Active Binaural Localization of Intermittent Moving Sources
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Abstract— This paper takes place within the field of active
sound source localization in a binaural context. A stochastic
filtering strategy is presented for the localization of a still or
moving source from a moving binaural sensor. The proposed
method accounts for the source intermittence as well as for false
measurements induced by the non-stationarity of the emitted
signal. Its effectiveness is showed on experimental results.

I. I NTRODUCTION
Robot audition can be defined as an artificial listening
capability to recognize and understand the auditory environment. It covers various functionalities such as localization and separation of sound sources, and, at higher
levels, speaker/speech recognition, multi-party interaction,
etc. [1]. The first approaches were binaural, i.e. relied on
two microphones mounted on a robotic head, and concerned
low-level functions such as localization. The interest of
using only two microphones is obvious in terms of cost
and ease of implementation. Various techniques, relying on
Interaural Intensity and Phase Differences (IID, IPD) computation together with Head Related Transfer Function (HRTF)
exploitation, were put forward. A first idea was to model the
effect of the head on the two perceived signals, leading to
the Auditory Epipolar Geometry [2] or the Scattering Theory.
But because of their limited performance and poor robustness
w.r.t. modeling uncertainties and environment variability,
binaural approaches were gradually supplanted by array
processing [3]. Yet, it has recently been acknowledged that
the limitations of a pair of microphones can be superseded by
its mobility, which has given rise to the new topic of active
binaural audition. Noticeably, emerging connections with
recent theories of embodied cognition suggest alternative
paradigms to perception in engineering [4].
Among the early contributions to active robot audition,
the audio-visual tracker [5] integrates motor movements together with an adaptive ego-noise cancelling algorithm. More
recently, the idea of fusing motion and perception appeared
in [6][7]. This paper proposes an active binaural audition
strategy to detect the activity of a speaker and localize
him/her, in spite of outliers during cues extraction. It relies on
the careful modeling developed in [8][9]. Its organization is
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Fig. 1: The considered localization problem.
as follows. First, the problem statement is recalled, together
with the basic Kalman filter strategy [8]. Then, an extension
coping with false measurements is exposed (Section III).
This algorithm is adapted to intermittent sound sources in
Section IV. Last, the approach is assessed on two scenarios.
II. P ROBLEM S TATEMENT AND BASIC S OLUTION
A. Problem statement
A pointwise sound emitter E and a binaural sensor move
independently on a common plane parallel to the ground.
The two transducers equipping the sensor are denoted by Rl
and Rr . A frame FR : (R, x R , y R , z R ) is rigidly linked to the
sensor, with R the midpoint of the line segment [Rl ; Rr ], y R
the vector kRRRRR l k and x R the downward vertical vector. The
l
frame FE : (E, x O , y O , z O ) attached to the source is parallel to
the world reference frame FO : (O, x O , y O , z O ), with x O = x R
Rl R r k = 2a terms the transducers interspace.
(see Fig. 1). kR
The source undergoes a translational motion (velocities
vEy , vEz of FE w.r.t. FO expressed along axes y O , z O ), while
the sensor is endowed with two translational and one rotational degrees-of-freedom (velocities vRy , vRz of FR w.r.t. FO
expressed along axes yR , zR ; rotation velocity ω of FR w.r.t.
FO around xO = xR ). Assuming vRy , vRz , ω are known, the
aim is to localize the emitter (FE ) w.r.t. the binaural sensor
(FR ) from the sensed data at Rl , Rr . Free-field condition is
assumed. The audio sensor is never localized w.r.t. FO .
B. Mathematical modeling
1) State space equation: Without loss of generality, the
relative attitude of FR w.r.t. FE can be described by a
discrete-time stochastic state space equation of the form
X [k] )uu2 [k] +W
W [k]
X [k+1] = F X [k] + G 1 u 1 [k] + G 2 (X

(1)

