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Abstract— Sequential Monte Carlo methods have been recently measurements rather than the current observation onlsge the
proposed to deal with the problem of acoustic source localisation methods are more efficient at dealing with the spurious tffec
and tracking using an array of microphones. Previous implemen- ot acqustic reverberation than traditional ASLT algorithm

tations make use of the basic bootstrap particle filter, whereas Al tracker b d tat filtering invol d
a more general approach involves the concept of importance S0, a tracker based on state-space filtering involves aeno

sampling. In this paper, we develop a new particle filter for Of the specific target dynamics, providing information mega
acoustic source localisation using importance sampling, and ing how the source is more likely to evolve from one time step
compare its tracking ability with that of a bootstrap algo- to the next. This enables the tracker to effectively disorate
rithm proposed previously in the literature. Experimental results between observations originating from the true target and
obtained with simulated reverberant samples and real audio . . L
recordings demonstrate that the new algorithm is more suitable erroneous Obse_rvat'ons resulting from acoustic d'_Stmn,
for practical applications due to its reinitialisation capabilities, Among the different methods based on Bayesian filtering,
despite showing a slightly lower average tracking accuracy. A the concept ofparticle filtering (PF) appears as a promising
real-time implementation of the algorithm also shows that the approach to tackle the ASLT problem [2—4]. As a sequential
proposed particle filter can reliably track a person talking in Monte Carlo method, the PF technique can be used to deal
real reverberant rooms. . . ’ . S
with nonlinear and/or non-Gaussian problems, making iesup
Index Terms—acoustic source localisation and tracking, mi- rior to algorithms such as the Kalman filter and its derivegiv
crophone array, Bayesian filtering, particle filter, importance  Tps is of particular importance for ASLT, where the obser-
sampling. vations typically result from a nonlinear process due to the
chosen localisation procedure (such as steered beamfprmin
I. INTRODUCTION [5], cross-correlation [6] or eigenvalue decomposition).[7
Also, the observation noise in ASLT problems is usually non-

The concept ofacoustic source localisation and tracking . . L
(ASLT) plays an important role in many practical speec aussian due to the effects of acoustic reverberationickeart
play P y P b iltering can then be used to consider several observatiens p

acquisition systems. Domains of application include tele- : : : .
. . . . . sensor, in order to represent multi-modal density functia
conferencing, multimedia information processing, anddsan . .
ﬂﬁctlng the multiple hypotheses that each of the measuremen

free telephony, to name but a few. Other applications, Sufznodalities might originate from the target (see e.g. [2]).

as automatic speech recognition and speaker identificauor]:)revious research works on particle filtering applied to

systems, are also very sensitive to the quality of the audj :
input signals. In most cases, exact knowledge of the speaéceérl‘-r' such as [3,4,8], make use of the batiootstrap

position is the key to acquiring clean speech using suchstocgjlartICIe filter, introduced _by Qprdon, S_almond_ and Smith
as beamforming or equalisation principles. in [9]. The conceptual simplicity of this algorithm leads

The multipath propagation of acoustic waves in practicg? straightforward practical implementations and moderat

X . . computational requirements. The bootstrap PF howeveersuff
environments however constitutes a major challenge to-ov

r . i : : . .
come for any tracking algorithm. Recently, methods baseal Orfrom a major drawback: during each iteration, the particles

P are relocated in the state space without knowledge of the
state-space approacBdyesian filterinyy have been developed . ! . .
. i . "~ current observations. The PF might hence omit some impiortan
to deal with this problem [1-3]. Because Bayesian filterin

i . . . : rqegions of the state space when searching for the target,
algorithms deliver location estimates based on a serieqstf pWhich mainly precludes the PF from reinitialising after a

