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Abstract

Source localization is a common problem in various fields and has applications
in both military and civil sectors. Localization of acoustic sources generally
requires a few microphones, but it is also possible to use a single microphone
and data that was prerecorded in the same environment. Unfortunately, existing
single microphone localization methods are restricted to acoustic sources that
have a fixed location.

In this research, we introduce a supervised method for estimating both the
location and velocity of a moving acoustic source, using a single microphone,
based on a manifold learning approach. Each source, one at a time, transmits
a white Gaussian noise signal during its movement, which is received by the
sensor. The received signal is divided into time frames. The trajectory, formed
by the movement of the source during the frame, is approximated by a linear
movement segment. Each frame is inspected individually for estimation of the
location and velocity. The signal, received during the frame, is processed to
extract a feature vector. In such a manner, we collect a training set of observa-
tions, generated from different sources. Using diffusion maps with a Euclidean
distance-based diffusion kernel, we learn the nonlinear structure of the manifold
of the data. The data is organized on the manifold according to the location and
velocity values of the sources. The unknown location and velocity of a source
can be recovered according to its observation’s nearest training neighbors on
the manifold. The recovery of the location and velocity is determined by the
midway point of the segment. Based on that point, we minimize the approxi-
mation error of the true trajectory by the linear segment. The performance of
the proposed method is examined by various simulations investigating the sen-
sitivity to different hyperparameters (e.g., frames length), variables (e.g., speed
and direction), and conditions (e.g., reverberation time).

Research findings indicate that localization of very slow sources results in
good accuracy of the estimated location, at the expense of relatively low ac-
curacy of the estimated direction. Localization of faster sources leads to an

improvement of the accuracy of the estimated direction due to a more mean-
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ingful movement of the sources, at the expense of the accuracy of the estimated
location. The accuracy of the estimated direction starts deteriorating for fast
sources, as the variations in their movement are too fast to be distinguished-
resulting in a sparse manifold. The approximation by a linear segment is inac-
curate for long frames, unless the source has constant velocity during the frame.
Short frames are not good either, regardless the trajectory, as they are unable
to capture the movement properly. The algorithm performs well in reverberant
and noisy environments, yet is sensitive to environmental conditions changes.
The results validate the necessity of reflections for yielding an accurate estima-
tion. While the algorithm is designated for recovering the location and velocity
of slow sources that change direction and speed gradually, it is even capable
of successfully estimating the location and the average velocity of slow sources

that change their velocity rapidly and randomly.
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Notations

B(Cq,q—l)

B,
B3(Cq,q71)

Cx; (] - l)

Cx; (T)

cy,(n1,n2)

Cy; (T)

Absolute value

Euclidean norm

Kronecker product

Vector of zeros

Vector of ones

Coordinate/axis (i.e., &, g,0r 2)

Deterministic function that maps a location to a velocity
Drift term

Mahalanobis distance-based affinity matrix between all observations

and the training observations
Normalized affinity matrix
Transition function

Transition matrix between subsequent time frame indices ¢ and (g —
1)

Shortened notation of B3(Cq,q—1)
Extended version of the matrix B(Cy,q—1)

Time-invariant autocorrelation function of x;(n), using two distinct

discrete time indices

Time-invariant autocorrelation function of x;(n), using a single dis-

crete time index (representing time difference)
Time-variant autocorrelation function of y;(n)

Time-invariant autocorrelation function of y;(n)
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C;

C;

C;

Cq,qfl

Ql

e
2

Nonlinear mapping function from the parametric space to the ob-

servable space

Feature vector corresponding to an observation associated with the
ith source (either labeled or unlabeled), in Chapter

Feature vector corresponding to an observation associated with 6;(q),
in Chapter

Feature vector corresponding to an observation associated with p;,
in Appendix [4]

Feature vector corresponding to an observation associated with 6;,

First D elements of the autocorrelation function of the ¢th time

frame
jth entry of ¢; (in all chapters)

Feature vector corresponding to an observation associated with 6;,
in Chapter

Feature vector corresponding to an observation associated with 8;(q),
in Chapter

Feature vector corresponding to an observation associated with p;,
in Appendix [4]

Training observation which is close to the observation of the moving

source ¢(q)

