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Abstract

The auditory system constitutes a significant perceptual input for humans and animals.
While it is legitimate to say that it ranks behind other senses such as vision or haptics
whose understanding has experienced significant advances in the context of computational
intelligence and robotics, it is intuitive to assume that service and field robotic systems
working closely with humans would benefit from incorporating compelling sound analysis
capabilities in the pursuit of accomplishing human-robot collaborative tasks. Within the
broad area of robotic audition, one of the most relevant research topics has been identifying
and locating multiple sound sources that may be present in the vicinity of the robot at
an instant in time. Robotic systems equipped with such ability would gain the faculty to
better monitor acoustic events such as a conversation, a ringing alarm or a call for help,
for example in a search and rescue scenario, effectively responding to people’s needs in
a more natural way. Mapping stationary sound sources using a robot equipped with an

on-board microphone array is thus the main focus of this thesis.

The first important problem faced when mapping sound sources is the calibration of the au-
ditory sensing unit, which in the scope of robot audition is almost invariably a multichannel
microphone array. There are two distinctive cases depending on whether the microphone
array is hardware-synchronised or not. If it is, calibration reduces to attaining an accu-
rate estimate of the array geometry of all microphones, whereas for asynchronous arrays a
resolution for starting time offsets and clock differences (drift rates) between the various
microphones is also required. A novel methodology is hereby proposed using a graph-
based Gauss-Newton least square optimisation technique borrowed from the simultaneous
localisation and mapping (SLAM) literature. The proposed method starts investigating
the calibration problem of a 2D/3D microphone array, and extends the method to the

more challenging linear microphone array case.

Having attained a calibrated microphone array, two distinctive contributions are made

within the context of a SLAM-based framework to jointly estimate robot poses, positions of
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surrounding sound sources and other likely exteroceptive landmarks (e.g. visual features)
in 2D /3D scenarios. Solving the SLAM problem purely based on sparse sound observations
is quite difficult and often impossible when the number of sound sources is low. The key
singularity is whether sound source mapping is carried out with a 2D /3D microphone array,
or a linear array. The proposed method invariably adopts a least square optimisation in
the form of graph SLAM to jointly optimise the state. This represents an improvement
over the conventional work found in the literature in that trajectory estimation and sound
source mapping are regarded as uncorrelated, i.e. an update on the robot trajectory does

not, propagate to the mapping of the sound sources.

While the proposed method is readily able to solve the 2D /3D sound source mapping prob-
lem itself, for the case of 2D /3D microphone array geometries, an additional improvement
in efficiency is suggested by exploiting the conditional independence property between two
maps estimated by two different SLAM algorithms running in parallel. In adopting this
approach, the first map has the flexibility that can be built with any SLAM algorithm
(filtering or optimisation) of choice to estimate robot poses with an exteroceptive sensor.
The second map can then be estimated by using a filtering-based SLAM algorithm with
all the stationary sound sources parametrised with Inverse Depth Parametrisation (IDP).
Compared to the joint optimisation approach, the improved method is able to save compu-
tational cost as the filtering technique is used for the sound source map. Robot locations
used during IDP initialisation become the common features shared between the two SLAM
maps, which allow to propagate information accordingly. The improved method achieves
similar accuracy in mapping sound source when compared to the full joint optimisation
approach, while incurring less computational expense and adding significant flexibility in

building the localisation map.

The proposed method of mapping sound sources using a 2D /3D microphone array cannot
be readily applied to linear microphone arrays given the peculiarity of their sensor observa-
tion model, a considerable challenge when initialising a sound source: a linear microphone
array can only provide 1 Degree Of Freedom (DOF) observations. Hence, multi-hypotheses
tracking combined with a novel sound source parametrisation is proposed in this work to
suggest a fitting initial guess for the sound source. Subsequently, a similar graph-based

SLAM joint optimisation strategy as that employed for the 2D /3D case can be carried out
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to estimate the full 6 DoF robot/sensor poses, 3 DOF landmarks (e.g. visual) and the
location of the sound sources. Additionally, a dedicated sensor model is also proposed to
more accurately model the noise embedded in the Direction of Arrival (DOA) observation
for the specific case of using a linear microphone array. Ultimately, the proposed method
provides a generic approach for mapping sound sources in 3D using a linear microphone
array with the aid of additional exteroceptive sensing to overcome the prevailing sparsity

of sound observations.
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One of the eigenvectors of R7 corresponding to the zero eigenvalue.
The observation noise variance of the SLAM system.

Noise level of observation in the EKF SLAM based sound map.

mic

mi¢ corresponds to the noise. The noise

Matrix of eigenvectors q

subspace of Q™.