*This work was performed while Eric Lehmann was working with ibiaal target disappears O_r becom_es_ occluded for_ a Shor_t period of
ICT Australia. time. Despite showing promising results, this algorithnm-co



sequently still lacks some important characteristics seme whereYq., = {Y1,..., Y} represents the concatenation of
for a smooth operation in practical scenarios, such as thAkmeasurements up to tinke The posterior PDB(X | V1.x)
automatic detection of new targets and the ability to recoveontains all the statistical information available regagdthe
from track loss. current condition of the state variab®,.. An estimateX i of

In this research, we develop a patrticle filtering method thasthe state then follows, for instance, as the mean or the mode
on the more general concept ahportance samplinglS), of this PDF.
in which particles are generated during each iteration @ th The solution to this Bayesian filtering problem consists in
basis of both the particle set at the previous time step amd the following two steps gpredictionandupdate[9]. Assuming
current measurement. This provides the resulting algaritithat the posterior density(X;_1|Y1.x—1) iS known at time
with the important property ofeinitialisation. Importance k — 1, the posterior PDip(X ;| Y1.,) for the current time step
sampling further allows the combination of different typefs & can be computed using the following equations:
observations in a global statistical framework.

The development of a robust acoustic source tracking a{X|YVi.x—1) = /p(XkIXk—1)p(Xk—1\3’1:k—1)ka—1,
gorithm for reverberant environments is the main motivatio (2a)
behind the research described in this paper. In the next
section, we review the generic approach to the problem of PXk[Vrk) o< p(Vr|X) (X k[P 1k-1) (2b)
ASLT. The basic concepts of bootstrap filtering and imparéanwhere p(X | Y1.,_1) is the prior PDF, p(X ;| X_1) is the
sampling are briefly explained in Sections Il and IV. Waransition density, andp(Y.|X ) is the so-calledikelihood
then develop a particle filter for ASLT using the IS approactunction.
in Section V, and finally present the results of experimental
tests that demonstrate the performance of the newly prdpose I1l. BOOTSTRAPPARTICLE FILTER

algorithm in Section V. Particle filtering is an approximation technique that im-

plements the recursion of (2) by representing the posterior
density as a set of samples of the state spﬁé’é? (particley
Consider an array of\/ acoustic sensors distributed atyith associated likelihood Weightﬁ,l(f)’ n e {l,...,N}.
known locations in a reverberant environment with knowp pasic PF variant is the bootstrap filter [9] which can be
acoustic wave propagation speedAssuming a single sound gescribed as follows. Assume that the set of particles and
source, the problem is to estimate the location of this “tafeights {(Xl(cri)l’wl(c@l)}r]yzl is a discrete representation of
get” for each time steg: = 1,2,..., based on the signalsihe posterior density(X,_1|V1.5_1). The bootstrap PF then

sm(t), m € {1,..., M}, provided by the array. Let¥s implements the following three iteration steps:
represent thestate variableat time k, corresponding to the

position and velocity of the target in the state space:

II. SOURCETRACKING AND BAYESIAN FILTERING

1. Resampling: drawV samplesi’f;i)l,n e {1,...,N},

o from the existing set of particleigz‘vt,(jz1}fV:1 according
Xn=lon Yo Tr Gk to their likelihood weightss” .

At each time step, each microphone in the array delivers . Prediction: propagate the particles through the tremsit

frame of audio signal which can be processed using some equation,XEC") = g(f,@l,uk).

localisation technique such as, for instance, steeredfoeaon 3. Update: each particle is assigned an unnormalised like-

ing (SBF) or time-delay estimation (TDE). L3t;, denote the lihood weight,ﬁ;,ﬂ,”) = p(yk\Xk,")). Then normalise the
observation variablglor measurement) which, in the case of  weights so that they add up to unity:
ASLT, typically corresponds to the localisation infornueti

