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Abstract—Smart spaces are environments equipped with a set
of sensors with the main objective of understanding humans’
behavior within them, their interactions and to improve human-
machine interfaces. Audiovisual tracking is used to know people’s
position in the environment and if they are talking, through
the use of cameras and microphones. In this work we present
an audiovisual tracking solution with a single camera and
microphone array in a distributed configuration. Our idea is
to exploit the estimation of azimuth and elevation from audio
information to be fused with the position estimation obtained
from a Viola and Jones based observation model. The fact that the
microphone array is not co-located with the camera will allow to
reduce the distance estimation uncertainty from the video model
and improve tracking accuracy. The system was evaluated on
the AV16.3 database on single speaker sequences, outperforming
results of state-of-the-art, under these conditions.

Index Terms—Smart Space, Audiovisual Tracking, Particle
Filter

I. INTRODUCTION AND PREVIOUS WORKS

Smart spaces are environments equipped with a set of
sensors, communication and computing systems, with the main
objective of understanding human behaviors within them, their
interactions and to improve human-machine interfaces. In this
context, one of the core low level information refers to the
presence, position, orientation (pose), and voice activity status
of users within the space, as these features play a major role in
high level interactions between the users and the environment.
Audiovisual speaker tracking is a technique that can be applied
in this context to locate people in the environment using audio
and video information. The main idea is to combine the best
features of both sensors to improve the tracking accuracy and
robustness.

In the last few years there has been an increase in the
number of proposals for multiple speaker tracking in smart
spaces using audio and video information [1]–[10]. One
relevant research line is focused in a challenging speaker
tracking scenario, where there are a variable and unknown
number of speakers [1]–[3]. Another line focuses on finding
a better visual appearance model to track multiple speakers in
indoor environments [5], while others proposals are centered
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on audiovisual tracking in compact configurations (co-located
camera and microphone array) for applications like human-
robot interfaces [6]–[9].

In [9] an extensive review to the state of the art in audiovi-
sual speaker tracking is presented. In this review, the different
literature proposals were classified according to different as-
pects like in which space the tracking is done (image plane,
ground or three-dimensional (3D)), if the configuration of the
sensors is co-located or distributed, the number of sensors
used, etc. In recent proposals there appears to be a tendency
to reduce the number of sensors, being one camera and one
microphone array in [2], [3], [6], [9], [11]. Many of these
systems track the speakers in the image plane (2D) [2], [3],
[8], [11], [12]. In [6] and [9] the idea of tracking in the 3D
space with one camera and one microphone array is presented.
One of the problems reported for this task is the low accuracy
in the user distance estimation, as it is based on the size of
the detected face or person’s body. In the audio modality, the
problem is even worse, since a small microphone array has
larger distance errors than video.

Another characteristic in the audiovisual speaker tracking
literature is the common use of color histogram-based likeli-
hood approaches to track faces in the video modality [1]–[3],
[11], [13]. However, these likelihoods are not very accurate
in determining the object location. These models also suffer
from the problem of not being able to correctly locate the
mouth for different face poses. Another typical approach is to
apply face or person detectors [8], [9], but when the detection
fails, the tracker must use color information. A 3D visual only
tracking system was recently presented in [14] for face/mouth
location with particle filters using a probabilistic Viola and
Jones based observation model [15]. This model uses the
knowledge learned by the Viola and Jones classifier, that is
modified to be used as a likelihood estimator in a particle filter.
The previous results in [14], show that this observation model
is accurate when tracking faces in the image plane domain.

In this paper we will combine this visual observation model
with audio information, to carry out audiovisual face/mouth
tracking in a distributed configuration, using a single camera
and a single microphone array which are not co-located. Our
strategy is to exploit the estimation of azimuth and elevation
only using audio information, and not the distance estimation,
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which is highly error-prone. The fact that the microphone
array is not co-located with the camera will allow to reduce
the distance estimation uncertainty from the video model and
improve the tracking accuracy.

In [14], the face likelihood model was used in two tracking
tasks. In the first one, using a single video camera, tracking
is done in the image plane (2D) without estimating depth. In
the second task, the tracking is done in 3D, taking advantage
of the intersection of the location estimation from the 3 video
cameras. So, the main differences of this work as compared
with that in [14], are the combined use of audio and video
information, and the 3D localization carried out using a single
camera, with the aid of the acoustic information. The distance
between the mouth and the camera is estimated considering
the face size in the image plane (video only modality). Then,
the 3D mouth position estimation is refined by intersecting the
video estimation with the estimated speaker direction from the
microphone array, thus combining both information sources in
the audiovisual modality.

