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Abstract. Speaker tracking in a reverberant enclosure with an ad hoc
network of multiple distributed microphones is addressed in this paper.
A set of prerecorded measurements in the enclosure of interest is used
to construct a data-driven statistical model. The function mapping the
measurement-based features to the corresponding source position represents complex unknown relations, hence it is modelled as a random
Gaussian process. The process is deﬁned by a covariance function which
encapsulates the relations among the available measurements and the
diﬀerent views presented by the distributed microphones. This model is
intertwined with a Kalman ﬁlter to capture both the smoothness of the
source movement in the time-domain and the smoothness with respect
to patterns identiﬁed in the set of available prerecorded measurements.
Simulation results demonstrate the ability of the proposed method to
localize a moving source in reverberant conditions.
Keywords: Speaker tracking · Distributed microphones
process · Acoustic manifold · Kalman ﬁlter
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Introduction

Speaker localization and tracking in reverberant enclosures plays an important
role in many applications, including: automatic camera steering, teleconferencing
and beamforming. Conventional localization methods can be roughly divided
into single- and dual-step approaches. In single-step approaches, a grid search is
performed to ﬁnd the position that maximizes a certain optimization criterion
[5,13]. In dual-step approaches, the time diﬀerence of arrivals (TDOAs) of several
microphone pairs are ﬁrst estimated and then combined to perform the actual
localization [2,9].
In dynamic scenarios, the measurements can be divided into short time
frames, during which the source position is approximately static. Hence, in each
time step the information available for the localization task is limited. However,
the smoothness of the movement implies dependence across time. The temporal consistency across successive frames can be exploited by either Bayesian or
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non-Bayesian models. Bayesian state-space models, which are usually nonlinear
and non-Gaussian, are implemented using unscented Kalman ﬁlter or extended
Kalman ﬁlter [7] and particle ﬁlter [16]. In non-Bayesian approaches, the trajectory is considered as a deterministic and time-varying parameter, and a maximum likelihood criterion can be applied [14].
In realistic environments, the presence of noise or reverberation often yields
spurious observations which may lead to poor localization performance. In addition, traditional localization and tracking schemes are based on approximated
physical and statistical assumptions which do not always meet the practical conditions in complex real-world scenarios. Recently, there is an attempt to overcome these limitations by applying supervised or unsupervised learning-based
approaches [3,4,12,15]. The idea is to form a data-driven model for the spatial characteristics of an acoustic environment, rather than using a predeﬁned
statical model.
In this paper, we derive a semi-supervised tracking algorithm based on measurements from distributed pairs of microphones. The algorithm exploits a training set of prerecorded measurements from various locations in the enclosure of
interest. Capitalizing this prior information, we identify the geometrical patterns, namely the underlying manifold to which the measurement-based features
are conﬁned, and relate it to the position of the source. Recently [11], we have
presented a semi-supervised localization approach, which explores the acoustic
manifold associated with each microphone pair, and composes these models in
the deﬁnition of a multiple-manifold Gaussian process (MMGP). Here, this datadriven statistical model is integrated into a Kalman ﬁlter scheme to impose dualdomain smoothness, both with respect to the acoustic manifold and the time
domain. The algorithm performance is examined using simulated trajectories of
a moving source in a reverberant room with spatially-distributed microphone
pairs.

2

Problem Formulation

We consider a reverberant enclosure consisting of M nodes, where each node
comprises a pair of microphones. A single source is moving in the enclosure,
generating an unknown speech signal s(n), which is measured by all the microphones. The received signals are contaminated by additive stationary noise
sources and are given by:

mi
ami
m = 1, . . . , M
(1)
y mi (n) =
n (k)s(n − k) + u (n),
k

where n is the time index, ami
n , i = {1, 2} is the time-varying acoustic impulse
response (AIR) relating the source and the ith microphone in the mth node
at time n, and umi (n) is the corresponding noise signal. The measured signals
are partitioned into short segments of a few hundred milliseconds, which are
assigned with frame index t. From each segment we constitute a feature vector
hm (t) that preserves the relevant information for localization which is hidden in
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the AIRs, and is invariant to other irrelevant factors, namely the non-stationary
source signal. More speciﬁcally, we use a feature vector based on relative transfer
function (RTF) estimates in a certain frequency band, which is commonly used in
acoustic array processing [6]. The RTF is typically represented in high dimension
with a large number of coeﬃcients to account for the room reverberation. The
observation that the RTF is controlled by a small set of parameters, such as room
dimensions, reverberation time, location of the source and the sensors etc., gives
rise to the assumption that it is conﬁned to a low dimensional manifold Mm , as
was demonstrated in [10].
To track a moving source, we consider the function f m which attaches to
an RTF sample hm (t) from the mth node its corresponding x, y or z coordinate of the source position pm (t) ≡ f m (h(t)), for frame t. Note that although
the position of the source does not depend on the speciﬁc node, the notation
pm (t) is used to express that the mapping is obtained from the measurement of
the mth node. The diﬀerent nodes represent diﬀerent views of the same acoustic
scene, hence incorporating the information from the diﬀerent nodes in a unifying
mapping denoted by f may enrich the spatial information utilized for localizaT