I

resulting from this processing of the audio signals. wlgn) _ w/(c ) _ ?)
Using a Bayesian filtering approach and assuming Marko- ' vazl u?,(j)
vian dynamics, this system can be globally represented by . . ) (NN
means of the following two equations: AS aresult, the set of particles and weights', ™, w; ) }n—
is approximately distributed as the current posterior dgns
Xy =g(Xk—1,ur), (1a) p(X,|Y1.x). The sample set approximation of the posterior
Vi = (X, Vi), (1b) PDF can then be obtained via:
N
whereg(-) and h(-) are possibly nonlinear functions, amg - (n) (n)
and vy, (a)re pos(si)bly non-Gaussian noise variables. (1a) is PV rir) N;w’“ Xk =X, “)

the transition equationdescribing the dynamics of the state _ _ _ N
variable, and (1b) is thebservation equatiothat determines Whered(-) is the Dirac delta function, and an estimatg. of
how the measurements are obtained from the unobserved stagetarget state for the current time stefollows as:

variable. Ultimately, one would like to compute the so-edll -~
posterior probability density function (PDF)(Xk|Y1.x), Xy = [ Xp - p(Xp Vi) dX
N
INote that this research focuses on a two-dimensional protsetting - (n)X(n) (5)
where the height of the source is considered known. The derents can ~ Z Wy, k
however be easily generalised to handle the third dimen$ioedessary. n=1



The disadvantage of this algorithm is that during the predispecial case of the IS algorithm presented here. The baptstr
tion step, the particles are relocated in the state spa¢wutit filter can indeed be derived from the IS procedure with the
knowledge of the current measurem@it. Some regions of simplifying assumptiong(-) = p(X.|X_1), emphasising
the state space with potentially high posterior likelihaoight the fact that particles are sampled without taking the eurre
hence be omitted during the iteration, leading to a dectkasebservations into account. Further information on exist

tracking performance. This drawback can be addressed usatgorithms and other Monte Carlo methods can be found in

the concept of importance sampling. [10-12].
The importance sampling principle allows a decreased
IV. | MPORTANCE SAMPLING estimate variance by virtue of an improved sample-based

. . tation. In terms of minimising the variance of the
Assuming perfect Monte Carlo sampling, léx(1N_~ 'Epresentati .
gp pling, 168"}, weights, which constitutes the so-callddgeneracyproblem

be a set of V' random samples drawn from the denSItYn PF implementations, the optimal importance dengy(-)

p(Xk|Y1.k), with uniform weights w,i") = 1/N,n _
{1,..., N}. This sample set allows the approximate compLP-as been shown to be [10]:
tation of any statistical quantity of interest based on tbé-P .
p(X1|Y1.:) such as its mean or mode, which can be used Qopt( X 1| V1:1) = p(X 3| X -1, Vi) - (7)

as an approximation of the current target state. In practice

however, the posterior density is not usually available &ndlt can be seen that this choice of importance density takes

is hence impossible to sample directly from fit. into account both the previous stafé,_; and the current
An alternative solution is the use of importance samplingoservationy;, making the IS algorithm more robust than

(IS), see e.g. [10]. This method consists in choosing a #eeta the bootstrap method.

importance density (X ;|Y1.,) from which particles are easy In theory however, any density (subject to some weak

to sample,X](c”) ~ q(-). Then, for the approximation in (4) to assumptions) could potentially be chosen as importance- fun

remain a truthful representation of the desired postegmsity tion, the main purpose of which is to redirect some of the

p(X:| Y1), the computation of the weight must be updategarticles in regions of the state space with potentiallyhhig

to (see e.g. [11]): posterior likelihood. In previous literature for instandée
() importance functiory(-) was implemented to take advantage
W™ o P Y ik) of measurements from auxiliary sensors (see e.g. [13])¢hwhi
g q(X,(g")|y1;k) provides an efficient way of fusing data obtained from dif-

(X(n)‘y ) ferent observations. Similarly, the algorithm presentefili4]
_1%7 (6) implements the IS method to draw on information obtained
(X7 V1) from two different measurement processes derived from the

where the second line follows from (2b). The importancé@Me raw data. Contrary to the method consisting in com@inin
weights are hence defined as the product of the likelihod2g different observations in the representatioqf, the IS
function and a correction term that compensates for a potdfichnique hence offers a principled way of including these i
tially uneven distribution of the particles that might rikcom @ common framework, even when the statistical relationship

the process of sampling the importance function. The geneﬁetween the different measurements is not completely known
IS algorithm can be summarised as follows: or hard to determine. This specific approach is applied here