II. TRACKING WITH PARTICLE FILTERS

Bayesian Filters (BFs) are techniques that estimate the
posterior probability density function (PDF) of a system along
time, given a set of measurements [16]. The estimation uses
a mathematical model called the state-space model. In this
model, the state (xk) and observation (zk) vectors are defined,
being k the corresponding time instant. State vectors charac-
terize the properties of the system to be estimated (position,
velocity, physical dimensions, etc.), and observation vectors
consider the measurements taken from the sensors.

The estimation is done in two steps: prediction and update.
In the prediction stage, a prior PDF calculation of the state
vector given the previous states (p(xk−1|Zk−1)) is done using
a motion model (p(xk|xk−1), see equation (1)). In the update
stage, a posterior PDF is computed (see equation (2)) by
including the observation vector information:

p(xk|Zk−1) =

∫
p(xk|xk−1)p(xk−1|Zk−1)dxk−1 (1)

p(xk|Zk) =
p(zk|xk)p(xk|Zk−1)

p(zk|Zk−1)
, (2)

where Zk = {zk′ , k′ = 1, ..., k} and p(zk|xk) is the likelihood
defined in the observation model [16].

Particle filters (PFs) are a particular class of BFs that
approximate the states distribution with a set of weighted
samples {xik, wik}, called particles, as shown in equation (3):

p(xk|Zk) ≈
N∑
i=1

wikδ(xk − xik), (3)

where N is the number of particles being used.
The estimation stage is then carried out by applying impor-

tance sampling [16] (IS), which is a statistical technique to
estimate the properties of a distribution when its samples are
generated by another one.

III. PROPOSED METHOD

Our proposal is a PF to track the speaker’s mouth position
with a microphone array and a video camera (Figure 1 shows
the general scheme of the proposed algorithm). The state
vector is defined from the 3D position of the particles, and
their velocity xik = [xi, yi, zi, vix, v

i
y, v

i
z]. The particles

xik are initialized in a determined position, being the initial
weight wik=0 = 1/N for each one, with i = 1, ..., N .
These particles are propagated according to the motion model,
in a frame by frame basis, given a predicted particle set
{xi, wi}k|k−1. In the update stage, first, the audio and video
data zk = {zak, zvk} are used to evaluate the likelihood of each
predicted particle lavi = f(lai , l

v
i ) with the observation model,

(see section III-D). Where the a,v and av superscripts refer
to the audio, video, and audiovisual modalities respectively.
Then, the posterior weights wik are computed by updating the
particles’ previous weights wik|k−1 with the likelihood values.
The speaker position estimation is obtained as a weighted
average of the updated particle set. A resample step eliminates
low weight particles and multiply particles with a high weight
obtaining a new set of particles {xi?, wi?}k. This new set is
used as the prior distribution in the next time step k + 1.

A. Motion model
In each iteration, the particles are propagated using the

Langevin motion model [17] (commonly used in the acoustic
speaker tracking literature [18]), and it has two parameters: a
constant speed v and the rate of change β.

B. Video observation model
The predicted particles in 3D (x, y, z)i (representing

speaker’s mouth positions hypothesis) are projected on the
image plane, obtaining (u, v)i. Squares bounding boxes around
the mouth points are needed to compute face likelihood. First,
bounding box sizes si are estimated according to the pin-hole
camera model:

si =
h3D
r · f
di

, (4)

where f is the camera focal length, di is the distance from
the 3D position of the particle i to the camera, and h3D

r

is a constant parameter representing the distance (in meters)
between the chin and the upper end of the forehead. At this
point, 3D particles have been converted to position and size
space (u, v, s)i.

The face model used is a modification of the Viola and Jones
face detection algorithm [15], which returns a face likelihood
value Ωexp4 (not binary) using a trained template. As in [14],
this model is applied for three different templates, trained for
frontal, left, and right poses respectively, given three likelihood
values Ωexp4F ,Ωexp4L and Ωexp4R. The relative position of
the bounding box related to the mouth is adapted depending on
the face pose [14]. Finally, a global likelihood, lvi , is estimated
thru the combination of poses likelihoods (5):

p(zvk|xik) ∼ lvi =
√

Ω2
i,exp4F + Ω2

i,exp4L + Ω2
i,exp4R, (5)
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Fig. 1. General scheme of the proposed algorithm.