Therein, uppercase (resp. lowercase) vectors are random
(resp. deterministic and known). X , (ey , ez , λ )0 is the state
vector to be estimated. It gathers the entries ey , R E .yyR and

ez , R E .zzR of R E in FR , and the angle λ , (zz\
R , z O )x O (see
Fig. 1). W [k] is a Gaussian random dynamic noise with
known statistics modeling uncertainty in the relative motion.
The sensor velocities constituting u 1 ,(vRy , vRz , ω)0 are supposed known. Eq. (1) also assumes that the source velocities
are available (e.g., u 2 , (vEy , vEz )0 = 0 for a still source). If
the source is moving at an unknown velocity, then u 2 must
be turned into a random variable U 2 to be estimated, and
Eq. (1) must be complemented to describe the dynamics of
U 2 , e.g., a random walk with known diffusion. More details
about Eq. (1) are given in [8][9].
2) Measurement equations: In a conventional stochastic
state space model, the measurement vector z is viewed as a
sample of the measurement process Z linked to X , u 1 , u 2 by
an output equation of the form
X [k] , u 1 [k] , u 2 [k] ) +V
V [k] ,
Z [k] = h (X

(2)

with V a measurement noise. In our binaural approach,
the Interaural Time Difference (ITD) [10] is used as the
measurement. Importantly, when the source is moving, the
equation relating the ITD to the source position is implicit,
so that approximations are needed to get an explicit output
equation like (2) [8][9]. When the source velocity is much
lower than the sound speed, a “quasi-static” approximation
of the ITD comes as
q

1 q 2 2 2
ITD =
ey +ez +a +2aey − e2y +e2z +a2 −2aey . (3)
c
The ITD is measured at each time from the raw audio
data on the basis of Generalized Cross Correlation (GCC)
techniques [11]. The GCC peak of the signals gathered at
Rl , Rr on a time window of length T constitutes an estimator
of the genuine ITD, whose properties have been studied
in [12][13]. The associated Mean Square Error (MSE) depends on the Signal-To-Noise Ratio (SNR) and the TimeBandwidth Product (TBP) of the binaural signals. When their
values are sufficiently high, the measurement noise V can be
assumed Gaussian zero-mean. In this case, the measurement
is said “correct”. Contrarily, when the SNR and/or the TBP
fall below a given threshold, the extracted ITD is dominated
by noise and does not bring any information about the source
location. In this case, the measurement is said “false” and,
assuming uncorrelated transducers noises, follows, say, a
uniform probability density function (pdf) on T = [−T, T ]
Z [k] ; T ).
z [k] ∼ U (Z

(4)

In conclusion, at any time, the measurement is supposed
to follow either (2)–(3) or (2)–(4). However, one must be
aware that the real world exhibits measurements that are
somewhere between false and correct. Also, the assumption
of uncorrelated noises and source, which eases the problem
of ITD estimation (as in [11][12][13]), is generally not
satisfied in realistic environments (e.g. due to reverberation).
C. Basic estimation strategy
Consider first that the source emits continuously a stationary signal such that at each time k the measurement
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Fig. 2: Theoretical and extracted ITDs for speech signal.
is correct. For example, say that the emitted signal is a
sufficiently loud white noise. The nonlinear stochastic state
space model (1)–(2) is thus considered. In this case, the
square root Unscented Kalman Filter (sr-UKF) [14][15]
provides sound and numerically robust approximations to
the first two moments x̂[k|k] , P[k|k] and x̂[k|k−1] , P[k|k−1] of the
X [k] |Z
Z [1:k] = z [1:k] ) and p(X
X [k] |Z
Z [1:k−1] = z [1:k−1] ) for
pdfs p(X
a given sequence of measurements z [1:k] = z [1] , . . . , z [k] . A
major problem concerns the characterization of the initial
state prior mean and covariance to be used in the sr-UKF
initialization. When no knowledge about the initial state is
available, a solution consists in initializing the sr-UKF with a
flat prior (e.g. zero-mean and large covariance). However, in
the considered problem, the propagation of widely spread
distributions leads to overconfident conclusions. To avoid
this problem, acknowledged in [8], an original multiple
hypothesis filtering scheme (MH-srUKF) was proposed.
D. Pitfalls
During a speaker’s utterance, due to the environment noise,
the finite observation window, and the non-stationarity of
speech, false measurements appear when the SNR/TBP are
too low. To illustrate this point, Fig. 2 shows the theoretical
and extracted ITDs along time for a moving sensor and a
static loudspeaker emitting speech signal in an acoustically
prepared room. ITDs were extracted every 50ms by GCCPHAT [11], from 10ms-long audio records weighted by a
Hanning window. The audio acquisition was performed at
44.1kHz, and the discrete GCC was interpolated using a
lowpass filter to ensure good resolution. As depicted, most
measurements fit well the theoretical ITD, in agreement
with (2), while some of them corroborate (4). Obviously, the
number of false measurements could be reduced by increasing the observation window size. However, this size must be
chosen carefully, since the genuine ITD must not vary much
within the observation window for the GCC estimation to
be meaningful [11]. This is a fundamental concern when the
source and sensor move. Consequently, the filtering strategy
presented in [8], designed for an ideal source is not suited to
speech signals. In fact, if the covariance of the measurement
noise hypothesized in the MH-srUKF fitted its genuine value,
then the false measurements, having a much larger diffusion,
would compromise the filter stability. Of course, the MHsrUKF measurement noise covariance could be set to a
larger value, so as to “capture” the false measurements