1. SampleN particles according to the importance functiont,o the ASLT problem.

X"~ (X V)€ {1,... N},
2. For each particle, compute the unnormalised importance

o p(Yrlx (™)

weight as defined in (6): V. IMPORTANCE SAMPLING FORASLT
~(n n X(”) y k— i i
w}(C ) :P(yk\Xl(c )) ) (X 1 Yie-1) ) A. Algorithm Design

(n)
a(X 7 Vre) It can be seen that three design choices need to be made
Then normalise the weights according to (3). for a practical implementation of the IS principle, regagi
The set of particles and weight§(X\"”, w("™)}N_ is the definition of the target dynamics, the likelihood fuatj
then approximately distributed as the current posterioF Pand the importance function. These issues are discussed in
p(X,|Y1.x), and an estimate of the current state can ltetail below.
computed using (5). To emphasize the fact that the particles
are here sampled according to a specific PDF (rather tharnl) Target dynamics: in order to remain consistent with
propagated from the previous time step as in the bootstragevious literature [2, 3], a Langevin process is used toehod
implementation), the ternmportance particleswill be used the dynamics equation (1a). This model is typically used
from now on to denote the samplﬂ%”) generated by drawing to characterise various types of stochastic motion, and it
from the importance functiog(-). has proved to be a good choice for the current application.
Note that, although described in this work as a separafbe source motion in each of the Cartesian coordinates is
algorithm, the bootstrap PF of Section Ill corresponds toassumed to be an independent first-order process, which can



be described by the following equation: of a different measurement process. Rather than a fine-scale
and accurate representation of the particle sampling areas

1 0 oIy, O . S . .
01 0 af the importance function is typically meant to give a coarse
X = 00 a 0“ X1+ ug, (8a) indication of where the particles should be sampled in thtest
00 0 a space. Based on the signals received at the sensors, several
principles could be used to implement this function. The SBF
G output computed for low frequencies is however known to

with the noise variable: possess these desired properties. The SBF beampattern at
high frequencies generally exhibits a narrow main lobe and

22
0 b1 20 ) 0 0 suffers from aliasing effects which typically generate répus
u, ~ N 0 , 0 b 02 0 , (8b) peaks in the observatioAsFor low frequencies however,
8 8 8 bo b02 the aliasing effects are reduced and the width of the main

lobe in the beampattern becomes more important, leading
Q to less accurate but also less ambiguous localisationtsesul
E—Ience, this approach is of particular interest in the candéx

a . . . . .
importance sampling, and the importance function is defined
here asq(-) o Pq.(£), which is computed according to (9)
with the integration carried out over the frequency bahd

w € 27 - [100Hz,400HZ]. Note that because the importance
function is typically evaluated on a grid defined across the

where V' (p, ) denotes the density of a multi-dimension
Gaussian random variable with mean veqtoand covariance
matrix 3. The parametel}, corresponds to the time interval
separating two consecutive updates of the particle filtke T
model parameters in (8) are defined as:

a=exp(—8Ty), entire state space (see Section VI-A), this function can be
b= m, gzii)i/tynormahsed and it is hence not defined as a pseudo-

with © the steady-state velocity parameter ghthe rate con-
stant. The transition PDB(X | X ;_1) then simply follows
from the noise characteristics defined in this model: B. Proposed IS Algorithm for ASLT