Feature vector of the moving source with respect to the unknown

location at the gth time frame

Smoothed autocorrelation function of the ith source at the gth time

frame

Extended set which includes &(q) and the set of its k-nearest training

neighbors (i.e., C,)
Union of C; and Cy—;

Set of the training feature vectors with respect to the known fixed

locations
Set of the k-nearest training neighbors of &(q)

Intrinsic dimension
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D

D

D

Length of the feature vector
Normalization matrix, in Chapter

Diagonal matrix, in Chapter

Dpirr (c;, ¢;) Diffusion distance between c; and c;

Dguc (ci,¢;) Euclidean distance between c; and c;

e(c;)

€;

[s

Normalized estimation error vector
Estimation error of the location (scalar)
jth element of e (c;)

Expected value

Nonlinear mapping function from the observable space to the para-

metric space

Vector of all three-dimensional mapped locations of the observations

in C,

Vector of all corresponding mappings of the function f,(-) over the

observations in C, (a-coordinate only)

Vector of all corresponding mappings of the function f,(-) over the

observations in C, (Z-coordinate only)

Vector of all corresponding mappings of the function f,(-) over the

observations in C, (g-coordinate only)

Vector of all corresponding mappings of the function f,(-) over the

observations in C, (2-coordinate only)

Estimated location at time frame index ¢, given all the observations

available until time frame index ¢

Estimated location at time frame index ¢, given all the observations

available until time frame index ¢ — 1

Estimated location at time frame index g — 1, given all the observa-

tions available until time frame index ¢ — 1

Sampling frequency

he,(;)(n,j) Acoustic impulse response at discrete time index n to an impulse

transmitted at discrete time index j, between the ith source and the

sensor, with respect to 8;(7)
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He {-}

I

median

Acoustic impulse response between the ith source and the sensor, at

relative location 6;

Acoustic impulse response, associated with a time-invariant system,
between the ith source and the sensor, corresponding to a parame-

ters vector 6;
Extended version of the matrix H,
Index matrix

System, corresponding to the AIR, which depends on the parameters

vector 0

Operator, applied on a transmitted signal, representing the opera-

tion of the system Hg

Index for the new rows of the extended matrices and vectors
Identity matrix

All related information, available at frame index ¢

Number of nearest-neighbors of €; in T, in the stage of the matrix

W creation

k

Number of nearest embedded training measurements {\Ild(éj)}jzl

of W, (c;), according to the diffusion distance
Number of nearest-neighbors of &(¢) among all training observations
Kalman gain at time frame index ¢

Number of small perturbations for each predefined relative location,
in Chapter

Log-likelihood function of the training observations, in Appendix [A]
Normalized graph-Laplacian matrix

Training set size

Test set size

Manifold

Median value of the Gaussian function’s numerator values associated

with the non-zeros elements of the affinity matrix

Discrete time index
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Pg.a

Total number of query points along the trajectory of the source

(total number of time frames)

Brownian motion term

Horizontal component of the Brownian motion term n(t)
Vertical component of the Brownian motion term n(t)
Set of the k-nearest-neighbors of c; in T’

Set of the k-nearest-neighbors of ¢; in T’

Set of k-nearest embedded training measurements {Wd(éj)}le of

W, (c;), according to the diffusion distance

Three-dimensional absolute location at time frame ¢, in Appendix

Al
Absolute location of the source at time ¢, in Chapters |3| and
a-coordinate of the estimated location at time frame ¢

Three-dimensional absolute location of the ith source in Cartesian

representation

7 coordinate of p;(4)

7 coordinate of p;(j)

Z coordinate of p;(3)

p; at discrete time index j

Vector of the a-coordinate of all training locations

Known fixed three-dimensional absolute location of the ith source

in Cartesian representation
a-coordinate (a € {Z,9, Z}) of the measured known location p;
Another notation for p,. See p,

Vector of length 3k of the three-dimensional measured training lo-

cations

Vector of length k of the a-coordinate of the training locations cor-

responding to the subset C,
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qi