statistics, but such a solution would yield far too pessimistic
conclusions. Finally, one could define a procedure that selects
the measurements to be assimilated by the filter according to
some criterion. For instance, the filter could be fed only with
the measurements computed from binaural signals whose
energy is greater than a predefined threshold. The problem
is that with some probability, some validated measurements
could in fact be false, so that the filter would assimilate them
“believing” that they are correct [16]. So, a filter must be
designed to handle false measurements in a probabilistic way.
This is the topic of the next section.

Z [k] = z [k] |I[k] = 0, X [k] = x [k] ) have very distinct shapes (the
p(Z
first one shows a sharp mode, while the second ones spreads
evenly over T = [−T, T ]) the assumed time-invariance of
the false measurements probability does not influence much
the results in practice. A mode-matched approximation of
the posterior pdf then comes as

III. D EALING WITH FALSE M EASUREMENTS

This scheme slightly differs from the original PDAF, in that
only one measurement is available at each time, and no
validation gate is introduced. Though, it will still be referred
to as PDAF, along Algorithm 1.

A. Probabilistic Data Association
A simplified version of the Probabilistic Data Association
Filter (PDAF) [16] is derived. Define the random variable

1 if z[k] is a correct measurement,
I[k] =
(5)
0 otherwise.
Applying the total probability theorem w.r.t. the possible
values of I[k] , the posterior pdf of X at time k writes as
X [k] |Z
Z [1:k] = z [1:k] ) = ∑1i=0 γi[k] p(X
X [k] |I[k] = i, Z [1:k] = z [1:k] )
p(X
X [k] ; x̂i[k|k] , Pi[k|k] ),
≈∑1i=0 γi[k] N (X
(6)
where N (.; x̂, P) stands for the Gaussian pdf of mean x̂ and
Z [1:k] = z [1:k] ) terms the
covariance P, and γi[k] , P(I[k] = i|Z
posterior probability of each mode i. The posterior state pdf
at time k comes as a mixture of two Gaussian distributions:
the posterior pdf assuming that z [k] is correct, whose moments x̂1[k|k] , P1[k|k] can be computed from x̂[k−1|k−1] , P[k−1|k−1]
through the UKF time and measurement updates, and the
posterior pdf assuming that z [k] is false, whose moments
x̂0[k|k] , P0[k|k] can be computed from x̂[k−1|k−1] , P[k−1|k−1] by
the UKF time update only. At each time k, each i-th
Z [k] = z [k] |I[k] = i, Z [1:k−1] = z [1:k−1] )
mode likelihood Li[k] , p(Z
w.r.t. z [k] come as
L1[k] = N (zz[k] ; ẑ1[k|k−1] , S1[k|k−1] )
(7)
L0[k] = U (zz[k] ; T ),
Therein, ẑ1[k|k−1] , S1[k|k−1] are the moments of the predicted
output pdf assuming z [k] is correct. They can be deduced
from the prior moments x̂[k|k−1] , P[k|k−1] in the UKF output
prediction step by exploiting (2). The modes posterior probabilities are then deduced from the Bayes formula:
γi[k] =

Z [1:k−1] = z [1:k−1] )
Li[k] P(I[k] = i|Z
,i
1
Z [1:k−1] = z [1:k−1] )
∑l=0 Ll[k] P(I[k] = l|Z

= 0, 1.

