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Speaker tracking with a microphone array using Kalman filtering
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Abstract. In this publication a method for tracking a speaker Due to the one-sample-precision of the TDOA estimation
with acoustical information by means of a microphone arrayalgorithm and due to noise and reverberation influences, the
is presented. A sound source localization algorithm based DOA estimates and the real TDOA values are not identi-
on the time delays of arrival of sound waves in microphonecal which leads to relatively high variances in consecutive
pairs provides initial position estimates. These significantlyposition estimates. In this publication a method to smooth
varying estimates are spatially filtered by an adaptive Kalmarthe speaker trajectory and to assure robustness by means of
filter to obtain a smoothed trajectory of the speaker’s move-an adaptive Kalman filter is evaluated for a real data single
ment. Experimental results with real data are presented for apeaker scenario in a noisy and reverberant office environ-
variety of scenarios recorded in a noisy and reverberant ofment.

fice room environment. The paper is organized as follows: In Sect. 2 the localiza-
tion of sound sources based on time delay estimates is pre-
sented. Filtering the initial estimates of the sound source po-
sition by an adaptive Kalman filter is discussed in Sect. 3.
Section 4 describes the experimental setup. In Sect. 5 we

Integrating acoustic perception by means of a microphone arpres_ent and evaluate the obtained results. Finally,_sor_ne con-
ray into autonomous humanoid robots is nowadays an imporglusmns are drawn and an outlook for future work is given.
tant area of research. The aim of the robot's hearing system
is not only to be able to interact with a human operator but
also to create an acoustic map of the sound environment anﬁi Time- delav- based localizati f d
to perform an acoustic scene analysis, i.e. the localization, €- defay- based localization ot sound sources
separation and classification of sound sources present in the )
acoustic environment. Especially the task of acoustically lo-2-1 ~ Signal model
calizing a speaker in a room environment is of great interest
not only in robotics but also for teleconferencing or acousticFor a given pair of spatially separated microphongsand
surveillance systems. M;, the recorded sensor signailgr) andx;(¢) for a signal

The technique of choice in most recent acoustic localiza-s (), emanated from a remote sound source in a reverberant
tion systems using microphone arrays is a two-step proceand noisy environment, can be modeled mathematically as
dure. First, the time delay of arrival (TDOA) of sound signals
in a pair of spatially separated microphones is estimated. Ny, (r) = h; () * s(t) + n; (t)
a second step the estimated TDOAs of different mlcrophonexj (6) = hj(t — 1)) % (1) + 1 (0), 1)
pairs are used in combination with the microphone array ge-
ometry to localize the sound source. To avoid the compu- ] ] ]
tational demanding solution of a set of non-linear equationdVherez; represents the relative signal delay of interest,
for the exact sound source position, sub-optimal closed-formignifies the convolution operata; (1) is the acoustic im-
localization estimators with satisfactory precision can be ap-PulS€ response between the sound source and'teicro-

1 Introduction

plied (DiBiase et al., 2001; Huang et al., 2000). phone and the additive term (+) summarizes the channel
noise in the microphone system as well as environmental
Correspondence tdD. Bechler noise for thei’" sensor. This noise;(r) is assumed to be

(bechler@int.uni-karlsruhe.de) uncorrelated with (z).
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2.2 TDOA estimation with GCC method 2.5 Localization algorithm

The most popular approach for determining the TDOASs To derive from the TDOAs and the microphone array geom-
is called the Generalized Cross-Correlation (GCC) methocetry the source position, the exact localization necessitates

Knapp and Carter (1976). The relative time detgyis esti-  solving a set of non-linear equations, which can be compu-
mated as the time lag with the global maximum peak in thetationally demanding. To accelerate the sound source posi-
GCC functionRi(j%")(f) tion determination, the One-Step Least-Squares (OSLS) al-
gorithm (Huang et al., 2000) is used. This closed-form lo-
fi = argmafo}?)(r). (2)  cation estimator approximates precisely enough accurate the

exact solution to the non-linear problem.

This GCC functionRi(jg)(r) is defined as

too 3 Spatial filtering
R¥(7) = Vij(@)Xi (@)X (@) e dw. (3) _ . o
-0 For a continuous source trajectory these initial, significantly

The weighting functiony;; () intends to decrease noise varying position estimates obtained by the localization al-

and reverberation influences and tries to emphasize the GC@Ochm dgscnbed in Sect. 2 are ;patla!ly smoothed by a
value at the true TDOA value;;. For real environments Kalman Filter (KF) as post-processing unit.

the Phase Transform (PHAT) technique (Knapp and Carter3 1 Kalman filtering

1976) has shown the best performance. This PHAT weight-""

ing function is defined as For the motion of a speaker the time-discrete state space de-

1 scription by means of a state and an observation equation is
pi @) = ————. (4)  used. The state equation is defined as
|Xi ()X j(@)*] :