C. Audio Observation Model

The audio model processing starts by computing the Gener-
alized Cross Correlation with Phase Transform (GCC-PHAT)
between each pair (p, q) of microphone signals segments,

RPHATsp,sq (τ) =

Nf−1∑
f=0

Ψij(f)Sp(f)S∗q (f)e
j 2πf
Nf

τ
, (6)

where Nf is the number of discrete frequencies, Sp(f) and
Sq(f) are the frequency spectra of the signals in the p and q
microphones respectively, Ψpq(f) = 1

|Sp(f)S′
q(f)| is the PHAT

filter, and τ is the delay.
Then, the SRP-PHAT power of each of the particles is

computed as a likelihood value and expressed using the GCC-
PHAT terms. In the far-field condition case, the wavefront can
be considered flat, so that it is not possible to know the exact
distance from the emitting source to the transducers, but only
their direction of arrival. In this case, a transformation to parti-
cle positions from Cartesian (x, y, z)i to spherical coordinates
is carried out, obtaining the azimuth and elevation (φ, θ)i of
each particle, referenced to the center of the microphone array.
The SRP-PHAT in the far-field condition can be expressed as:

p(zak|xik) ∼ lai = P (φi, θi) =

M−1∑
p=1

M∑
q=p+1

RPHATsp,sq (τφ
i,θi

p,q ),

(7)
where M is the number of microphones in the array, and τφ

i,θi

p,q

is the theoretical time delay of arrival (TDOA) to the p and q
microphones of the sound wave coming from the ith particle
direction.

D. Audio and Video Information Fusion

To fuse the information generated from the audio and video
source for each particle, we assume independence between
modalities, so that:

p(zavk |xik) = p(zak|xik)p(zvk|xik) (8)

In practice, audiovisual likelihoods are obtained by comput-
ing the product of the likelihoods from both modalities.

p(zavk |xik) ∼ lavi = f(lai , l
v
i ) = lvi · lai (9)

E. Weight updates and Position Estimation

The weights for previous step particles are multiplied (up-
dated) by their likelihood values to obtain the new weights.

wik = wik|k−1 · l
av
i (10)

The position of the speaker (X̂k) is then estimated from
equation (11):

X̂k =

N∑
i=1

wikx
i
k (11)

Finally, the particle set is resampled with the multinomial
resampling [19].

IV. EXPERIMENTAL SETUP

The proposed tracking system has been tested in two
modalities: First only using video information, and second,
combining the two information sources in the audiovisual
modality.

A. Dataset

The database used for system evaluation is AV16.3 [20],
recorded in the Smart Meeting Room of the IDIAP research
institute, which consists of a 8.2m×3.6m×2.4m rectangular
room containing a centrally located 4.8m× 1.2m rectangular
table. Two circular microphone arrays of radius 10cm, each
of them composed by 8 microphones, are placed on top of the
table. The centers of the two arrays are separated by 80cm
and the origin of coordinates is located in the middle point
between the two arrays. The room is also equipped with 3
video cameras providing different angle views.

The database contains audio and video data taken by the
3 video cameras, and the two circular microphone arrays.
The cameras have a frame rate of 25 f.p.s (40ms period)
while the audio has been recorded at 16 kHz. The dataset
is fully labeled, providing the mouth ground truth location.
Synchronization information between the audio and video
streams is also available. The experiments were carried out
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Fig. 2. Mean and standard deviation of error over time in seq12 and seq08 (blue: video, red: audiovisual)

using sequences seq08, seq11, and seq12, with single
moving speakers, which are the same ones evaluated in [9]
and [10], two state-of-the-art proposals that will be used in
our performance comparison.

B. System configuration

Audio signals are segmented in windows with 4096 samples
(256ms), using a window shift of 640 samples (40ms), in such
a way that each audio segment is associated with one video
frame. The number of FFT points is equal to the window size.
Each image frame was scaled by a factor of 2 to allow the
Viola and Jones templates of 20x20 pixels to able to ”detect”
faces when they are far away from the cameras, although there
are frames in which the speaker face size is below 20x20
pixels (around 15x15). Next, lens distortion is corrected. The
face bounding box size in 3D, h3D

r , is fixed to 0.17m.
The model parameters (v = 1ms−1 and β = 10s−1) have

been selected following [18], in which they are reported to
achieve good results. The PF algorithm used was the sequential
importance resampling, with 1000 particles. The algorithm
was tested with each of the three cameras independently and
one of the available microphone arrays (MA1 in AV16.3 [20]).
The evaluation metric we used is the Mean Absolute Error
(MAE) in 3D, as defined in [9], measured in mm.

