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ABSTRACT

Acoustic source localization and tracking (ASLT) in reverberant en-
vironments is a challenging task due to the multi-path propagation
of acoustic waves. ASLT is often based on the use of a Kalman
filter or a particle filter, with time-difference-of-arrival (TDOA) es-
timates used as measurements. In this work, we aim to track non-
concurrent speakers by applying an extended Kalman filter (EKF)
with probabilistic data association (PDA) that takes into account
multiple measurements simultaneously. By using PDA, the inac-
curacy of the measurements caused by room reflections and noise
is explicitly taken into account. Unlike in typical approaches where
the measurements consist of broadband TDOA estimates, the mea-
surements in the proposed approach consist of multiple narrowband
direction-of-arrival (DOA) estimates obtained from distributed mi-
crophone arrays. Experimental results demonstrate that incorporat-
ing PDA and using properly selected narrowband DOA estimates
leads to a better tracking performance, as compared to the standard
EKF with a single narrowband or broadband measurement.

Index Terms— acoustic source localization, source tracking,
extended Kalman filter, recursive Bayesian filter

1. INTRODUCTION

Many audio and multimedia applications utilize the information
about the position of a sound source. Source localization can be
used for signal extraction using, e.g., beamforming [1] or to steer a
camera towards the speaker [2]. The aim of acoustic source localiza-
tion and tracking (ASLT) is to estimate the source position within an
acoustic environment using signals acquired by distributed micro-
phones. Typically, steered response power [3] or time-differences-
of-arrival (TDOAs) estimated using microphone pairs [4, 5] are
used as measurements. These measurements are then used within a
probabilistic approach [6–9], to localize and track the source.

In practice, a state-space model can be used to describe the
source movement. For a linear state-space model with Gaussian
state distributions, the optimum Bayesian solution can be obtained
using a Kalman filter [10]. When the relation between the state
(i.e., the position) and the measurement is non-linear such as the
relation between the source position and the estimated TDOAs or
directions-of-arrival (DOAs), non-linear Bayesian filters [11] like
the extended Kalman filter (EKF), unscented Kalman filter (UKF),
and particle filters (PF) can be used.

∗ A joint institution of the Friedrich-Alexander-University Erlangen-
Nürnberg (FAU) and Fraunhofer Institute for Integrated Circuits (IIS).

An EKF that uses a single broadband measurement at each time
instant was applied for ASLT in [6, 7]. However, its performance
was shown to degrade considerably in reverberant environments.
Approaches utilizing multiple measurements were presented in [8]
and [9], where a multiple-hypothesis model for ASLT was devel-
oped within a particle filtering framework. In [9], the measurements
for the PF were selected based on a combination of hard- and soft-
decision approaches, for which multiple EKFs were used, which led
to very high computational complexity. Furthermore, in both [8]
and [9], the probability of each measurement candidate having orig-
inated from the active source was assumed to be constant when mak-
ing soft decisions. A soft-decision approach, known as probabilis-
tic data association (PDA) [12], utilizes all measurement candidates
simultaneously by assigning an appropriate posterior probability to
each candidate based on the current measurements and the state-
space model. Here it was assumed that a single source moves along a
continuous trajectory such that the candidates are distributed within
a close proximity of the previously estimated source position. A sim-
ilar PDA based approach to ASLT was presented in [13], in which
the multiple candidate measurements are randomly selected peaks in
the cross correlation function for pairs of microphones.

In this paper, we apply PDA within an EKF framework in or-
der to increase robustness to reverberation and noise. Here the EKF
is preferred over the UKF due to the simplicity of the Taylor series
approximation of the non-linear relation between the source posi-
tion and the DOAs. Unlike conventional approaches to ASLT that
are based on broadband TDOA estimates [6,8,9], our measurements
comprise of multiple narrowband DOA estimates which are selected
based on the magnitude squared coherence between microphone sig-
nals and are obtained using distributed microphone arrays. In con-
trast to [12], we aim to track non-concurrent speakers, i.e., we con-
sider the possibility of sharp changes in the trajectory of the target
source. In addition, an estimate of the broadband speech presence
probability (SPP) is incorporated into the update equations of the
EKF to handle non-continuous speech.