tion and tracking. Let h(t) = [h(t)1 ]T , . . . , [h(t)M ]T
denote the aggregated
RTF (aRTF), which is a concatenation of the RTF vectors from all the nodes.
The function f associates the corresponding source position to an aRTF sample
h(t), namely p(t) ≡ f (h(t)). The function f , which deﬁnes an instantaneous
mapping, is used here to evaluate the position of the source along its track. In
the dynamic scenario, the function is used to transform the observed propagation
in the RTFs domain to the physical domain of the source positions, i.e. it assists
the development of a simple Markovian relation between successive positions.
To estimate the function f , we assume the availability of a training set
consisting of a limited number of labelled measurements from multiple nodes,
attached with corresponding source positions, and a larger amount of unlabelled
measurements with unknown source locations. All the training measurements
L
, and the
apply to static sources. The labelled set consists of nL pairs {hi , p̄i }ni=1
nD
unlabelled set consists of nU samples {hi }i=nL +1 , where nD = nL + nU . Note
that the microphone positions may be unknown, since they are not required
for the estimation. In the test phase, we receive the measurements of a moving
source, partition them into nT short segments, and compute the corresponding
T
consists of the aRTFs of all
RTF separately for each segment. The set {h(t)}nt=1
the segments, where the index t denotes their chronological order. The goal is
T
of each sample
to estimate the corresponding nT temporary positions {p(t)}nt=1
T
.
in the set {h(t)}nt=1

3

Multiple-Manifold Gaussian Process

We ﬁrst deﬁne a statistical model for each node separately and the relation
between the diﬀerent nodes, and then combine them in a uniﬁed model [11].
We assume that the position pm , which is associated with the measurements of
the mth node, follows a zero-mean Gaussian process, i.e. the set of all possible
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positions mapped from the samples of the mth node, are joint Gaussian variables.
The Gaussian process is completely deﬁned by its covariance function, which is
a pairwise aﬃnity measure between two RTF samples. We use a manifold-based
covariance function, deﬁned by:
m
m
m
cov(pm
r , pl ) ≡ k̃m (hr , hl ) =

nD


m
m
m
km (hm
r , hi )km (hl , hi )

(2)

i=1

where l and r represent ascription to certain positions, and km is a standard
“kernel” function km : Mm × Mm −→ R. A common choice is to use a Gaussian
kernel.
Considering multiple nodes, we similarly deﬁne the correlation between two
source positions pqr and pw
l associated with nodes q and w, respectively. We assume
are
jointly
Gaussian and that their covariance is deﬁned by:
that pqr and pw
l
q
w
cov(pqr , pw
l ) ≡ k̃qw (hr , hl ) =

nD

i=1

w
kq (hqr , hqi )kw (hw
l , hi ).

(3)

Note that in both (2) and (3), the covariance is constituted by an average over all
the available training samples. This averaging implies that the similarity between
two samples from the manifold can be determined according to the way they are
viewed by other samples residing on the same manifold. When two samples
convey similar connections (i.e. proximity or remoteness) to other samples, it
indicates that they are closely related with respect to the manifold. In (3), we
cannot directly compute the distance between the corresponding RTF samples
since they present diﬀerent views of two nodes. Thus, we choose another sample
hi , and compare the distances with respect to hi as it is viewed by the diﬀerent
nodes. The inter-relations in the qth and wth manifolds are computed separately,
and then they are composed by multiplying the corresponding kernels.
To fuse the diﬀerent perspectives presented by the diﬀerent nodes, we deﬁne
the multiple-manifold Gaussian process (MMGP) p as the mean of the Gaussian
processes of all the nodes:
p=

1 1
(p + p2 + . . . + pM ).
M

(4)

Due to the assumption that the processes are jointly Gaussian, the process p is
also Gaussian with zero-mean and a covariance function given by:

M
M
M


1 
1
q
w
pr ,
pl = 2
cov(pqr , pw
(5)
cov(pr , pl ) = 2 cov
l ).
M
M q,w=1
q=1
w=1
Using the deﬁnitions of (2) and (3) we get the covariance for pr and pl :
cov(pr , pl ) ≡ k̃(hr , hl ) =

nD 
M
1 
w
kq (hqr , hqi )kw (hw
l , hi ).
M 2 i=1 q,w=1

(6)
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Here, the covariance is deﬁned by averaging over all the available training samples as well as over all pairs of nodes. The induced kernel k̃(hr , hl ), can be considered as a composition of kernels, which, in addition to connections acquired
in each node separately, incorporates the extra spatial information manifested
in the mutual relationship between RTFs from diﬀerent nodes.

