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MULTI TARGET ACOUSTIC SOURCE TRACKING WITH AN UNKNOWN AND TI  ME
VARYING NUMBER OF TARGETS

Maurice Fallon andSmon Godsill

Signal Processing Laboratory
University of Cambridge
Trumpington Street, Cambridge

CB2 1PZ, UK
Email: mff25@cam.ac.uk

ABSTRACT which identifies newly active sources, keeps track of them

Particle Filter-based Acoustic Source Tracking algorghm and removes them when they become inactive.

track (online and in real-time) the position of a sound seurc, . Note that the S.teered Beamformer Function (SBF) IS used
- a person speaking in a room - based on the current data froF% isolate Iocallsz?\tlon |nf0rmat|on from _each frame of roicr
a distributed microphone array as well as all previous datghone array audio, as previously used in [2, 3].
up to that point. This paper develops a previously introduce
multi-target (MTT) methodology to allow for an unknown 2. EXISTENCE GRID
and time-varying number of speakers. Finally examples show
typical tracking performance in a number of different scena An important part of our particle filtering algorithm is an
ios with simultaneously active speech sources. effective proposal mechanism for initiating new targetd an
deleting existing ones. An approach which does not include
such a carefully designed data-dependent proposal mecha-
nism is likely to suffer from poor exploration of the variabl
dimension target space. To achieve this goal we adopt an
1. INTRODUCTION existence grid approach, based quite closely upon [5], but
with likelihood functions carefully designed for our actias
The application of particle filtering to speech source Ibcal |ocalisation framework. This existence grid is a low resolu
sation and tracking (AST) is an increasingly active area ofjon grid overlayed on the surveillance region and updated a
research. A seemingly simple problem at the outset, AST igach jteration to reflect our belief in the existence of t{g)e
complicated by the existence of noise sources, reverberati i, each of the cells of the grid.
other speech sources and - possibly most challenging of all - g\ 5uating the SBF function using a low band of frequen-
the non-stationarity of speech. _ cies, in this cas@ < [100,400]Hz, reduces the peaked nature
~ The field has developed very recently from trackingyfhe underlying surface, as discussed in [6]. As a resolta |
single-source recordings in synthetic environments [8], t esojution grid, with cells with cell dimensions in the order
tracking in real and challenging environments [2], and re gp-120cm across, can provide a coarse estimate of rdgiona
cently to tracking multi-source recordings [3]. Howevezsk  activity for the current frame of audio. Using the Bayesian
algorithms typically assume that the source(s) are aate@f 5qate framework discussed by in [5], this estimate can be
the start of the algorithm and run to its end without any majoi,ompined with previous data to give a posterior estimate of
silent pauses - which is obviously an over-idealisation. activity in each cell. It is important to note that because of
Previously we introduced a methodology for multi-targetihese two design choices the computational draw of this mod-
tracking of acoustic sources. The method avoided data agje is very small, especially when compared with the ensuing
sociation by use of the track-before-detect paradigm, [4]particle filter.
and t_racked multiple sources simultaneously. Again this_ While details of the updating procedure can be found in
technique assumed knowledge of the number of sources @) it is necessary to design likelihood functions for eagh

the surveillance region as well as their initial positiorls. jstence cell, given it contains at least one targét;o; — 1),
the following an entirely probabilistic strategy is propds no targetsp(z;|o; = 0).

This work was supported by Microsoft Research through thejiean Having first Used_ a normal CDF tQ map the SBF values
PhD Scholarship Programme. onto the rang@, 1] (similar to that used in [3]), the likelihood
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functions for cellj will then be as follows: we have then that(al |l ) = N(al;f(al_;),02) where
the formulation is as in Eg. (8) of [6].
p(ziloh =1) = a(N(ziLo1)+q), 0<z <1 Within our framework we propose also to model the
p(zj|0§ =0) = co(N(2:0,00) + o), 0< z < 1(1) random appeara}nce.(‘.birth’) apd disappearance (‘death’) o
speakers. For simplicity we will assume at most one target
whereg; andg, allow some heavy-tailed behaviour in both May appear or disappear at each time step:
active and inactive casesgy andc; are the normalising con-
stants necessary to normalise the pdfs in the intdtval). Ty = T + € ®)

z; is the (CDF-transformed) low frequency steered responsg, 4 will do so with a prior probability distribution
power evaluated at the centre of cgll Variance and noise

floor constants used herein are as follows, based on careful Pr(e, = —1) = hy
tuning to real datasets: Active Soures: = 0.02 andg; = 7; p(Th|Th—1) = Pre, =0)=1—hy — hg (4)
Inactive Sourcesy = 0.4 andqy, = 40. Note the large dif- Priep = 1) = hy

