the state at time

used in [8, 7] and the determinant is used in [2]. It is showrindexk can be calculated:

in [10] that using multiplication instead of summation, the

peak in SLF is emphasized, resulting in 45% reduction in the

location RMS error. P(Sk|Rax_1) = / P(Sk|Sk_1)p(Sk_1/Rax_1)dSk_1 (4)
Consider a set of microphone pa@sthat contains the

microphone pairs inside each array for all arrays, but net thand when the new measuremdt becomes available, the

inter-array pairs. The combined likelihood for a given ssur predicted prior distribution of the system at the currentei

location candidater using multiplication can be expressed instancex can be updated to posterior distribution using the

as: Bayes’ rule:

— ~ P(Rk|Sk)p(Sk|R1x-1)
Ral = [ ol < PSR =" R ) ©
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x,(t) Ry (T) oemmemm oo
—>

— Particle filter § Table 1: The asymptotic time complexity of different proce-
lp ol 2 o P dures in GCC-PHAT module. .
BElZ HE gl gil2i1E o S®Y) " Procedure Asymptotic time complexity
g Sl oA lep Q1w il giig wi : - .
PR EERCHEDIN- 1R Hanning weighting] O(Ax mxL)
EEES g EISRlE RS RS FFT O(Ax mx Llog,L)
LOUSIESIN U acta foa i ) o) PHAT O(Ax M xL)
) IFFT O(AxM x Llog,L)
PD internal
PD external ---------
Subroutine  —=—— Table 2: The asymptotic time complexity of different proce-
. . o dures in the PF module.
Figure 1: Diagram of the sound source localization system.”procedure Asymptotic time complexity
Normalization O(AxMxL)
Particle propagation O(P)
h h lizi tant b das: TDOA calculation | O(Ax M x P)
where the normalizing constant can be expressed as: Weight assignment| O(Ax M x P)
Resampling O(P?)
Median estimation | O(P?)

p(RK|Rl:K71) :/p(RK|SK)p(SK|R1:K71)dSK~

The recursive evolution of the distribution by predictiamda tion, a 2D point estimate is drawn by calculating the median
update described in (4) and (5) is repeated at each time ircoordinate of the particles separately across two dimessio
stancex.

The principle of particle filtering is that the distributids S«(x,y) =med{p1...pp}d,

i i i P P
appromm;ited byf.iset @fwelghteq parUcIes‘eSQ:K,vv,‘?}p:%, where{-}4 is the set ofP particles ordered according to di-
where {So:K},FJ’:l is a set of points each with associated nensiond — {x,y}.

Weights{vv‘,z}f;zl , andSg. is the set of all states so far. The

true posterior density at time instaneean be approximated 4. IMPLEMENTATION

as The system proposed in this paper is developed and tested on

P
P(Sox |R1x) ~ Z W3 (Sox — S5,.), a standard laptop PC with 2.2 GHz Intel Core Duo processor
=1 and 2 Gb of DDR2 SDRAM. The theoretical computational
efficiency of the processor is x 10° floating point opera-
where 4(-) is the Dirac delta function. As the numbBr tions per second (FLOPS). The operating system on the lap-
increases very large, the discrete approximation becomasp is Kubuntu Linux with a real-time kernel version 2.6.20-
equivalent to the functional representation of the posteri 16. For development environment, Pure Data (PD) software
distribution. [12] was selected. PD is a real-time graphical open source
In our implementation, the state consists of a 3D coorprogramming environment for creation of computer music
dinate, and the prediction and update of the sampled distrand multimedia. The PD distribution includes a vast col-
bution is performed by recursively processing the parsicle lection of internal objects, which enable even the most ad-
according to sampling importance resampling (SIR) [1]; pre vanced audio signal processing. The modular code base of
sented in Algorithm 1. The algorithm propagates the partiPD also enables the programming of external custom objects
cles (prediction) according to a motion model, and when an C programming language.
new SLF is constructed, assigns each particle a weight pro- Our system is implemented using both internal objects of
portional to the likelihood value at the location of the part PD and external objects programmed in C. Briefly, the cal-
cle. Itis assumed that the speakers are seated and only mayglation of GCC-PHAT is performed using the internal ob-
their heads randomly. Therefore Brownian motion is used tgects, and an external object was programmed to implement
model the movement. the particle filter algorithm. Figure 1 illustrates the @iff
The algorithm also includes a resampling step (updategnt modules and the main procedures of the system. Be-
presented in Algorithm 2, to avoid the so-called degeneracfore running the localization system, the microphone cord
problem. In this step, particles with low weight are system-nates, measurement space dimensions, particle number and
atically replaced with ones with high weight. This causes th the variance of the movement model need to be given as pa-
particles to clusterize at locations with high likelihooth  rameters. The latter parameter determines the spread of the
order to avoid the clusterization of every particle, severr p patrticles at the prediction stage.
cent of the particles are relocated in random locationglasi The system employ& = 3 microphone arrays, each con-
the measurement space. The idea of this step is to expasiting ofm= 4 microphones. The acquired audio data is first
the spatial range of measurement in the presence of a sourehd in frames ok = 1024 samples and then passed to GCC-
source, and to be able to "sense” the appearance of anotheHAT module. There the frames are Hanning-weighted
sound source at another location. in order to avoid spectral leakage, and then processed into
After resampling, it is only the matter of selecting a pointsource evidence by making the= 6 inter-channel compar-
estimate based on the updated particle mass. One logical waons within an array using the equation (2), thus resulting
is to look where the most particles reside. In ourimplementaA x M = 18 GCC-PHAT vectors. The asymptotic time com-
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( S ceiling heignt=2.59 Table 3: 2D tracking RMSE values.