Q(Cq,q—l)
Qs(cq,q—l)
QS,q

RMSE
RMSE

RMSE

RMSE

RS,q

Covariance matrix of the estimation error at time frame index gq,

given all the observations available until time frame index ¢

Covariance matrix of the estimation error at time frame index gq,

given all the observations available until time frame index ¢ — 1

Covariance matrix of the estimation error at time frame index ¢ — 1,

given all the observations available until time frame index ¢ — 1
Velocity of moving source at time ¢

Transition matrix

Single-step transition probability from €; to c;

Query point along the trajectory of the source, in Chapters 3] and [
Time frame index, in Appendix [4]

Index ranging from 1 to m, for the subset of close training observa-

tions

Variance of £(Cy,4—1) (process noise)

Extended version of the matrix Q(Cq q—1)

Shortened notation of Q3(Cq,q—1)

Root mean square error, in Chapter

Root mean square error (generalized), in Chapters [3| and

Vector containing the RMSE values of all query point along the
trajectory of the source

Average RMSE along the trajectory of the source
Extended version of the matrix R,

Covariance matrix of u,

Diagonal matrix

Speed of the ith source

Continuous time value

Reverberation time

Measurement noise
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Yi

Qj

Bi(4)

75 (€i)

Measurement noise vector of length k

Extended version of the vector u,

Constant horizontal speed component of the ith source

Horizontal speed component of the ith source at discrete time index
J

Maximal horizontal speed drawn in an experiment

Constant vertical speed component of the ith source

Vertical speed component of the ith source at discrete time index j
Maximal vertical speed drawn in an experiment

Mahalanobis distance-based affinity matrix of size mxm , in Chapter

Euclidean distance-based affinity matrix of size either m x m (orig-
inal matrix) or (M +m) x m (extended matrix), in Chapters 3| and
4

Signal transmitted by the ith source

Horizontal coordinate of the absolute location of the ith source at

discrete time index j

Signal received by the sensor, corresponding to the signal transmit-

ted from the ith source, using a vector representation
Signal received by the sensor, corresponding to x;(n)

Vertical coordinate of the absolute location of the ith source at dis-

crete time index j

Coefficient that represents the significance of the individual estima-
tion error corresponding to the jth physical quantity, with respect

to the total estimation error

Direction of movement of the ith source at discrete time index j
Smoothing parameter

jth interpolation coefficient of the ith unlabeled observation

Set of the feature vectors with respect to the unlabeled parameters
in ®
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T'rr

=

©]

©]

(v}

Covariance matrix of pj,

Set of the feature vectors with respect to the labeled parameters in

()

Delta function

Neighborhood radius

Scale parameter of the affinity matrices W and A, in Chapter 2]
Scale parameter of the affinity matrix W, in Chapter [3]

Scale parameter of the Gaussian kernel x, in Appendix [4]

Scale parameter of all interpolation coefficients of c;

Brownian motion coefficient

Set of M unknown source locations, in Chapter [2]

Set of M arbitrary unknown source locations and velocities, in Chap-

ter Bl
Set of m predefined source locations, in Chapter

Set of arbitrarily m known locations and velocities of the sources, in
Chapter

Relative location of the ith source- unlabeled, in Chapter

Short representation of all location and velocity values of the ith
source, varying during its movement, post-implementation of the

assumptions, in Chapter

jth slightly perturbed location of 6;

Location and velocity of the ith source at discrete time index j
Location and velocity of the ith source at the query point
Relative location of the ith source- labeled

Location and velocity of the ith source at the query point- labeled
Estimated location of the ith source, in Chapter

Estimated location and velocity of the ith source at the query point,
in Chapter [3]

Set of the hyperparameters of the tracking model
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M

Gaussian kernel
Covariance function

jth eigenvalue of the Mahalanobis distance-based affinity matrix W,
in Chapter

jth eigenvalue of the transition matrix P, in Chapter |§|

Distance between the ith source and the sensor at discrete time index
J

Empirical mean of the local observations associated with ¢;
Confidence factor

Process noise of the propagation equation

Extended version of the vector £(Cq,q—1)

Variance of the measurement noise

Variance of the signal transmitted by the ith source

Horizontal component of the variance vector of the Brownian motion

term

Vertical component of the variance vector of the Brownian motion

term

Local covariance matrix of the ith observation from the training set

m X m covariance matrix defined over the mapping function values
at the labeled dataset C

m x 1 covariance vector between the mapping function values at C

and f,(¢(q))
variance (a scalar) of f,(¢(q))