2.3 Confidence criteria for TDOA estimates x (k) = Ax(k — 1) + Bu(k) (®)

To detect outliers in TDOA estimates, two confidence crite—Whe_r,ex(k) IS a St"’_“e vector at time |n§taknconta|n|ng the
fia can be used: the value of the maximum peak and the rati(5>osmon, the velocity and the acceleration of the sound source
between the’L and the 2¢ peak in the GCC function (Bech- Cartesian coordinates. The time-invariant state transition

. . 2 . .
ler and Kroschel, 2002a,b). These criteria allow a reliability matrix A as Wi” as the varianos; of the WZ'te Eo'ierglf)
scoring of individual estimates and can be used to reject erfépresenting the system error are assumed to be krisuen.

roneous measurements. The higher the value of these pro;She time-invariant system noise coupling matrix mapping the

erties of the GCC function the higher the probability that the s;l:/)stem error to th? elements of the state veet@. In the
TDOA was estimated correctly. observation equation

2.4 Data association and clustering of TDOA estimates y(k) = Cx(k) + n(k) ©)

. . o . . k) is the observation vector containing the source posi-
With the confidence criteria described in Sect. 2.3, a tradeolf'( ) 9 P

has to b de bet hiah ber of estimat ion, C is the time-invariant measurement matrix mapping
as 10 beé made between a high number of esimates NeCexsq oiqia of the system to the observation vectormigl is

sary for a continuous source tracking, and a high percentagé e noise with the covariance mati y (k) representing

of correct TDOA estimates, which is crucial for robust SOUICe o measurement error. For our scenario. in which a speaker

I(t;éacllza:tlonihAddltloEallty, the one?samprlwe_:-f]r_emsmgl of trl_e can move arbitrarily in the acoustical environment, three mo-
aigorithm can be too Imprecise, which Is problemaliCy;,, \4qels are reasonable: a static, a constant velocity and

;ort the Iocgllt;atlon ;Iglorltthm. tAsha.solun?n ;/;/]e ?g)gzse a constant acceleration model (for the definitions of the ac-
ata association and clustering technigues for the es(’:ording matriced\, B andC cf. Grimm, 2001).

timates. To initialize an acoustic track, a high reliability is
demanded and therefore a high threshold for the value of thg 5 Fjjier algorithm
confidence criteria is used. Once initialized, this decision

threshold can be lowered, as now it is possible to search ifone cycle of the KF is done with the following filter algo-
a region of interest around the initial TDOA estimate value. rithm. For a detailed derivation cf. Brown (1983).

Thus, erroneous estimates outside this region of interest can | 3 first step, the updated estimation error covariance ma-
be rejected. In addition, several consecutive TDOA estimatesyix Rz (k + 1|k + 1) can be derived from the previous co-
are averaged, which solves the problem of the one-sampleyariance matrisR z  (k|k). Therefore, tha priori estimation

precision. With these data association and clustering techgror covariance matriR gz (k+1[k) at the(k+1)"" iteration
niques, the TDOA estimates become sufficiently accurate fO"givenk observations is calculated with

the following localization algorithm to produce robust sound
position estimates. Ree(k + 1lk) = ARgg (kAT 4+ Bo2BT . )
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With Eq. (7), the covariance matri,, (k + 1) of the innova-
tion v(k + 1) can be calculated, whetgk) is defined as the
difference between the actual observation vegtéy and the
estimated observation vector at tié iteration givenk — 1
observationg (k|k — 1):

v(k) = y(k) — y(klk — 1). €))
Ry, (k + 1) is given by
Ruv(k +1) = CRgg(k + 1k)CT + Ryy (k). (9)

Thea posterioriestimation error covariance matig g (k +
1|k + 1) is then found from

Rep(k+ 1k +1) = Rgg(k + 1]k) (10)
—W(k + DRy (k + DWT (k + 1),
whereW (k + 1) is the filter gain at instark + 1 defined as

W(k 4+ 1) = Reg(k + 1k)CT (R, (k + 1)) L. (11)

Similarly, the estimate of the system state can be itera-

tively derived from the previous estimate. First, theriori
system state estimate

2k + 1lk) = AR (k|k) (12)
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Fig. 1. Block diagram of the adaptive Kalman filter

For this conditional probability a recursive formula can be
given:

f @ilyk) =
fO®Iyk -1, @) f @lyk-1)
Y (y®lyk — 1) ;) f (a)lyk — 1)

The termsf (y(k)|y(k — 1), ;) can be calculated in every
recursive step with

(17)

is calculated and out of it the source position is estimated

with

$k + 1lk) = CE(k + 1]k). (13)

FO®Iyk—1),0) = —F2tr
(27)2 |Ruv,i(k)|

(18)
: exp{—%vir 0ORE, kv, (k)} .

