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a b s t r a c t
Using a microphone array network, a speaker tracking method based on distributed Kalman ﬁlter (DKF)
in a noisy and reverberant environment is proposed. Firstly, the time delay of arrival (TDOA) in each
microphone pair is estimated by the generalized cross-correlation (GCC) method. Next, the Langevin
model is used as state equation to model the speaker’s movement, meanwhile the measurement
equations with true TDOA are deduced by linearizing the TDOA model. Finally, the moving speaker’s
positions are estimated by distributed Kalman ﬁltering in a microphone array network. The proposed
method is scalable. It can obtain a trajectory of the speaker’s movement smoothly with excellent tracking
accuracy. Simulation results verify the effectiveness of the proposed method.
Ó 2014 Elsevier Ltd. All rights reserved.

1. Introduction
Speaker localization and tracking with microphone arrays is
useful in many applications, including audio/video conference system [1], smart video monitor system [2], robot, human–machine
interface, far distance speech capture and recognition, etc.
The topics of speaker localization [3–5] and speaker tracking
[6–11] have been studied for many years. However, traditional
methods usually require dedicated devices, and need to know the
positions and geometry structure of microphone arrays.
In practice, it is possible that the geometry structure of
microphone arrays is irregular and the positions of them are also
distributed randomly. The geometry structure and the positions
of microphone arrays can be obtained by self-calibration methods
[12,13]. To determine speaker’s positions in spatially irregular
microphone arrays, the distributed speaker localization methods
[14,15] were proposed recently. In [16], the global coherence ﬁeld
(GCF) method was proposed, which was deﬁned over the space of
possible sound source locations to represent the plausibility that a
sound source was active at a given point. In [17,18], the GCF was
extended to Oriented GCF (OGCF) which was allowed to estimate
both the position and the head orientation of a single active
speaker. In [19], multiple speaker localization with the GCF based
on acoustic map de-emphasis was proposed. In [14,20], the steered
response power–phase transform (SRP–PHAT) method and its
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modiﬁcation were proposed, which steered the microphone array
to all potential source positions to search for the candidate source
position. In [21,22], the localization performance of the SRP–PHAT
method was signiﬁcantly improved by the selection of suitable
microphone pairs in a microphone array network. In [15], Canclini
et al. proposed a distributed speaker localization algorithm by minimizing a cost function, which was a fourth-order polynomial
obtained by combining hyperbolic constrains from multiple sensors. However, these distributed speaker localization methods only
depend on signals in the current frame. They are not yet robust
against high room reverberation, and even fail under impulse noise
conditions, such as door shutting. Further, in these localization
methods spurious sources may be generated in noisy and reverberant environments, sometimes stronger than true speech sources.
To deal with these problems, the speaker tracking methods are
used to estimate speaker’s positions, which depend on not only
the current measurement but also a series of past measurements.
In this way, a smoothed trajectory of the speaker’s movement
can be obtained robustly.
Distributed state estimate algorithms such as distributed
Kalman ﬁlter (DKF) [23,24] have received great attention recently.
In the DKF, each node in sensor networks is required to estimate
the state of a linear dynamic system by sharing data only with
its neighboring nodes each time. Being advantageous over the centralized state estimation algorithms, the DKF do not require a fuse
center and is hence robust against its failure.
In this paper, the DKF theory is introduced into a distributed
microphone array network and a DKF-based speaker tracking
method in a noisy and reverberant environment is proposed.
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Firstly, the time delay of arrival (TDOA) of the speech signals
received by microphone arrays in the network is estimated by
the generalized cross-correlation (GCC) method. For each node in
the microphone array network, whether or not the TDOA is true
is checked, and the true measurements are gathered from its
neighboring nodes for speaker tracking. Then, the Langevin model
[8,10] is introduced as state equation to represent the time-varying
locations of a moving speaker, meanwhile the measurement equations with true TDOA are deduced by linearizing the TDOA model.
Finally, the distributed Kalman ﬁlter is used to estimate the time
varying speaker’s positions. Since each node in the network only
communicates with its neighbors, the proposed speaker tracking
method is scalable (i.e. new nodes can join in the network or any
node in the network can leave freely), and is robust against lost
data or link failure.
The rest of this paper is organized as follows. The DKF theory is
introduced in Section 2. The DKF-based speaker tracking method is
proposed in Section 3. The effectiveness of the proposed method is
veriﬁed with simulations in Section 4. Finally, conclusions are
drawn in Section 5.