P(Xk| X 1) = N (X1 GX 1, Q) The proposed IS algorithm for ASLT, which will be denoted

with N(a; p, X) the density of a Gaussian variable withSBF-IS from now on, is given in Algorithm 1. It must be
meany and covariance matrif evaluated atv. noted that the previously defined importance function is/onl
a coarse approximation of the optimal densjty(-) defined
2) Likelihood function: experimental results from previousin (7). since it only relies on the current SBF measurements.
research carried out on particle filtering for ASLT have showln order to generate some of the state samples on the basis
that steered beamforming (SBF) delivers an improved trackiof the previous particle setx\™ 1, a standard bootstrap
performance compared to TDE-based methods [3,15]. TABtion is included in the algorithm (iteration step C). Alsoa
SBF principle is hence used here to implemenpseudo- Manner similar to [14], the reinitialisation step (itecatioption
likelihood (PL) function, as introduced in [$]With S,, (w) = A) has been added to allow the PF to deal efficiently with
F{s,(t)} the Fourier transform of the:-th signal data, the speech pauses or detect a new target entering the scene. This
likelihood function is defined as the outpBt(¢) of a delay- Procedure can be seen as a mixed-state bootstrap step, with
and-sum beamformer (DSB) steered to the locafien|z |7, particles distributed according to a combination of thgioal
and computed over the frequency dom&in bootstrap density and the reinitialisation density. Tc thir-
o pose, the reinitialisation density has been simply defiodaket
Po(l) _/ ‘ Z Spn(w) exp(jwlle — ||c_1) ‘de ) the same PDF as the importance function, implicitly defining
alf) = O " *PU " ' iteration option A of Algorithm 1 as an importance sampling

) N step without compensation of the corresponding importance
where ¢,,, = [z, y»]' is the known position of then-th weights.

microphone. In the sequel, the Iikeﬂhood function is hence The resampling process involved in iteration step C of the

computed according t_q’(yk|xk) = Pa(£), with the IS algorithm can be easily implemented using a scheme based
location vector£ reflecting the current state of the varlable(-)n a cumulative weight function [9]. Alternatively, seviera
&) and with the integration in (9) carried out over theyner resampling methods are also available from the partic
frequency rangé?, : w & 27-[300HzZ, 3000HZ]. filtering literature, see e.g. [11]. Any of these methods may
also be used to efficiently implement the process of sampling

3) Importance fl_Jnctio_n: the purpose of(-) is o relocate o ticles from the (discrete) importance functig), in steps
some of the particles in the state space taking the curr&ptand B of Algorithm 1.

observation into account, and potentially also taking athge

m=1

2The pseudo-likelihood is defined as a pseudo-density, wiitérs from 3Spatial aliasing is a well-known phenomenon in the microphamay
a true PDF in that it is not necessarily suitably normalisede Teader is literature [16]. This effect is especially pronounced withidely spaced
referred to [3, 8] for a description of the pseudo-likelidoapproach. microphones, which is the type of arrays considered in thigkwo



Assumption: at time k — 1, the set of particles and @pproximated as follows, using (2a) and (4):

Weights{()(fc"_)l,w,(c"_)l)}ﬁf:1 is a discrete representatio N ‘
of the posterior distributiom (X x_1|Y1.x—1). P | YVigo1) ~ Zw,@l px M), (10)
=1
However, because the importance particles are samplein th
d- state space in a manner that usually violates the propagatio
model described by (8), the transition PREX ;| X ;1) in
(10) must be updated in order to allow these sampled pasticle
to be given non-zero weights. In the sequel, the following
d transition PDF will be used in the implementation of (10):

Iteration: for each particle, i.e. fon =1,..., N, choose
randomly one of the following sampling methods accof
ing to their respective probabilities:

A. Reinitialisation (probability Pr): sample the particle
X,(f") ~ q(X|Y1.x) and compute the unnormalise
importance Weightb,g") = p(yk|X§€")).

. Importance sampling (probability Ps): sample the
particle X,(f") ~ q(Xk|Y1.k), and compute the un-
normalised importance weight according to (6):

p(X;(Cn)|y1:k—1)

(I(X;(Cn) Vix)
. Bootstrap (probability 1 — Py — Ps): draw a sample

ﬁ);(gn) = p(yk\?fi")) :

P(X k| X 1) & (1—9) - N(Xi; GXp—1,Q) + 9 - U(Xy)

wherel{(-) denotes the uniform distribution (defined over the
considered state space), and the background probabilisy

set to a small constant to account for the fact that impoganc
particles are not governed by the same dynamics model as
particles used in a standard bootstrap step. More infoomati
about tracking models with switching parameters is prayide

in [17].