The remainder of the paper is organized as follows. The signal
and state-space models are formulated in Section 2. In Section 3,
the method for selecting measurement candidates is explained. In
Section 4 the EKF with PDA is presented along with the computation
of the posterior probability density function. Simulation results are
presented in Section 5, followed by concluding remarks in Section 5.

2. PROBLEM FORMULATION

2.1. Signal Model

Consider M distributed microphone arrays, each consisting of L
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microphones. The signal captured at the l-th microphone of them-th
array can be written in the STFT domain as

Z
(m)
l (n, k) =

J∑
j=0

Z
(m)
l,j (n, k) + Z

(m)
l,rev(n, k) + Z

(m)
l,v (n, k), (1)

where Z(m)
l,0 (n, k), Z(m)

l,j (n, k), Z(m)
l,rev(n, k), and Z

(m)
l,v (n, k) de-

note the complex spectral coefficients of the direct-path signal, the
early reflection signals up to order J , the late reverberation and the
microphone self-noise at the l-th microphone, respectively. The ar-
ray index, and the time and frequency indices are denoted by m, n
and k, respectively.

2.2. State-Space Model

Considering a state-space approach, the aim is to estimate the po-
sition of the target source, represented by the state variable, in a
2D Cartesian space at each time step, using measurements taken
at each microphone array. Let us represent the state variable as
xn = [xn yn]T ∈ R2. Then, two models are required, namely
a model describing the state evolution (the process model) and a
model that relates the noisy measurements to the state (the measure-
ment model). The process model assumed here is a random walk
model [6], which is given by

xn = xn−1 + qn, (2)

where qn is the process noise and the associated covariance matrix is
given by Q = q0 I, where q0 denotes a prior variance that describes
the uncertainty in the source motion. The measurement model can
be written as

θn = h(xn) + gn, (3)

where θn =
[
θ
(1)
n , θ

(2)
n , . . . θ

(M)
n

]T
is the measurement vector that

contains the DOAs of M microphone arrays and gn is the measure-
ment noise with covariance matrix assumed to be

Gn = diag
(
σ2
n,1, σ

2
n,2 . . . , σ

2
n,M

)
, (4)

where σ2
n,m denote the variance of the DOA estimates for the m-th

array, which depends on the DOA estimation method, the acoustic
environment and the relative source-array position. The elements of
h(xn) = [h1(xn), . . . hM (xn)]T relate the DOA measurement at
m-th array to the state variable xn by

hm(xn) = arctan

(
r
(m)
yn

r
(m)
xn

)
, (5)

where r(m)
xn = xn−d(m)

x and r(m)
yn = yn−d(m)

y denote the displace-
ment of the state variable from the center of the m-th array denoted
as dm = [d

(m)
x d

(m)
y ]T in x and y directions, respectively.

In this work, we propose to use multiple narrowband DOA esti-
mates per array within the state-space model described above. Due
to the presence of reverberation and noise, not all DOA estimates
correspond to the active source. Therefore, we propose to select
only I(m)

n DOA estimates at time n, which we refer to as candidates.
The candidates for the m-th array can be written in vector notation

as θ̃(m)
n = [θ̃

(m,1)
n , θ̃

(m,2)
n . . . θ̃

(m,I
(m)
n )

n ]T .
In Section 3, we describe how the candidates are selected, and

in Section 4 we describe the EKF for single and multiple candidates.
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Fig. 1. Illustrative example of MSC-based measurement selection.
The narrowband DOAs θ̃(m,i)

n corresponding to the highest MSC,
within the DOA range δ (depicted by the shaded area) around each
local maximum θ̄

(m,i)
n are selected as the measurement candidates.