(8)

It is assumed that the probability to get a false or correct measurement at time k is independent of the measurements at previous time steps, and is time-independent,
Z [1:k−1] = z [1:k−1] ) = P(I[k] = i) = Pi , with
so that P(I[k] = i|Z
P0 + P1 = 1. While the first assumption seems quite reasonable, the second one is less legitimate. Indeed, the
false measurements rate is intuitively all the higher as the
intensity of the binaural signals decreases. Nevertheless,
Z [k] = z [k] |I[k] = 1, X [k] = x [k] ) and
as the measurement pdfs p(Z

X [k] |Z
Z [1:k] = z [1:k] ) ≈ N (X
X [k] ; x̂[k|k] , P[k|k] ),
p(X
with x̂[k|k] = ∑1i=0 γi[k] x̂i[k|k]
P[k|k] = ∑1i=0 γi[k]

Pi[k|k] +(x̂i[k|k] −x̂[k|k] )(x̂i[k|k] −x̂[k|k]

(9)
(10)

.

)T

B. Multiple Hypothesis filter
While the PDAF can handle false measurements, running
a single filter with a flat prior at initial time still leads
to overconfident conclusions as acknowledged in [8]. To
overcome this difficulty, the true initial state moments are
j
j
} j=1,...,J defined
, P[0|0]
supposed to belong to a finite set {x̂[0|0]
from a partition of the admissible state space (i.e. of the
admissible relative sensor-to-source locations) into J overlapping cells {C j } j=1,...,J , e.g. so that each 99 % probability
j
j
X 0 ; x̂[0|0]
)
, P[0|0]
ellipsoid defined from the Gaussian prior N (X
th
covers C . Each hypothesis F (i.e. the hypothesis that the j
j

j

initialization is correct) is assigned a given initial probability
W[0]j , P(Fj ). So, the initial state prior pdf is described by
the Gaussian mixture
j
j
X [0] ; x̂[0|0]
X [0] ) = ∑Jj=1 W[0]j N (X
).
, P[0|0]
p(X

(11)

At time k, the posterior state pdf is obtained by applying the
total probability theorem w.r.t. the measurement faithfulness
and initialization hypotheses
X [k] |Z
Z [1:k] = z [1:k] ) =
p(X
j
j
X [k] |I[k] = i, Fj , Z [1:k] = z [1:k] ), (12)
∑Jj=1W[k] ∑1i=0 γi[k] p(X

Z [1:k] =zz[1:k] ) is the posterior probability of
where W[k]j ,P(Fj |Z
j
Fj and γi[k]
,P(I[k] =i|Fj , Z [1:k] =zz[1:k] ) is the posterior probability of I[k] = i assuming Fj . Eq. (12) can be approximated as
j
j
X [k] |Z
Z [1:k] = z [1:k] ) ≈ ∑Jj=1W[k]j N (X
X [k] ; x̂[k|k]
p(X
, P[k|k]
),

(13)

j
j
where the moments x̂[k|k]
, P[k|k]
are computed from a PDAF
matched to Fj . So, a multiple hypothesis strategy handling
false measurements can be derived by modifying the MHsrUKF proposed in [8] in two respects: the sr-UKFs matched
to {Fj } j=1,...,J are replaced by PDAFs, and the likelihood
j
Z [k] =zz[k] |Fj , Z [1:k−1] =zz[1:k−1] ) of the filter initialized
L[k]
, p(Z
along Fj is described by a mixture of Gaussian and uniform
pdfs. This Multiple Hypothesis PDAF, hereafter referred to
as MH-PDAF, is summarized in Algorithm 2.