where superscript ðÞT denotes the matrix transpose; di;j is the
Kronecker delta function; and Q k ; Ri;k are assumed to be positive
deﬁnite.
2.2. Distributed Kalman ﬁltering algorithm
In [23], a distributed Kalman ﬁlter was proposed with objective
for every node in the network to compute an estimate of the
unknown state xk by sharing data only with its neighbors N i;k at
time k. The conﬁguration is shown in Fig. 1. The distributed Kalman
ﬁlter, also called diffusion Kalman ﬁlter, is obtained by adding a
diffusion step, which is a convex combination of neighboring estimates after a conventional Kalman ﬁltering measurement update.
The diffusion Kalman ﬁltering algorithm deﬁnes an N  N
matrix C with real, non-negative entries cl;i , which satisﬁes

1T C ¼ 1T ;

cl;i P 0 8l; i and cl;i ¼ 0 if l R N i;k

ð3Þ

2. Distributed Kalman ﬁlter (DKF)

where 1 is a N  1 column vector with unity entries; and cl;i is the
ðl; iÞ element of matrix C. The matrix C is called the diffusion matrix,
since it governs the diffusion process, and plays an important role in
the steady-state performance of the network.
The diffusion Kalman ﬁltering algorithm is summarized below.

2.1. Data model and problem formulation

Algorithm 1. Diffusion Kalman ﬁlter

Consider a sensor network with N nodes labeled by an index
i ¼ 1; 2; . . . ; N spatially distributed as shown in Fig. 1. The communications between them are modeled by a graph G ¼ ðE; VÞ, where
V ¼ f1; 2; . . . ; Ng is the vertex set, E  fði; jÞji; j 2 Vg is the edge
set. An edge ði; jÞ is in E if and only if the node i can communicate
with the node j. We only consider undirected communication structures, i.e. graphs in which ði; jÞ 2 E () ðj; iÞ 2 E and assume that G is
connected, i.e. there is a path between any two nodes. Let
N i;k ¼ fj 2 Vjði; jÞ 2 Eg [ fig denote the set of neighbors of node i
at time k, where a node is also regarded as a neighbor of itself.
Node i takes a measurement yi;k 2 Rq of the common environment state xk 2 Rp independently at time k, where Rn denotes a
n  1 real column vector space. The state-space model associated
with the measurement of node i is of the form

(

ð1Þ

where wk is the process noise; v i;k is the measurement noise; and
F k ; Hi;k and Ck are the real transformation matrices at time k. The
initial state x0 is assumed to be zero-mean with covariance matrix
P0 > 0, uncorrelated with wk and v i;k .
Assume wk and v i;k are zero-mean, uncorrelated white noises
with the relationship below
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Step 2 Diffusion Update:
P
^i;kjk
x
l2N cl;i wl:k
i;k

xkþ1 ¼ F k xk þ Ck wk
yi;k ¼ Hi;k xk þ v i;k

E

^i;0j1 ¼ 0; P i;0j1 ¼ P0 > 0; k ¼ 0.
Start with: x
At time k, the following steps are calculated.
Step 1 Incremental Update:
^i;kjk1
wi;k
x


;

ð2Þ

Pi;kjk
P i;k
^i;kþ1jk
^i;kjk
x
Fkx
Pi;kþ1jk

F k Pi;kjk F Tk þ Ck Q k CTk

where Pi;k0 jk denotes the covariance matrix of estimation error
~i;k0 jk , xi  x
^i;k0 jk ; and ‘ ’ denotes a sequential, or nonx
concurrent assignment. According to the algorithm above,
node i receives the message msg l ¼ ðHl;k ; Rl;k ; yl;k Þ from its
neighbors N i;k for the incremental update and sends message
msg i ¼ ðwi;k Þ to its neighbors N i;k for the diffusion update at
time k.

The works in [24,25] applied a weight adaptive strategy to diffusion matrix, which could be adapted to the changes in the data
statistics in the diffusion update of the diffusion Kalman ﬁltering
algorithm.
Let ni denote the degree of node i (i.e. the number of nodes connected to the node i including itself), and fi1 ; i2 ;   ; ini g denote the
indexes of the neighbors of node i. A matrix Si is deﬁned as

yi ,k

Si ¼ ½ei1 ei2    eini Nn ;

ð4Þ

i

i ,k

Fig. 1. At time k, node i collects a measurement yi;k .

where el denotes the lth column of an N  N identity matrix.
According to [24,25], the diffusion matrix can be obtained adaptively as follows.