Nomenclature

XXV

Qmic
s

Qmic
Ry

Rmic
R

5™ (¢m)

Ut

Ny

Lsrp

Lsrpg

mic

Xmic
Xmicn

Xy (1)

Xr

Matrix of eigenvectors q.*¢

subspace of Q.

corresponds to the signal. The signal

Matrix of eigenvectors of correlation matrix R,
The robot motion noise variance.

The correlation matrix of x"*.

Signal covariance matrix of x™,

The steering vector of the signal and ¢, is its direction.

The proposed novel parametrisation of the mth sound source state
for a linear array.

The state of the mth sound source in ith hypothesis with the pro-
posed novel parametrisation for a linear array.

Matrix form of steering vectors of the microphone array audio signal
xmie,

Control input to the robot at time instance t.

The location of the n,th visual landmark.

Candidature point or direction for SRP-PHAT value computation.
The location estimation for a single sound source using SRP-PHAT
algorithm.

The raw received signal of mixture of M sources at each channel of
the microphone array.

The sensor/robot pose at time .

The state vector of the SLAM system at time instance t.

The system state vector of EKF SLAM system after the prediction
step at time instance t.

The best configuration of the nodes, the state vector, in the graph
SLAM system.

The state of the microphone array.

The state of the nth microphone.

The state of the ith sound source using IDP parametrisation.

State vector of the sound map.

State of the current robot pose.



Nomenclature

xXxVvii

XA

XCS

$8,ax1S

Tka

State vector of sound map at time instance t.

The past robot pose used to initialise the ngsth sound source.

State of the nth landmark observed by the additional sensor.

Part of state vector in localisation map that are shared by both
localisation and sound maps.

Part of state vector in localisation map that are conditionally inde-
pendent from the sound source map.

Part of state vector in sound map that are shared by both localisation
and sound maps.

Part of state vector in sound map that are conditionally independent
from the localisation source map.

Rearranged state vector of the sound map.

Rearranged state vector of the localisation map.

State vector of the sound map after back propagation process.

The sensor /robot pose at time instance k.

The anchor axis of the mth sound source location. The state repre-
senting the position and direction of the Y axis of the sensor local
coordinate.

The pose of the nysth key frame.

The full state vector of the SLAM system.

Audio signal at channel k in frequency domain.

The complex conjugate of the audio signal at channel [ in frequency
domain.

The robot measurement of the environment at time instance t.
Observation of nth landmark using an additional sensor.
Observation of nth sound landmark by the microphone array.

The observed sound source bearing in the EKF SLAM based sound
map.

The mean of a virtual measurement between the node ¢ and the node

j in graph based SLAM.



Nomenclature

xxviil

2ij (i, %)

p—1
P

Bk

5m

Am,DOA

3DOA
gp*

5917*

Am . .
gp*,ini

575t

gp*

3DOA
Pop

The prediction of a virtual measurement between the node i and the
node j in graph based SLAM.

The observation of the position-position constraint between the
sound source at time instance k — 1 and k.

The observation of the position-position constraint between the
sound source at time instance k — 1 and k.

The TDOA observation of microphone array, represented as the
position-landmark constraint in graph based optimisation, when the
sound source is at time instance k.

The expected TDOA observation of microphone array, represented as
the position-landmark constraint in graph based optimisation, when
the sound source is at time instance k.

Complementary angle of 5™, the DOA angle of the mth sound source.
The DOA angle of the sound source at time instance k for the cali-
bration of a linear array.

DOA angle of the mth sound source.

The estimated sound DOA angle of the mth sound source from a
DOA estimation algorithm.

A new test date from the DOA estimation algorithm to the Gaussian
Process sensor model.

The predicted DOA angle using the Gaussian Process sensor model
corresponding to 3@94

The predicted DOA angle from the Gaussian Process sensor model
at the first observation of the mth sound source.

The observation of the sound source j from key frame 4, which is the
predicted DOA angle from the Gaussian Process sensor model for a
linear array.

The set of raw results from the DOA estimation algorithm that are
used as function input when training the Gaussian Process sensor

model.



Nomenclature

XXIX

Bap

Tk

Tk

The set of ground truth DOA angles that are used as function output
when training the Gaussian Process sensor model.

The circumferential angle of the mth sound source with the proposed
novel parametrisation for a linear array.

The inverse depth of the mth sound source with the proposed novel
parametrisation for a linear array.

The corresponding eigenvalue for g™

The angle between the direction being searched and the direction
from the origin of the microphone array to the nth microphone.
The angular frequency.

The information matrix of a virtual measurement between the node
7 and the node j in graph based SLAM.

The TDOA from point x4, to Ith channel of the microphone array
and kth channel of the microphone array.

TOF from point xs, to the kth channel of the microphone array.
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