Algorithm 1 The PDAF.
h
i
x̂[k|k] , P[k|k] , L[k] = PDAF(zz[k] , x̂[k−1|k−1] , P[k−1|k−1] , u [k−1] )

1: IF k = 0 THEN Define the initial conditions {x̂[0|0] , P[0|0] }. END IF
2: IF k ≥ 1 THEN
X [k] |Z
Z [1:k−1] =zz[1:k−1] ) from N (X
X [k−1] ; x̂[k−1|k−1] , P[k−1|k−1] ). The moments x̂0[k|k] , P0[k|k]
3:
(UKF time update) Predict the moments x̂[k|k−1] , P[k|k−1] of p(X
X [k] |I[k] = 0, Z [1:k] = z [1:k] ) come as x̂0[k|k] = x̂[k|k−1] , P0[k|k] = P[k|k−1] .
of p(X
Z [k] |I[k] = 1, Z [1:k−1] = z [1:k−1] ) from N (X
X [k] ; x̂[k|k−1] , P[k|k−1] ) by exploiting
4:
(UKF measurement update) Predict the moments ẑ1[k|k−1] , S1[k|k−1] of p(Z
X [k] |I[k] = 1, Z [1:k] = z [1:k] ).
the correct measurement equation (2)–(3), and fuse z [k] with x̂[k|k−1] , P[k|k−1] so as to get the moments x̂1[k|k] , P1[k|k] of p(X
Z [k] = z [k] |Z
Z [1:k−1] = z [1:k−1] ) = N (zz[k] ; ẑ1[k|k−1] , S1[k|k−1] )P1 + U (zz[k] ; T )(1 − P1 ) and compute
5:
(Modes posterior probabilities) Evaluate L[k] , p(Z
Z [1:k] = z [1:k] ) =
γ0[k] , P(I[k] = 0|Z

U (zz[k] ;T )(1−P1 )
L[k]

N (zz[k] ;ẑ1[k|k−1] ,S1[k|k−1] )P1
.
L[k]


covariance P[k|k] = ∑1i=0 γi[k] Pi[k|k] +(x̂i[k|k] −x̂[k|k] )(x̂i[k|k] −x̂[k|k] )T .

Z [1:k] = z [1:k] ) =
and γ1[k] , P(I[k] = 1|Z

6:
(Mode-matched moments) Output the posterior mean x̂[k|k] = ∑1i=0 γi[k] x̂i[k|k] and
7: END IF

Algorithm 2 The MH-PDAF.
h
x̂[k|k] , P[k|k] , {W[k]j }

j=1,...,J

j
j
, {x̂[k|k]
, P[k|k]
}

j=1,...,J

i
j
, Λ[k] = MH-PDAF z [k] , {W[k−1]
}
j

j=1,...,J

j
j
, {x̂[k−1|k−1]
, P[k−1|k−1]
}

j=1,...,J

, u [k−1]



j

j

1: IF k = 0 THEN Define the moments {x̂[0|0] , P[0|0] } j=1,...,J of the state at initial time and the initial weights {W[0] , P(Fj )}
. END IF
j=1,...,J
2: IF k ≥ 1 THEN
 j
j
j 
j
j
3:
FOR j = 1, . . . , J, DO (PDAF matched to Fj ) x̂[k|k] , P[k|k] , L[k] = PDAF(zz[k] , x̂[k−1|k−1] , P[k−1|k−1] , u [k−1] ). END FOR
4:

l Wl
Z [k] = z [k] |Z
Z [1:k−1] = z [1:k−1] ) = ∑Jl=1 L[k]
Compute Λ[k] , p(Z
[k−1] .

5:

Z [1:k] = z [1:k] ) =
FOR j = 1, . . . , J, DO Update the filters weights W[k] , P(Fj |Z

j

j

j

L[k] W[k−1]
Λ[k]

.

END FOR

j
W[k]

6:
If some
are lesser than a given threshold α, then suppress the corresponding filters Fj . Decrease J and renormalize all the weights accordingly.
7: END IF

j j
j  j
j
j
8: (Mode-matched moments) Output the posterior mean x̂[k|k] = ∑Jj=1 W[k] x̂[k|k] and covariance P[k|k] = ∑Jj=1 W[k] P[k|k] + (x̂[k|k] − x̂[k|k] )(x̂[k|k] − x̂[k|k] )T .