ference between the variances used - which illustratesthat
active source measurement is deemed to be much more infor- whereh;, andhy are probabilities of incrementing and decre-

mative than amnactive source measurement. menting the number of targets, respectively. In generand
The whole procedure produces, at each time fraraad ~ ha Will be set equal, except wheh -, is equal to 0 off max.
for each cellj, a probabilityg; for activity of targets. These The prior state distribution of new target births,(a},),

values, in association with the configuration of active égsg may be chosen to reflect areas of the room in which new
within particles at the previous time frame, are used to prospeakers are more likely to appear - such as near the door-
pose target initiations and deletions within the partidierdj ~ Ways of a room. To maintain the generality of our approach
which is now described. no such information will be used at this stage and the prior
distribution of the location parameters will be set to be-uni
form across the celpo (%, yl) = Us(zt, yi.), whereS will

be the volume of the entire surveillance region. Seconléy, t
prior distribution of the velocity componengs (i, y5.) will

Sbe initiated normally around zero velocity to give

3. TRACKING FRAMEWORK

The tracking system will utilise a variable-dimension part
cle filter to keep track of the time-varying number of source
present in the room. The strategy is similar to the framework
of [7], combined with an activity grid-based target prodosa

method similar to [5]. The number of targefs,, within each  Thus the overall prior distribution of the full state vectdr,,
individual particle may vary in the rang@, . .., Tmax}, rep-  can be stated as follows

resenting the number of speakers deemed to be active at any

given timek. Timaxis the maximum number of simultaneously  P(AklAk—1) = pa(ai’ lajy, T, Ti1)pr (Tk|Ti—1) (6)

active speakers and is chosen to be 3 in our experiments. Anh h _ t the ori lated to th "
individual particle state-space, containiiig targets at time w e[je tbe Eomém of the prior related to the target postion
k, is defined as follows can be broken down as

polad) = po(xh, yh) x po(dh, vk) (5)

Pa (Oéjlcsz |Oé]1€31)1C ) Tka kal) =

Ak:(a}c,...,a;‘g",Tk) 2
HtT:kilt;ét/ p(aﬂa}i_l) if Ty =Tp—1 — 1
i o st prdoworig. €xch et | [I5 Tl wn-n @
polog®) x TI2 " plaglag_y) if T =Ty +1

Y-dimensionsad, = (zf,y!, 2%, 9%). The aim of particle
filtering is to update the posterior probability density the  anqy/ is the target removed at tinie
entire vector given in (2) using information drawn from the
current measurement sé. 3.2. Sequential Monte Carlo Methods
3.1. Data Model As n_went_ioned above our goal is to esti.mate the joint posterio
distribution of the target states recursively, and we adopt
Each active target within the state-space system will be-modstandard two step Bayesian update rule. However for many
elled to evolve according to a nonlinear state transitiameeq models of interest the evaluation of the integral and update
tion based on the Langevin dynamical model which has beesteps is intractable. As a result Sequential Monte Carldvmet
used previously in this field, see [1, 2, 3]. This will allow us ods have been proposed to approximate the recursion for such
to form the dynamic model in for a targef, which has been complex measurement or dynamical models. The basic idea
active in frameg — 1 andk. In terms of probability densities is that a complex probability distribution can be represdnt



as a set of weighted Monte Carlo importance samples, see [8etected the correct object position in an earlier time am
for a recent survey. £(i) t\Z
The problem at hand has many state variables and more- %+~ go ety ”)_ _
over has a time-varying number of speakers encoded into it. ~ BN(ah;al 629y + (1 - BUs, (o) (9)
Hence, instead of sampling from the dynamical model alone, . . N
. . . 3. Updating of persistent target positions: Finally
as would be done in the standard bootstrap versions of partt|- L )
- - . : he states of targets persisting from time-step- 1 are
cle filtering, we will instead sample thith particle for the new ) . ) i)
state vector from an appropriately selected proposal fomct propa%?ged using the Langevin dynamical modef,” ~
| | alaflog, ze).
AD (A AV Z ) (8) In this way four distinct events can occur: one target may
be birthed to a particle, one may be removed from a parti-
cle, a target by be birthed and another removed and finally no
change in the target set may occur from the previous time-

~ o@D T 7D 7 Nar (T T, Zik)

whereq, () andgr(-) are importance sampling functions for
the position/velocity and target number states respdgtive step.