Finally, it can be seen that the importance functign)
defined in Section V-A only contairgpatialinformation about
the state vectoA’. As a result, the velocity component of the
importance particles is here set to some random value upon
sampling from the importance density:

Xé’ll from the set{x{"” }_, with probability
w,(jzl, then propagate it through the transition equ
tion, " = g(x'"  u,). Compute the unnor-

malised importance Weightz,i”) = p(yk|X§€")).

Finally, normalise the weights according to (3).

" 0] [* 0
- =] [0 #)
Result: the new set{(.ﬂlf’,(cn),w,(f))}nf\’:1 of particles and y](cn) 0 0 b

weights is approximately distributed as the posterior d
sity p(X,|Y1.x), and the current target state can
estimated according to (5).

Bn-
be VI. PRACTICAL EXPERIMENTS
A. Experimental Setup

The setup defined for the following experiments was based
Algorithm 1: SBF-IS, importance sampling algorithm for ASLT. on a medium-sized room measuring rougalgm % 3.8m x
2.7m, and fitted with an array of\/ = 8 omnidirectional
microphones positioned at a constant height and organsed a
one pair on each wall. In each pair, the distance between the
sensors wag.6m.

The microphone signals used in the experiments were
The respective probabilities of each sampling method asrgmples of audio data sampled &z, either recorded in

free parameters in the IS algorithm. They can be determingc{eaI office room or generated using the image method [18].

. . . . . or the practical recordings, the sound source was sintllate
in various ways, including setting them to constant values . .
i - . With a loudspeaker moving along a predefined path across the
as done in [14]. Here, these probabilities are determined a : i
. ; .~ enclosure. The signals were split into frames of 512 samples
every time step on the basis of whether the current impai- : . .
N . : rocessed using a Hamming window), and subsequently used
tance function is suitable for sampling or not. Ideally, th . . :
. Lo s observation to compute both the importance and liketihoo
importance function is expected to present one peak on
explicitly defining one single region where particles ardé&

dhctions. The data processing was carried out using a 50%
generated. If this function presents several local maxitria,

overlapping factor, yielding the update intervd) = 0.032s.
. . . : The numerical values defined for the transition model param-
obviously not appropriate for single-target tracking. Een / d
during each PF iteration, the importance function is firs ers were set to :0.7m_s an 6:.1OHZ' .
' For the SBF-IS algorithm, the importance function was
computed across the state space, and the nuiiperf peaks . : . . o
. . computed over a horizontal grid of points uniformly distried
above a certain threshold (defined here as 90% of the Iarggg}oss the state space with a spacing.afm
measured value) is then determined. The reinitialisatioth a P P s
bootstrap probabilities are then computed &s:= FPr/Ne
and Ps = Ps/Np, where P; and Ps are the prior probabilities

In the following results, the performance of the IS algarith
is compared to that of the SBF-PL method, a bootstrap-only
of each method, respectively, and have been optimised on
basis of practical tests @% = 0.01 and Ps = 0.25.

Igorithm described in [3]. For both methods, the number of
ﬁ’é ticles was set taV = 30. Other algorithm-specific pa-
rameters were optimised empirically to achieve a satisfgct

In practice, the density(x,(c")wl:k_l) in the computation tracking performance, using a reference sample of realbaudi
of the importance sampling weights (iteration step B) can laata recorded in the environment described above.