IV. A GLRT A PPROACH TO D ETECT I NTERMITTENT
S OUND S OURCES
This section shows how the MH-PDAF can be complemented with a detector of source activity/mute based on the
Generalized Likelihood Ratio Test (GLRT).
A. Intermittent source model
The following model can cope with an uttering speaker:

X [k] )uu2 [k] +W
W [k]
X [k+1] = F X [k] + G 1 u 1 [k] + G 2 (X
V [k] with prob. P1
X [k] , u 1 [k] , u 2 [k] )+V
(14)
M1 : Z [k] = h (X

Z [k] ; T )
z [k] ∼ U (Z
with prob. 1−P1 .
When the speaker is mute, false measurements occur systematically. So, the model M2 for a silent speaker is identical
to M1 , excepted that the probability to get a correct measurement is zero. Under M2 , the posterior state pdf is just
the prediction
j
j
X [k] |Fj , Z [1:k] = z [1:k] ) = N (X
X [k] ; x̂0[k|k]
p(X
, P0[k|k]
),

(15)

j
j
where the moments x̂0[k|k]
, P0[k|k]
are computed from

N

j
j
X [k] ; x̂[k−1|k−1]
(X
, P[k−1|k−1]
)

with a UKF time update. Sim-

j
ilarly, the modes posterior probabilities follow W[k]j = W[k−1]
.
So, the algorithm MH-Pred suited to a mute speaker reduces
to replacing, in the MH-PDAF algorithm, PDAFs with UKF
time updates, and to suppressing step 6.

B. Detection of the source state transitions
Sporadic jumps between M1 and M2 can be detected by
a GLRT-based adaptive filtering scheme, in the vein of [17].

1) Detection of a switch M1 → M2 : Define the Nelement data window W = {k − N + 1, . . . , k} ending at
the current time k. Suppose that the set of moments and
weights characterizing the Gaussian mixture approximation
X [k−N] |Z
Z [1:k−N] = z [1:k−N] ) is known,
to the posterior pdf p(X
and assume that the mode M1 was in effect until time
p , k − N + 1. Given z [p:k] , the aim is to define a decision
rule to test the two following mutually exclusive hypotheses:
H1 (θ1 ) : a switch M1 → M2 occurred at θ1 ∈ W ,
H0 : the system has remained in M1 .
Note that H1 (θ1 ) is composite as the candidate switching
time θ1 ranges over W . Given the likelihoods ΛH1 (θ1 ) ,
Z [p:k] = z[p:k] |H1 (θ1 )) and ΛH0 , p(Z
Z [p:k] = z[p:k] |H0 ), the
p(Z
most likely hypothesis is detected according to the GLRT
ΛH1 (θ̂1 ) H1
≷ η,
(16)
ΛH0 H0


where θ̂1 , argmaxθ1 ∈W ΛH1 (θ1 ) . The threshold η is tuned
so as to comply, say, with a selected false alarm probability.
The likelihood of H0 can be expanded backwards as
p
ΛH0 = Πkm=p Λ[m]
,
(17)
p
Z [m] =zz[m] |H0 , Z [p:m−1] =zz[p:m−1] ) comes from
where Λ[m]
, p(Z
a MH-PDAF matched to M1 initialized at step p−1 = k−N
with the moments and weights describing the posterior pdf
of X [p−1] . As for H1 (θ1 ), it writes as, with V = 2T ,
(
V −N
if θ1 = p,
ΛH1 (θ1 ) =
(18)
θ1 −1 p
−(k−θ
+1)
1
Πm=p Λ[m] ×V
otherwise.

If the decision outcome is H0 , then the N sets of moments
and weights computed at times p, . . . , k from the MH-PDAF

Algorithm 3 The GLRTBF1.
h
x̂[m|m] , P[m|m]
= GLRTBF1

i

 j
j
, {x̂[m|m]
, P[m|m]
}
j=1,...,J m=p,...,k
j=1,...,J m=p,...,k

j
j
j
{zz[m] }m=p,...,k , {W[p−1] }
, {x̂¯[p−1|p−1] , P̄[p−1|p−1] }
, {uu[m] }m=p−1,...,k−1
j=1,...,J
j=1,...,J
m=p,...,k


j
, {W[m]
}

1: FOR m = p, . . . , k DO
2:
Using a MH-PDAF matched to M1 , Compute the moments and weights of X [m] assuming H0 is true, and get the likelihood of H0 w.r.t. z [m] ,
p
Z [m] = z [m] |H0 , Z [p:m−1] = z [p:m−1] ):
, p(Z
Λ[m]
h
j
x̂¯[m|m] , P̄[m|m] , {W̄[m]
}

j=1,...,J

j
j
, {x̂¯[m|m]
, P̄[k|k]
}

j=1,...,J

i
j
p
, Λ[m]
= MH-PDAF z [m] , {W̄[m−1]
}

j=1,...,J

j
j
, {x̂¯[m−1|m−1]
, P̄[m−1|m−1]
}

3: END FOR
p
4: Compute the likelihood of H0 w.r.t. z [p:k] : ΛH0 = Πkm=p Λ[m]
5: FOR θ1 = p, . . . , k DO