3. CANDIDATE SELECTION

We aim at selecting I(m)
n candidates from the estimated narrowband

DOAs at time step n and array m, where the DOA at frequency bin
k is denoted by θ̂(m)

n (k). As a direct sound results in high magnitude
squared coherence (MSC) between the two microphone signals, we
propose to use only the DOA estimates that are characterized by a
high MSC. The MSC between the 1-st and L-th microphone signals
of the m-th array can be calculated using

γ
(m)
1L (n, k) =

∣∣∣φ(m)
1L (n, k)

∣∣∣2
φ
(m)
11 (n, k)φ

(m)
LL (n, k)

, (6)

where φ(m)
1L (n, k) is the cross power spectral density (PSD) and

φ
(m)
11 (n, k) and φ(m)

LL (n, k) are the auto PSDs.
To account for the uncertainty in the estimates and to obtain

sufficiently diverse candidates, we search for local maxima in the
histogram of all narrowband DOA estimates θ̂(m)

n (n, k), which are

denoted by θ̄
(m)
n = [θ̄

(m,1)
n , . . . , θ̄

(m,I
(m)
n )

n ]T . The frequency in-
dices of the candidates are obtained by selecting the narrowband
DOA estimate in the vicinity of each local maximum θ̄

(m,i)
n for

i ∈ {1, . . . , I(m)
n } with the highest MSC, i.e.,

c
(m)
i = arg max

k′
γ
(m)
1L (n, k′) s.t. |θ̄(m,i)

n − θ̂(m)
n (k′)| ≤ δ, (7)

where δ denotes the DOA range around the local maximum. This
DOA selection procedure is illustrated in Fig. 1. Finally, the candi-
dates are given by

θ̃(m)
n =

[
θ̂(m)
n

(
c
(m)
1

)
, . . . , θ̂(m)

n

(
c
(m)

I
(m)
n

)]T
. (8)

The DOAs with the highest MSCs are selected as candidates
since they are likely to correspond to strong directional sounds.
Therefore, by using the proposed method we exclude the DOAs
that most likely correspond to clutter due to noise and reverberation
i.e., the DOAs with low MSC. In the following, we show how to
incorporate these candidates into the EKF using PDA.

4. EXTENDED KALMAN FILTER WITH PROBABILISTIC
DATA ASSOCIATION

4.1. Extended Kalman Filter

First, we consider a single candidate per array, i.e., I(m)
n = 1 and

θ
(m)
n = θ̃

(m,1)
n . Even though hm(xn) in (5) is a non-linear function,
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a local linearization may be a good approximation in practical appli-
cations. The EKF can then be used to estimate the source position
as a mean of the posterior pdf of the state given the measurements.
The prediction and update steps for the EKF are given by [11]:

xn|n−1 = x̂n−1, (9)
Pn|n−1 = Pn−1|n−1 + Q, (10)

Sn = H(xn|n−1)Pn|n−1 H
T (xn|n−1) + Gn, (11)

Kn = Pn|n−1 H
T (xn|n−1)S−1

n , (12)
x̂n = xn|n−1 + Kn vn, (13)
Pn|n = Pn|n−1 −Kn H(xn|n−1)Pn|n−1, (14)

where x̂n−1 is the state estimate from the previous time step, and
xn|n−1 and Pn|n−1 are the predicted mean and covariance of the
state at time step n, respectively. The Kalman gain is denoted by
Kn and Sn is the measurement prediction covariance. The inno-
vation vector vn consists of M elements where each element is
given by v(m)

n , θ
(m)
n − hm(xn|n−1). The Jacobian matrix of

the measurement function h(xn|n−1) is given by H(xn|n−1) =[
H1(xn|n−1), . . . ,HM (xn|n−1)

]T which is an M × 2 matrix with

elements Hm(xn|n−1) =
[
∂hm(xn|n−1)

∂xn
,

∂hm(xn|n−1)

∂yn

]T
. For the

measurement function given by (5), the entries of Hm(xn) are given
by

∂hm(xn)

∂xn
= − r

(m)
yn(

r
(m)
xn

)2
+
(
r
(m)
yn

)2 , (15)

∂hm(xn)

∂yn
=

r
(m)
xn(

r
(m)
xn

)2
+
(
r
(m)
yn

)2 . (16)

The current state estimate and the associated variance at time step n
are obtained in the update step according to (13) and (14), respec-
tively. In the following, we describe how multiple narrowband DOA
measurements can be used and how the broadband speech presence
probability (SPP) can be incorporated in the EKF update equations.