4

Multiple-Manifold Speaker Tracking

The tracking is performed by a state-space representation, formulated according
to the statistical relations implied by the MMGP. In the dynamic scenario, the
T
, and their associated unknown source positions
test aRTF samples {h(t)}nt=1
nT
{p(t)}t=1 are treated as two time-series, which are mutually-related through the
mapping f . The propagation model, specifying the relation between the source
positions in successive time steps, is deﬁned according to similarities between
the corresponding aRTFs, as induced by the covariance of the MMGP. This way
the movement of the source is constrained to vary smoothly with respect to the
manifolds of the diﬀerent nodes. The measurement model relates the current
sample h(t) to all the other available training samples. The resulting state-space
representation is solved by a Kalman-ﬁlter, in which the source position, predicted through the local interpolation devised by successive samples, is updated
by a global interpolation formed by all the training information.
We ﬁrst deﬁne the propagation model. The position p(t − 1) at time t − 1
and the current position p(t) are two samples from the MMGP deﬁned in the
previous section. Hence, the random variables p(t) and p(t − 1) have a joint
normal distribution, and their conditional probability is given by:


2
Σ̃t,t−1
Σ̃t,t−1
p(t − 1), Σ̃t −
(7)
p(t)|p(t − 1) ∼ N
Σ̃t−1
Σ̃t−1
where Σ̃t and Σ̃t−1 are the variances of p(t) and p(t − 1) respectively, and Σ̃t,t−1
is the covariance of p(t) and p(t − 1). For a Gaussian process, the propagated
probabilities in (7) can be equivalently represented by a linear propagation equation with an additive Gaussian noise ξt
p(t) = gt · p(t − 1) + ξt
(8)


Σ̃ 2
Σ̃
where gt = Σ̃t,t−1 and ξt ∼ N 0, σξ2 with σξ2 = Σ̃t − Σ̃t,t−1 . Since there is no
t−1
t−1
prior information on the actual trajectory of the speaker, it is reasonable to use
a simpliﬁed random walk model as in (8). However, it should be noted that the
proposed model is data-driven, in the sense that both the transition factor gt
and the driving noise variance σξ2 are determined based on the relation between
the current aRTF sample h(t) and the preceding one h(t − 1). When the aRTF
samples are close to each other, namely that the acoustic characteristics have
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hardly changed, it is assumed that only a slight movement of the source has
occurred. In this case, we receive Σ̃t,t−1 ≈ Σ̃t ≈ Σ̃t−1 , yielding gt ≈ 1 and
σξ2 ≈ 0, which implies that p(t) ≈ p(t − 1) as desired. Overall, the proposed
propagation model imposes a smooth variation of the position with respect to
the manifolds associated with the diﬀerent nodes, and reﬂects the strong relation
between the physical domain and the aRTFs domain.
As for the measurement model, we can form an observation qt that represents the estimated position based on the available training samples. Let
p̄L = [p̄1 , . . . , p̄nL ]T be a concatenation of the measured positions of the labelled
set. We assume that the measured positions p̄i = pi +ηi , are noisy versions of the
actual position pi , due to imperfections in the measurements while acquiring the
labelled set. Assuming that ηi is an independent Gaussian noise with variance σ 2
yields that p(t) and p̄L are jointly Gaussian, and their conditional distribution
is given by:
p(t)|p̄L ∼ N


−1

−1
H
H
p̄L , Σ̃t,t − Σ̃Lt Σ̃L + σ 2 InL
Σ̃Lt Σ̃L + σ 2 InL
Σ̃Lt

(9)

where Σ̃L is an nL ×nL covariance matrix deﬁned over the function values at the
labelled samples, Σ̃Lt is an nL × 1 covariance vector between the function values
at the labelled samples and p(t), and InL is the nL × nL identity matrix. Accord
−1
H
.
ingly, we deﬁne the observation as qt = Qt p̄L , where Qt = Σ̃Lt Σ̃L + σ 2 InL
The corresponding measurement model can be expressed as:
qt = p(t) + ζt

(10)