C. Discussion of Practical Implementation Aspects



0.2 T T T T T T T 0.02

0.1r 0.01r

o1} -0.01f

-0.2

-0.02

3 4
time (s)
SBF-PL

T T

N
T

X—position (m)
-

x—position (m)

o

w
T

y-position (m)

-
T

y—position (m)
N

&

ol

~
o

7 . . . . . . . . . . .
time (s) 0.5 1 15 2 25 3 35 4 45 5 55

SBF-IS
T T

Fig. 2: SBF-IS tracking results with alternating conversation scenario.
Top plot: example of audio signal generated for one of the array
‘ sensors. Vertical dotted lines denote a change of speBketom

0 ‘ ‘ ‘ ‘ ‘ ‘ ‘ plots: tracking results inc andy-coordinates. Dotted lines represent
the position of the active source.

X—position (m)

y—position (m)

| 4 Figure 1 typically constitutes an example of target detecti

0 ‘ ‘ ‘ ‘ ‘ ‘ ‘ (track acquisition), for which the IS method clearly shows
* me (s) its superiority over a pure bootstrap implementation. More

results on the tracking performance of algorithm SBF-PL can

Fig. 1: Tracking results obtained with an 1S-based and a non-ise found in [3].
method.Top plot: example of signal recorded with one array sensor

for this simulation.Bottom plots:true source position (dotted line),
source location estimate (solid lines) and lines representingne
standard deviation of the particle set (grey lines).

The results depicted in Figure 2 were obtained with a
scenario where two speakers take part in an alternating con-
versation. The simulation was carried out using the image
method to generate signals originating from two different
locations in the above mentioned setting, with a reverimrat
time Ty = 0.35s. White noise was added to the microphone
gignals with an SNR level of abow0dB. The plot at the

SBF-IS algorithm is depicted in Figure 1. It contains thet$)lot°p Off F;]gure 2 shov# an e>.<an|1|cc)jle O; sl,_lgnal resulting fpr
of the estimated source position versus time resulting frofi'® © the Sensors. The vertical dotte Ines reprgsent time
the two PF methods. The grey lines above and below tméstants at which a speaker change occurs in the originatsou

estimated source position represent plus/minus one smimd%{gn?l' Tge _ploés a?ththﬁ bgtBtlo:rr:Sof lF'gL.”he 2 _T_E_owdthe tracking
deviation of the particle set for both theandy-coordinates. results obtained with the 1S algorithm. This demorstra

The audio data used in this example was recorded in a r8AF€ again the efficiency of this method which _automatically
office room with reverberation tim&y, — 0.39s and average switches between talkers as soon as a speech signal isaedktect

SNR 9.4dB. The acoustic source was moving at a constafit @ different location in the state space.

speed along a straight line over a distance of abioGm.

The signal recorded with one of the array sensors is given @s Image Method Results

an example in the top plot of Figure 1. This practical result Results presented in the previous section specifically
also demonstrates the reinitialisation capabilities & t& demonstrate the performance of the IS algorithm during the
method, with the set of particles purposely initialised in phase of target detection, i.e.lotalisationmode. This section
random room location at the start of the simulation, atiwat deals with a more specific assessment of the PF operating
away from the true start position of the target. As soon @&s tracking modeonly. To this purpose, the particles were
the source starts emitting an acoustic signal, the IS meithodnitialised at the true source location at the beginning asfte
able to relocate its particles towards the true source iposit simulation in the following results.

and subsequently tracks the target as it moves across the staFor this experiment, the microphone signals were generated
space. The non-IS filter is unable to detect the source duewtith the image method [18] for varying values of reverbenati
the current measurement data not being taken into accotinte 759. White noise was added to the resulting signals
when propagating the particles. The situation described with an approximate SNR level df0dB. A single example

B. Tracking Examples

A typical example of the tracking results achieved with th



seF-PL Ps respectively. A bootstrap implementation constitutes an
extreme limit in this tradeoff withP, = Ps = 0.