 −N
V
6:
Compute the likelihood of H1 (θ1 ) w.r.t. z [p:k] : ΛH1 (θ1 ) =
 Πθm=p
1 −1 Λ p ×V −(k−θ1 +1)
[m]
7: END FOR


ΛH1 (θ̂1 ) H1
8: Proceed to the GLRT: Λ
≷ η, with θ̂1 , argmaxθ1 ∈W ΛH1 (θ1 ) .
H0

j=1,...,J

, u [m−1]

if θ1 = p,
otherwise.

H0

9: IF H0 detected THEN
10:
moments and weights given by theMH-PDAF as the global output:
keep the N sets of
j
j
j
j
j
{x̂[m|m] , P[m|m] }, {W[m] }

j=1,...,J

, {x̂[m|m] , P[m|m] }

j=1,...,J m=p,...,k

= {x̂¯[m|m] , P̄[m|m] }, {W̄[m] }

j=1,...,J

j
, {x̂¯[m|m] , P̄[m|m]
}

11: END IF
12: IF H1 detected THEN
13:
keep the θ̂1 − 1 first sets of moments and weights given by the MH-PDAF:
j
{x̂[m|m] , P[m|m] }, {W[m]
}

14:
15:

j=1,...,J

j
j
, {x̂[m|m]
, P[m|m]
}

j=1,...,J m=p−1,...,θ̂ −1
1

j
= {x̂¯[m|m] , P̄[m|m] }, {W̄[m]
}

j=1,...,J

j=1,...,J m=p,...,k

j
j
, {x̂¯[m|m]
, P̄[m|m]
}

FOR m = θ̂1 , . . . , k DO
Using a MH-Pred matched to M2 , recompute
the moments and weights of X [m] :
h
i
j
x̂[m|m] , P[m|m] , {W[m]
}



j=1,...,J

j
j
, {x̂[m|m]
, P[m|m]
}

j=1,...,J

j
= MH-Pred {W[m−1]
}

j=1,...,J

j
j
, {x̂[m−1|m−1]
, P[m−1|m−1]
}

j=1,...,J

.

j=1,...,J m=p−1,...,θ̂ −1
1

.


, u [m−1] .

16:
END FOR
17: END IF

matched to M1 are kept unchanged. Otherwise, if H1 (θ̂1 ) is
detected, only the first θ̂1 − p sets, at times p, . . . , θ̂1 − 1, are
kept unmodified. A MH-Pred matched to M2 is then initialized at θ̂1 − 1 with the corresponding posterior moments and
weights, so as to recompute their values at the subsequent
k − θ̂1 +1 instants, from time θ̂1 to k. The GLRTBF1 strategy
to detect a switch M1 → M2 is summarized in Algorithm 3.
2) Detection of a switch M2 → M1 : Assume that the system obeys to M2 before time p , k − N + 1. The hypotheses
to be tested are
H1 (θ1 ) : a switch M2 → M1 occurred at θ1 ∈ W ,
H0 : the system has remained in M2 .
Z [p:k] = z [p:k] |H0 ) and ΛH1 (θ1 ) ,
The likelihoods ΛH0 , p(Z
Z [p:k] = z [p:k] |H1 (θ1 )) of H0 and H1 (θ1 ) write as
p(Z
ΛH0 = V −N ,

1
ΛH1 (θ1 ) = V −(θ1 −p) × Πkm=θ1 Λθ[m]
, (19)