−1

H
where ζt ∼ N 0, σζ2 with σζ2 = Σ̃t,t − Σ̃Lt Σ̃L + InL
Σ̃Lt . Here as well,
the covariance terms are calculated using the kernel k̃ deﬁned in the previous
section. Since an actual noisy measurement of the position does not exist, we use
instead an artificial data-driven measurement qt , formed by the current sample
h(t) and the entire training set. This measurement is, in fact, an estimated position, which is obtained by a global interpolation of the labelled samples, based on
the learnt manifold-based model. The aRTF sample h(t) allows the calculation
of the covariance Σ̃Lt that is essential for the evaluation of the artiﬁcial position measurement. Our conﬁdence in the artiﬁcial measurement is determined
according to the variance of the estimator, and is expressed in the model by the
variance of the measurement noise ζt .
To summarize, the proposed state-space model is given by:
p(t) = gt · p(t − 1) + ξt
qt = p(t) + ζt .

(11)
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Since both the process and the observation models are linear, a standard Kalman
ﬁlter can be applied for recursively solving (11). The Kalman ﬁlter recursion
takes the following form:
p̂(t|t − 1) = gt · p̂(t − 1|t − 1)
γ(t|t − 1) = gt2 γ(t − 1|t − 1) + σξ2
p̂(t|t) = p̂(t|t − 1) + κ(t) (qt − p̂(t|t − 1))
γ(t|t) = (1 − κ(t)) γ(t|t − 1)

(12)

where γ(t|t − 1) is the predicted covariance, γ(t|t) is the posteriori covariance,
and κ(t) is the Kalman gain, deﬁned as:
κ(t) =

γ(t|t − 1)
.
γ(t|t − 1) + σζ2

(13)

Note that the measurements of the moving source, accumulated through
run-time, can be considered as additional unlabelled data. Thus, the current
measurements can be used to update the manifold-based covariance terms in (7)
and (9). An eﬃcient recursive adaptation for the MMGP was presented in [11].

5

Experimental Study

We conducted a simulation of a 2-D tracking of a moving source. We simulated
a 5.2 × 6.2 × 3 room with 4 pairs of microphones mounted next to the room
walls, using an eﬃcient implementation [8] of the image method [1]. All the
measurements were conﬁned to a 2 × 2 m rectangular region, at a ﬁxed height of
2 m (the same height of all the microphones). We generated a training set with
nL = 36 labelled samples, without additional unlabelled samples (nU = 0). The
labelled samples form a ﬁxed grid with resolution of 0.4 m, and were generated
using 10 s long speech signals. The room setup is presented in Fig. 1.
5
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3.5
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2.5
2
1.5
1
0.5
0
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1

2
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Fig. 1. Room setup: the blue x-marks denote the microphones and the red asterisks
denote the labelled samples. (Color ﬁgure online)
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Fig. 2. True path and estimated path for (a) straight line movement and for (b) sinusoidal movement.

We examined two types of trajectories: a straight line along the diagonal
of the rectangular region and a sinusoidal trajectory. The duration of the entire
movement of the source was 3 s and 5 s for the straight line movement and for the
sinusoidal movement, respectively. For both movement types, the source average
velocity was approximately 1 m/s, and the measured signals were divided into
segments of 330 ms with 75% overlap. For each segment, the corresponding RTF
was estimated in 2048 frequency bins. In Fig. 2, we plot the two movements and
the tracking results received for 300 ms reverberation time in noiseless conditions.
It can be observed that the proposed method is able to track the source for
both types of trajectories. The root mean square errors (RMSEs) were 13 cm
and 17 cm for the straight line movement and for the sinusoidal movement,
respectively. The error is larger for the sine path compared to the straight
path, since it is more complicated and neither the velocity nor the acceleration
are ﬁxed. In addition, for regions closer to the microphone positions we receive
lower error compared to remote regions, as can be observed by comparing the
tracking results around the two peaks of the sine path. We conclude that the
proposed algorithm is capable of accurately tracking the source in a reverberant
environment.

6

Conclusions

A semi-supervised tracking algorithm based on measurements from distributed
pairs of microphones is presented. The tracking is carried out by Kalman ﬁltering which exploits smoothness in two domains. The ﬁrst is the commonly
assumed smoothness of the source trajectory in the time domain. The second is
related to the data-driven model inferred from the prerecorded measurements.
The source position is assumed to vary smoothly with respect to the multiple
acoustic manifolds associated with the diﬀerent nodes. The resulting tracker is
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shown to accurately track a moving source in a simulated reverberant room. In
future work, we intend to examine a more sophisticated modelling of the source
movement.
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