4.2. Probabilistic Data Association

Given the measurements of M arrays, the innovation vector in (13)
is given by vn = [v(1)

n , v(2)
n . . . v(M)

n ]T , where the m-th element
denotes the innovation term of the m-th array. To take all candidates
into account, the m-th innovation term is computed as a weighted
sum of the candidate innovations, i.e.,

v(m)
n ,

I
(m)
n∑
i=1

β(m,i)
n v(m,i)

n , (17)

where β(m,i)
n denotes the weight of the i-th candidate and v(m,i)

n ,
θ̃
(m,i)
n − hm(xn|n−1) denotes the innovation of the i-th candidate.

As in [14], the weights can be defined as an a posteriori probability
as described in Section 4.3.

To make the algorithm more robust, the update equations of
the standard EKF are modified to take into account the presence of
speech. The modified update equation for the state estimate is given
by

x̂n = xn|n−1 + Pr
(
H1(n)|Z(m)

l

)
Kn vn, (18)

where Pr(H1(n)|Z(m)
l ) denotes the broadband SPP computed as in

[15], and Z(m)
l is the l-th microphone signal acquired by the m-th

array. In this work we used l = 1 and m = 1 to compute the SPP.
Note that for an EKF based on a single measurement, we can

rewrite (14) as Pn|n = Pn|n−1 − KnSnK
T
n [16]. Following

[14], we add the term KnFnK
T
n to the standard EKF variance up-

date equation to account for the multiple candidates, where Fn =

diag(f
(1)
n , . . . , f

(M)
n ) is an M ×M matrix with elements

f (m)
n ,

I
(m)
n∑
i=1

β(m,i)
n

(
v(m,i)
n

)2
−
(

v(m)
n

)2 . (19)

Incorporating also the broadband SPP, the state covariance Pn|n−1

can be updated using

Pn|n = Pn|n−1 + Pr
(
H1(n)|Z(m)

l

)
Kn(Fn − Sn)KT

n . (20)

With a proper choice of β(m,i)
n for each candidate, Fn accounts for

the effect of measurements that do not correspond to the true source
position by increasing the state covariance Pn|n in (20), thereby im-
proving on the algorithm robustness against reverberation and noise.

4.3. Posterior Probability Density Function Computation

Similarly to [14], we define β(m,i)
n , used in (17) and (19), as the a

posteriori probability of each candidate measurement having origi-
nated from the actual position of the active source, i.e.,

β(m,i)
n , Pr

(
χ(m,i)
n |θ̃(m)

n

)
, i = 1 . . . I(m)

n , (21)

where χ(m,i)
n denotes the event that the i-th measurement originated

from the true source position. These events are assumed to be mutu-
ally exclusive since at a given point in time, only one measurement
candidate can originate from the true source position due to our can-
didate selection criterion. Using Bayes’ rule, (21) can be written as

β(m,i)
n =

Pr
(
θ̃
(m)
n |χ(m,i)

n

)
Pr
(
χ
(m,i)
n

)
Pr
(
θ̃
(m)
n

) . (22)

Assuming clutter measurements are independent and uniformly dis-
tributed, the following approximation can be used:

Pr
(
θ̃(m)
n |χ(m,i)

n

)
∼ Pr

(
θ̃(m,i)
n |χ(m,i)

n

)
. (23)

Applying marginalization and Bayes’ rules to Pr(θ̃(m)
n ), (22) can be

rewritten as

β(m,i)
n =

Pr
(
θ̃
(m,i)
n |χ(m,i)

n

)
Pr
(
χ
(m,i)
n

)
I
(m)
n∑
i=1

Pr
(
θ̃
(m,i)
n |χ(m,i)

n

)
Pr
(
χ
(m,i)
n

) . (24)