i 0,0,d) door loudspeaker 4 (0.63, 2.61, 1.1@@'3.9&0 Sequence Content 2D RMSE [m]
1 Male speech 0.297
2 Female speech 0.278
e ATmed  Tes 3 Male+Female speech 0.249
O mie O Mean 0.275
table O
array k.| mic 2
Carray3 [DJara 2
loudspeaker 2 (231, 0.84, 1.11) T dB, each loudspeaker transmitting separate channel. Fhe ac
tive loudspeaker changed between the different speech sam-
M \ﬂ ples to emulate a human discussion. The first sequence con-
sisted of male speech, and the second sequence of female
speech. The third sequence consisted of both male and fe-
loudspeaker 3 (3.60, 1.44, 1.05) loudspeaker 1 (3.65, 2.74,/1.09) male SpeeCh Wlth S“ghtly Overlapplng Samples. qulng play
e R back, the soundscape was recorded using the microphones.
(45300) (453,3.96.0 The acquired signals were then sampled at 48000 Hz using

32 bits per sample and saved as separate mono WAV files.
Figure 2: Recording room configuration. The microphones  The recording took place at the audio laboratory, located
are located on the wooden table, surrounded by the sofas agglthe Tampere University of Technology, Department of sig-
the loudspeakers acting as sound sources. The microphofg| processing. The room dimensions are 4:53.96 x
arrays consist four microphones in Y-shaped geometry. 2,59 m and theTgg reverberation time of the room is ap-

proximately 0.26 seconds. The room interior consists of a

table, sofas, loudspeakers and other equipment. The micro-

. ) . _ phones were placed on the table in three arrays in Y-shaped

plexity of generating the source evidence at each timerstep geometry. DPA 4060-BM prepolarized omnidirectional con-

is presented in Table 1. The exact algorithmic implementagenser microphones were used with a 48 V phantom feed.
tion of the fast Fourier transform (FFT) in PD is unknown, The recording setup is illustrated in Figure 2.

and therefore an estimation of the time complexity based on - the recorded WAV files were used as input data for the
a well-known and widely used algorithm (Radix-2) is pre-yracking system. During the tracking procedure, the source
sented. _ , location estimates (x- and y-coordinate) were saved inta tex
After generating the source evidence, the GCC-PHATjje for evaluation of tracking accuracy. 500 particles were
vectors are passed to the particle filter module. The partigseq for the tracking and the measurement space height was
cles are iteratively processed according to Algorithm 1e Th |imjted to 2 meters resulting in particle density of approx-

GCC-PHAT vectors are used as look-up tables to assign jgately 14/m3. The variance of the movement model was
weight to each particle. The likelihood values from difietre 5. 154

GCC-PHAT vectors are combined using equation (3). The

asymptotic time complexity of the main procedures in theZD root mean squared error (RMSE) of the source location

implemented particle filter is presented in Table 2. estimate against the actual source position across theswhol
UsingP = 590’AX. M =18, and. = 1024, the CPU Icg)ad duration of the sequence. The tracking results of each se-

was around 50% during computation as opposed 10 5% 103¢ence were averaged over three test runs. The results are

of idle time. This implies a calculational load of approXi- nrasented in Table 3. A tvpical 2D tracking plot of a 4-source
mately 88 x 10° FLOPS, which is high compared to, e.g., Ecenario is presented inSI/:Fi)gure 3. gp

the method presented in [S], but nevertheless computable U™ tpe mean RMSE of the tracking results is slightly less
ing modern PCs. Moreover, the focus in this mplementaﬂoqhan 30 cm. However, RMSE is a very strict measure; for
was more on simplicity rather than computational efficiency g, ampje “a small delay in the adaptation causes a brief but
For example, in the estimation of median coordinate, SOrtg;gnificant difference between the estimate and the ground
ing of particles was performed using computationally gostl .t 'Based on the visual evaluation of the tracking ploés t
insertion sort algorithm. estimates remain mainly close to the ground truth, except fo
a slight systematic bias in the x-coordinate of loudspeaker
3, also visible in Figure 3. This can be caused by e.g. re-
5. REAL-DATA RESULTS verberation. During the slightly overlapping portions bét
sequence 3, the location estimate oscillates between the lo
The most important properties of a sound source localizaeations of the active sources.
tion application are the ability to localize the sound seurc  To estimate the effect of different parameter setups on the
accurately and to quickly adapt to the change of the sourceomputational load, the processing time of a 24 secondkigna
location. In real-time applications location estimatescito  (sequence 1) was measured while using different number of
be generated at high rate. particles and frame lengths, and averaged over three t&st ru
The system proposed in this paper was tested using redhe averaged processing times were then normalized by the
speech samples from the TIMIT database consisting of malength of the input signal. Figure 4 illustrates the normedi
and female speech. Three different multi-channel seqsenc@rocessing times as a function of particle number, value 1
were created from the samples and played through four Gemrdicating real-time computing.
elec 1029 A active loudspeakers with sound pressure of 80 When using a frame of 512 samples the PF algorithm is

The tracking accuracy was evaluated by calculating the
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