1
where Λθ[m]
comes from a MH-PDAF matched to M1 initialized at time θ1 − 1 with the posterior moments and weights
obtained by a MH-Pred, itself initialized at p − 1 with
the (given) moments and weights describing the posterior
pdf of X [p−1] . As the computation of ΛH1 (θ1 ) for every
candidate θ1 requires N distinct MH-PDAFs, the complexity
of the detection of a switch M2 → M1 , denoted GLRTBF2,
becomes higher than that of GLRTBF1.
3) Important issues: To make the GLRT reliable, a large
data window length N is recommended. However, a high N
augments the delay in detection and compensation, increases
the numerical complexity of GLRTBF2, and may disrespect
the sporadic assumption on model switches. So, a tradeoff
is necessary. Secondly, for large dynamic noises, the state

posterior pdf quickly spreads out when the source stops
uttering, which may lead to the aforementioned overconfident
conclusions. Solutions may consist in approximating the
state posterior pdf by a mixture of sharper pdfs and/or to
reinitialize the filter after a long source pause.
V. E XPERIMENTATION
A. Experimental setup
To assess the approach with real binaural signals, experiments were conducted in an acoustically prepared room,
equipped with 3D pyramidal pattern studio foams on the roof
and the walls. Two identical omnidirectional microphones,
spaced by 17cm, were mounted on the top of a tripod,
itself placed on a mobile wheeled cart. The two microphones
outputs were synchronously acquired at fs = 44.1kHz. The
sensor was moved manually while the source, a loudspeaker
placed at the same height, was emitting intermittent speech
signal. The ground-truth source and sensor positions and
velocities were determined at 200Hz by an infrared-based
motion capture system with less than 1mm error.
B. Experimental results
1) Intermittent static source: Figure 3 depicts the localization results brought back in the world frame at the four times
{1, 37, 115, 275}. The localization runs at 20Hz, but this rate
can be easily modified. At initial time, the filter handles J =
24 Gaussian priors (corresponding to the modes {Fj } j=1,...,J )
defined so that the union of their 99 % probability ellipsoids
covers a 4m radius circular region around the sensor. At
time 37, part of the remaining modes of the MH-PDAF
spread along the source-sensor direction, while others extend

Fig. 3: Estimation results in the world frame at times {1, 37, 115, 275} (from left to right) for a static intermittent source

/

binaural sensor

/

PDAF 99% confidence region when the source is detected ON/OFF

loudspeaker ON/OFF

/

99% confidence region of the MH-PDAF moment-matched approximation
when the source is detected ON/OFF

along the symmetric direction w.r.t. the (Rl Rr ) axis. In other
words, the uncertainty on the distance to the source is high,
and the front-back ambiguity remains. This comes from
the use of ITD cue in the filter: ITD is indeed known to
carry few information about range, and cannot disambiguate
sounds coming from rear and front. At iteration 115, the
loudspeaker is mute, and the filter has detected the transition
M1 → M2 So, the state pdf is propagated along time through
prediction only, i.e. the measurements are not incorporated
into the filter. The integration of the dynamic noise characteristics along time results in a seamless growth of the
99 % probability ellipsoids. At iteration 275, the loudspeaker
utters again, and the transition M2 → M1 has been detected.
Thanks to the information brought by motion, front and
back have been disambiguated and the range uncertainty
has been lowered, which leads to a state pdf very sharp
around the true source location. The companion video (see
also homepages.laas.fr/danes/IROS2012) shows
the extracted ITD and the detected source activity along time.
2) Dynamic source: Recall that if the velocity vector U 2
is unknown, then (1) has to be complemented to account
for its prior dynamics (Section II). In this experiment, U 2
is assumed to follow a random walk. As shown on the
companion video, the posterior confidence region is wider
than in the above static case, especially in the emitter-toreceiver direction. This is so because additional uncertainty
is put on the source motion. More generally, the filter
usefulness depends on whether the source dynamic model
is permissive or not (i.e. if much information is available
about the source motion or not).
VI. C ONCLUSION
A stochastic estimation strategy has been proposed to
the localization of a single mobile source. By fusing the
sensor motion with its perception, both the source range and
azimuth can be estimated, and front-back positions can be
disambiguated. The strategy copes with false measurements,
and handles source intermittency. Experimental results show
the effectiveness of the approach. Ongoing extensions aim

to deal with multiple sources, scattering effects induced by
a head between the microphones, and room reverberations.
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