The probability of each measurement originating from the true
source position given past measurements Pr(χ(m,i)

n ) in (24) is as-
sumed to be the same for all candidates and is given by Pr(χ(m,i)

n ) =

1/I
(m)
n . In (24), the probability Pr(θ̃(m,i)

n |χ(m,i)
n ) can be computed

as the likelihood of a measurement candidate given the predicted
mean and measurement prediction covariance, which yields

Pr
(
θ̃(m,i)
n |χ(m,i)

n

)
= N(θ̃(m,i)

n ;hm(xn|n−1),Sn). (25)

Substituting (25) into (24) we obtain

β(m,i)
n =

N(θ̃
(m,i)
n ;hm(xn|n−1),Sn)

I
(m)
n∑
i=1

N(θ̃
(m,i)
n ;hm(xn|n−1),Sn)

. (26)
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Fig. 2. Simulation setup.

5. EXPERIMENTAL RESULTS

We simulated a scenario with two non-concurrently active speakers.
Each speaker was active during a 2 s segment, continuously moving
along the trajectories depicted in Fig. 2. Measurements were ob-
tained using two 4-element uniform linear arrays with 0.02 m inter-
microphone spacing. The microphone signals were computed by
convolving anechoic speech signals with room impulse responses
generated using an image-source method [17], and a white Gaus-
sian noise with a desired signal-to-noise ratio (SNR) between 0 and
60 dB was added. The sampling rate was Fs = 16 kHz and a 512-
point STFT with 50% overlap was used. The process noise variance
was q0 = 0.4 and the measurement variance was kept constant as
σ2 = 0.4 for all frequencies. The narrowband DOAs were estimated
using ESPRIT [18], and an autoregressive averaging with a time con-
stant of 50 ms was applied to smooth the microphone signal PSDs.
The number of candidates in PDA was set to five. For comparison,
the results of an EKF with a single candidate selected as a maximum
in the steered response power phase-transform (SRP-PHAT) func-
tion [19], and an EKF with a single candidate with the highest MSC
were also presented. The SRP-PHAT is an extension of the general-
ized cross-correlation phase-transform (GCC-PHAT) [20] for more
than 2 microphones, where the GCC-PHAT functions are averaged
over all microphone pairs. Note that SPP was also incorporated into
the EKF update equations for both single candidate methods for a
fair comparison with the proposed multiple candidate approach. As
an evaluation measure, root mean square error (RMSE) between the
true and estimated positions was used.

As depicted in Fig. 3, the EKF with PDA achieved the high-
est accuracy between the true and tracked source positions in x and
y dimensions. The two EKFs which use a single DOA (estimated
using SRP-PHAT or ESPRIT) perform similarly, except for the y
dimension. As shown in Fig. 4, the RMSE over the full signal du-
ration increases for increasing reverberation time and noise level for
all compared methods. The EKF with PDA exhibits the smallest er-
ror, thus being more robust towards reverberation and noise than the
techniques that use a single measurement only. Furthermore, SRP-
PHAT-based EKF performs better than a single-DOA ESPRIT-based
EKF for reverberation times exceeding 0.2 s, while ESPRIT-based
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Fig. 3. Microphone signal (top), and tracked position along X and Y
dimensions (middle and bottom, respectively) for T60 = 0.2 s and
SNR= 20 dB.
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SNR = 30 dB (top) and varying SNR levels with a constant T60 =
0.3 s (bottom).

EKF outperforms SRP-PHAT-based EKF at low SNRs.

6. CONCLUSIONS

In this paper, a method for acoustic source tracking using an ex-
tended Kalman filter with probabilistic data association was pre-
sented. Multiple narrowband DOA measurements are selected
based on the MSC between the microphone signals, and a broad-
band speech presence probability is incorporated in the model for
tracking of speech sources. The proposed method yields improved
tracking performance over standard single-candidate techniques in
noisy and reverberant environments.
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