V. RESULTS AND DISCUSSION

Table I shows the MAE performance metrics (in mm)
for each sequence and cameras C1, C2 and C3, and for
the two modalities (video and audio+video), also including
the relative improvement achieved by the audiovisual fu-
sion as compared with the use of video only information
(∆r = MAEV −MAEA+V

MAEV
).

From the results, it can be observed that for every com-
bination of sequence and camera, the audiovisual tracking
was capable of reducing the errors as compared with a visual

TABLE I
AVERAGE MAE ERRORS (MM) AND RELATIVE ERROR REDUCTION BY

SEQUENCE AND CAMERA IN TWO MODALITIES, VIDEO AND AUDIOVISUAL.

Video Audio+Video
C1 C2 C3 C1 C2 C3

seq08
∆r

70 122 120 66
6.8%

83
32.0%

86
27.9%

seq11
∆r

119 98 103 110
7.6%

78
20.6%

89
14.3%

seq12
∆r

195 144 142 125
36.1%

125
12.7%

116
18.2%

average
∆r

128 122 122 100
21.9%

96
21.3%

97
20.3%

only solution. The largest error reduction happens in sequence
seq12 camera 1 (36.1%). The second larger error reduction
is show in sequence 08 camera 2 (32%). These two cases with
larger reductions are the fist and the third with larger errors in
the video modality. In the rest of the cases, the reduction was
between 6.8% and 27%, with average improvements around
21%.

A. Analysis of results

Sequence seq12 presents a speaker with rapid movements
and sudden changes of direction, causing the visual tracker
estimation not to be able to accurately follow the speaker,
thus increasing the tracking error. Figure 2 (top) shows this
situation between seconds 21 and 27 and after second 48. In
both cases, the audio information allows the tracker to faster
recover from the target loss. A similar situation occurs at the
end of sequence 11 in a series of loops that the speaker does.

For sequence seq08, and using cam 3, there is no target
loss, but the visual tracker presents errors above 10cm (see
bottom graphic in Figure 2) during some time intervals. This
error is mainly caused by a wrong speaker distance estimation.
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In this case, we can see that the audiovisual solution is capable
of keeping the error below that achieved by the only video
solution in most of the sequence.

B. Comparison with the state-of-the-art

In Table II we compare our overall average results with
those of the AV3T proposal described in [9], and with that
of [10], two of the most recent proposals in the literature for
audiovisual tracking. In Table II, we also provide the relative
error reduction of our proposal and that of [10], as compared
with that achieved by AV3T.

From the results shown, it’s clear that our visual tracker
reduces the error of the AV3T video only counterpart around
70%, and around 39% in the audiovisual modality, being also
better than the audiovisual proposal of [10].

TABLE II
AVERAGE MAE ERRORS (MM) COMPARISON WITH [9], [10]

AV3T [9] [10] Our proposal
Video

∆r

41 −
−

12.4
69.8%

Audio+Video
∆r

16 12
25.0%

9.7
39.4%

VI. CONCLUSIONS AND FUTURE WORK

In this work, a new audiovisual tracking proposal for
distributed sensor configuration is presented. Evaluations were
done with a single camera and one microphone array condi-
tions, for a single speaker tracking task in distributed non-co-
located configurations.

Video tracking using face appearance-based observation
model is shown to be better than color models and face
detection solutions from the state of the art. The audiovisual
combination is capable of improving 3D visual only speaker
tracking in distributed configurations using a single camera
and one microphone array, reducing the depth error that may
be significantly high in such configurations. This improvement
is especially remarkable in cases where the visual tracking
loses the target, where the proposed combination makes track-
ing much more robust.

As future work, we plan to evaluate this model in multiple
speaker scenarios. Also, further investigations will be done
in order to improve the dynamic model and to optimize the
particle filter parameters to reduce situations where the tracker
still loses the target in complex speaker pose configurations.
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