and an appropriate correction is then made for the bias in- )
troduced in the importance weighting step (see again [8] fos-3- Importance Weights

details). _ Having determined the particle set for current iteratidre t
According to (8), we first propose the new target NUM-importance weights will be updated using
ber in time-framet by first removing unsupported targets and

then adding targets to newly active regions of the existence @ o UZi | AL P (AL 1AL )

grid as follows. k k=1 Q(Az(f)|v41(:)1azl-k) '
1. Removal of targets:Using the existence cell probabil- o . 7

ities evaluated in Section 2;.,, a set of relative probabilities Where the likelihood term is determined up to a constant of

for the removal of a target are evaluated, using Eq. (52) oproportionality by using a likelihood ratio calculatiors @

[5], 11, ... ,vr,_,. The sum of these terms, representing thd4. 3]- The SBF grid with a 10cm density integrated over the

overall probability of any one of the targets being removed, frequency range of 200-6000Hz. The formulation as a likeli-

Vy. This, along with a constant probability for the removal ofhood ratio implies that we only need evaluate this functibn a

no target, are used to draw a decision of whether a target the grid cells that contain targets, and the computatiodsiee

(10)

removed or not only be made once and stored for each grid cell, and not for
B each particle containing a target within that cell. This SBF

o(Toi |T(i) )= { Priepr—1=—1)=Vi_ surface is computed separately from the low resolution SBF
=tk Priegr—1=0)=1-Vj required for the activity grid detector in Section 2 and the

_ likelihood ratio is calculated as
Should the removal of a target be decided upon, a random

draw from the set of target removal probabilities is made,
the associated target is removed and the intermediatory tar
get number is decremented as folloW l,)c_l = T,ii)l -1
Otherwise no action is made.

2. Initiation of new targets: In a similar manner to the
above a set of relative probabilities for the addition of avne
targetare evaluatedy, . . ., ks and the sum of the these prob-
abilities is/C;.. A decision is then made

(4) =T 2Zt -1
1z A7) = ] e (11)
t=1 N

where the target is located in celandz; is derived from the
steered response power of the SBF steered to the centrd of tha
cell in the same way as (1). This likelihood ratio is the same
as was used in [3]. Note that this ratio is a special case of the
likelihoods of the form found in 1 witlbg = 07 = o and

1 =qo=0.
) (i) Pr(e, = 0) = Ky, . Finqlly_it should be noted tha}t because _of the temporal
0(Ty, | Tyyp—) = Prle, =1)=1— Ky discontinuity of speech, for multiple acoustic source krac

ing it is necessary to trade off the better tracking accuracy
where(1 — K1) is the (normalised) probability of adding no of a dominant source against improved tracking stability of
new targets. Should a new target addition be decided upomeaker, less active sources. This trade-off involves céref
a random draw is made to chose a cell in which it should bghoice of the likelihood parameters and judicious use of re-

initiated. sampling strategy parameters.
Having selected the cell, the target position is initialise
using a weighted combination of a uniform distribution writh 4. EXPERIMENTS

the physical region of cell§;, and a normal distribution cen-
tred on the weighted mean of any particle states currently exto test the algorithm, a set of recordings were made in a typ-
isting in that cell, the idea being that some particles masha ical office room with twelve microphones spaced around a



roughly 5m x 5m space and illustrated in 2. The setup and
other details were identical to that used in [3]. 500 paztcl
were used in iterations which allowed for in realtime opera-
tion in MATLAB on a typical PC.

Figure 1 depicts tracking performance in theand -
dimensions for two alternating speakers taking part in a con
versation. The duration of the sample is 20 seconds. The
location of each source duriragtive speech is indicated by
a solid line. Overlayed is the results of a typical run of the
algorithm. Every twentieth estimate of the estimated activ
source location is given while the variance of the estimites
indicated by error bars. The algorithm can be seen to cdyrect
identify and track the active source and to quickly switch be
tween the two speakers.
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Fig. 1. Example of tracking two sources in conversation. Note
that at 10 seconds the error bars indicate high uncertainty i
the silent gap between the speakers. [3

Figure 2 illustrates the tracking of two sources alternat-
ing between activity and inactivity which includes segnsent 4
in which both sources are simultaneously speaking. The up-
per plot illustrates tracking performance in both X and Y di-
mensions with source position estimates indicated by esoss
The lower plot illustrates the number of sources estimated t[5]
be active (again indicated by crosses) compared to the num-
ber that actually were. The algorithm is seen to preform both
of the tasks successfully. [6]

5. CONCLUSION

A probabilistic algorithm for the detection and tracking of
an unknown and time varying number of speaker has be
proposed and demonstrated. While there exists considerabl
scope for further optimisation of the algorithm, the resilk

lustrate an ability to track more than one source simultan
ously and in real-time. The main limitation of the algorithm

is a maximum number of simultaneous active sources, could
perhaps be improved by notch filtering of dominant speakers.
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Fig. 2. Tracking two simultaneously active sources.
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