By means of innovation and filter gain the actual state esti-

mation results from

X+ 1k+1) =xtk+1k) + Wk + vk +1) (14)
and the updated source position is found from
Yk +1k+1) =Cx(k+ 1k +1). (15)

3.3 Adaptive Kalman Filter

3.3.2 Multiple Model Adaptive Estimator (MMAE)

The approach using several models for the final estimate si-
multaneously is called adaptive KF or Multiple Model Adap-
tive Estimator (MMAE) (Bar-Shalom, 1988). In Fig. 1 the
block diagram of our adaptive KF is shown. The measure-
ment y(k) is used in three KFs in parallel to determine one
estimate of the system state(k|k), x2(k|k) andx3(k|k) for
every of the three models. As mentioned, we use a static,

Up to now the different motion model approaches were re-a constant velocity and a constant acceleration model to de-
garded independently. As the motion dynamics of a speakegcribe the motion of a speaker. By means of the observa-
in an office environment are variable, a single model for thetion matricesCy, C2 andCz the system state estimates are
KF is not suitable for all situations. Thus, a multiple model mapped to the observation estimategk|k), y2(k|k) and
system would be advantageous. By means of the definitio’s(k|k). These position estimates are weighted with the
of a model probability described in this section, several mod-corresponding model probabilitie&(«; |y (k)) according to

els are used simultaneously for the determination of the fina(Ed. 17) with 1< i < 3 and finally summed up. Hence, the

position estimate.
3.3.1 Model probability

For L modelse; with 1 < i < L the conditional probabil-
ity f(aily(k)) is the probability that thé’” model based on

the measurementy1), - - -, y(k) is the one describing the
speaker's movement correctly. With the Bayes formula we

get

J ®)ei) f (i)

ily(k)) =
f (il y (k) 700)

(16)

actual position estimate for the adaptive KF is determined
with

3
Fumarklk) =Y f(aily(k)Cifi (k[k).
i=1

(19)

4 Experimental setup

Real data experiments have been carried out in a
(5m x 5m x 3m) office room with typical environmen-
tal noise (fans, ...) and relatively strong reverberation. For
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Fig. 3. Stationary speaker atimuth = 95°, elevation = —7.9°
andrange =1.5m

Fig. 2. Experimental setup

data recording we used a 5-microphone array in an equi- 05 o Micros
lateral double-tetrahedron geometry with a side length of X Suarysiop
D = 28 cm as shown in Fig. 2. 25 scenarios were recorded inE N . — Kalman
which a speaker is uttering German sentences. In addition tc™ o 1%: "

stationary positions for a sitting or standing speaker, motions _g g o o

along given trajectories with constant velocity and transitions °

from stationary positions to constant walking were studied. -1

The sampling frequency wg = 16 kHz. The recorded data
were analyzed in frames of 32 ms to assure quasi-stationarity
For this data segmentation, a Hamming window with a 50%
overlap was applied. For the data association and clustering,
techniques described in Sect. 2.4, the average of the TDOA
estimates in a block out of 12 consecutive frames is calcufi9- 4. Speaker moving from Cartesian coordinates
lated where blocks are overlapped by 50%. This generateé_l’"’ 1m., 0.13m) to (1m, 1m, 0.13n)

a new position estimate for the sound source every 96 ms.

With this averaging, robust speaker tracking is still possible . .

since at least f(?urgestimates r?)er second arg requirepd (Silvelqthm underestimates the range by about 50 cm and the KF

man and Kirtman, 1992) for a moving speaker. evidently cannot remedy this systematic error.
An example for tracking a speaker uttering a Ger-

man sentence while moving with constant velocity from
5 Results (=1m,1m,0.13m) to (1 m,1 m,0.13 m) is presented in Fig. 4.
In this 3D-plot the true trajectory (arrow) and the positional
The proposed system shows robust speaker localization capastimates before and after applying the adaptive KF for a
bilities in a noisy and reverberant environment. The adaptivewalking speaker are shown. Also in this example the KF
KF performs its task as post-processing unit in guaranteeingunctions reliably and delivers a smoothed speaker trajectory.
a smoothed continuous trajectory compared with the initial As for this scenario there is no systematic error in the initial
position estimates. position estimates the overall error in all coordinates is re-
Exemplarily, Fig. 3 shows a comparison of the localization duced.
of a stationary speaker at the spherical coordinatéauth
= 95°, elevation = —7.9° andrange = 1.5 m before and
after Kalman filtering. The temporal runs of all spherical co- 6 Conclusions and outlook
ordinates are significantly smoothed. Note that the variance
in range is reduced, but the overall range error increases byhe good results for the determination of a smoothed contin-
applying a KF in this case. Until 1.2 s the localization algo- uous trajectory from the initial sound source positions jus-
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