: On the basis of a (non-optimised) Matlab implementation,
osh A m m | it can be seen that the SBF-IS algorithm requires roughly

RMSE (m)

twice more computational power than SBF-PL to process the
same amount of input data. This is of course due to the
additional task of computing the importance function over a
fixed grid of points across the state space. However, a real-
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SBF-IS
T T

1t o time implementation of the SBF-IS algorithm, running on a
E . 1.7GHz computer in conjunction with a 16 sensor array, shows
‘%0.57 Coqd i EE EE ] that this additional processing power requirement does not
Y ;g; Eﬁ 4 Eil Ho represent any difficulties for modern desktop computerge®Gi

0.000.06 0.13 0.21 0.28 0.35 0.42 0.50 0.‘57 0.64 0.‘71 0.‘79 th|S hardware Setup, the number Of partiCles in the IS aIW|
Teo ©) can be increased up to 120 before reaching the limits of the
system resources, which proves to be more than sufficient
Fig. 3: Statistical tracking performance results obtained with simder the considered application. This practical implem&ata
'?tﬁdILeVerbheL%”Xt ?c?ttatk(ni?ggtes Teetrggg:fk‘@ggudsggear?tfsrem\‘eer?iedemonstrates the robustness of the IS algorithm when $ocali
;? the tgzcand bgtto,m of the boF>)< correspond to thep75th ,and Zg@ sources and tracl_<|ng fast target mothns in the settirgy o
percentile of the data set, respectively, and the horizontal line in the)Mx4-5mMx2.7m office room with a practically measured re-
middle of the box is the median of the data set. verberation timéy = 0.5s. Demonstration movies (originally
recorded in real-time) showing some typical examples of the
IS algorithm output delivered by this implementation can be
of target trajectory and source signal was considered, aittfound online at http://www.watri.org.asericl/tracking.html.
path corresponding to &.6m straight line across the room. Finally, it must be kept in mind that the tracking perfor-
The source signal was a sentence uttered by a male speakemnce of the IS method developed in this paper can be poten-
defining a7.3s audio sample. tially largely improved by using some additional infornaati
The results presented in Figure 3 were obtained by sim{guch as e.g. voice activity detection) to adjust the riailst-
lating each PF algorithm 100 times for the considered audion probability ;. The use of a more elaborate beamforming
data. For each run, an estimate of the tracking accuracy waciple providing improved localisation estimates wibalso
computed as the average deviation (root mean squared eread to a better tracking performance.
RMSE) of the PF location estimate from the true source trajec
tory. The statistical distribution of this assessment jester
(for each value offy) is plotted in Figure 3 using a boxplot
representation, which contains information about intartle

VII. CONCLUSION

: Speaker localisation and tracking are complicated array pr

range and medlan_ of the RMSE .data. set. ) cessing applications, made especially challenging by ¢exnp
For low to medium reverberation times, i.e. up® ~ (eyerberation effects and the discontinued nature of $peec

0.6s, these results show that the median t_rapklng accuragynals. Adopting a Bayesian filtering approach to this fewb

of both IS-based and non-IS methods are similar. SimulatiQql, y< ¢ superior tracking performance compared to taditi

runs for which th_e PF does not recover after losing traqk 9Eoustic localisation methods. In this paper, we have dpeel

the target result in the appearance of a second mode in INGaricle filtering technique using the principle of immorte

distribution of the RMSE parameter. This effect can be se@Qphjing. The resulting algorithm is able to automatically

easily in the SBF-PL results for reverberation times greatg,-qver from track loss, detect a new source entering the

than about.4s, whereas the reinitialisation capabilities of the -, ,stic scene, and switch between speakers taking thirss, t

SBF-IS method allows such cases to be mostly avoided. Qing it more suitable than bootstrap methods in practice.
the other hand, algorithm SBF-IS exhibits distributionstef practical tracking system, a bootstrap-only algorithnuldo

RMSE results that are more spread out: the outliers appear pically necessitate additional processing units to deish

as the tail of the distribution rather than a separate mobis. T, ., scenarios. whereas the IS method already integrates th
results from the SBF-IS algorithm occasionally reiniS&lg ¢, ctionalities a’lt a low level in the algorithm.

off-track (i.e. erroneously) and then recovering, rathantdue
to a complete and definitive loss of the target as with SBF-PL.
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