Covariance matrix in the size of (k + 1) x (k + 1), which each of its

entries is computed by the covariance function

Empirical local covariance matrix of the ith observation from the

training set
Difference of discrete time indices
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¢i(4)

Pj

LP]

Wy (ci)

Azimuth angle between the ith source and the sensor at discrete

time index j
jth original eigenvector of length m of the affinity matrix W

Map of the training observations to their corresponding representa-
tion of independent controlling parameters in the embedded mani-
fold

jth extended eigenvector (left singular vector of A) of length M +m
, in Chapter

jth eigenvector of the transition matrix P- either of length m (orig-
inal) or m + M (extended), in Chapters [3| and

Map of the observations to their corresponding representation of

independent controlling parameters in the embedded manifold

Vector of d elements, representing the mapping of the ith feature

vector to the embedded manifold
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Abbreviations

AIR Acoustic Impulse Response

AWGN Additive White Gaussian Noise

DF Direction Finding

DOA Direction of Arrival

GP Gaussian Process

HF High Frequency

11D Independent and Identically Distributed
ML Maximum Likelihood

MUSIC  Multiple Signal Classification

OOSE Out of Sample Extension

PSD Power Spectral Density

RF Radio Frequency

RMSE Root Mean Square Error

SLAM Simultaneous Localization and Mapping
SNR Signal to Noise Ratio

SRP-PHAT Steered Response Phase Transformation
TDOA Time Difference of Arrival

WGN White Gaussian Noise

WSS Wide Sense Stationary
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Chapter 1

Introduction

1.1 Background and Motivation

Source localization problem has increasingly drawn attention since Hertz’s dis-
covery in the late 19th century regarding the directivity of antennas. Inspired by
the entrance of digital technology, which was a major modern milestone in the
development of the field, extensive research efforts have been dedicated for the
last several decades. Source localization applications are tremendously broad
and vary generally by the type of source’s signal to be targeted (e.g., radio

frequency or acoustic) and by the goals of the interested parties, such as:
e Government (e.g., spectrum enforcement of non-authorized transmitters),
e Military intelligence (e.g., location detection of hostile forces),

e Law enforcement and security services (e.g., reconnaissance of criminal

organizations’ radio-transmissions and tracking people at risk of wander-

ing),
e Research and science (e.g., radio-astronomy and wildlife tracking),

e Commercially (e.g., providing better speech quality by acoustic source
localization).

Solutions to the source localization problem can be divided into two groups: ac-
tive sensing and passive sensing. Classic and modern passive source localization
methodologies mostly rely on exploiting variations of a single physical attribute
between the received signals, which were originated from a particular source,
such as: amplitude (e.g., Watson-Watt), frequency (e.g., Doppler), phase (e.g.,

Correlative Interferometer) or time (e.g., Time Difference of Arrival- TDOA).
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Except the latter, utilization of these variations by a sensor outcomes in deter-
mination of the direction toward the signal source. This process is commonly
known as direction finding (DF), where the determined direction toward the sig-
nal source is called either bearing or direction of arrival (DOA). Consequently,
source location is determined as the point of intersection of bearings produced
by a spatial array of sensors which form triangulation. Theoretically, the point
of intersection (i.e., a fix) is determined by at least 3 bearings, but in practice,
under sensors’ formations which compatible to reasonable operational scenarios,
2 bearings are mostly sufficient. On the other hand, utilization of the acquisi-
tion time difference between the sensors results in hyperbola, where in order to
determine the location of the source, at least three hyperbolas are needed for
an unambiguous point of intersection. Thus, source localization by these pas-
sive methodologies is constrained to multiple sensors: either two sensors (Each
composed of a spatial array of multiple inner elements, such as antennas or mi-
crophones) for all cases except TDOA, or three sensors for TDOA (Where each
sensor involves a single element).

In recent years, advanced spatial array processing methods and algorithms
for localization have been introduced, such as maximum likelihood (ML) based
beamforming and subspace based methods. The former relies on optimizing
the output power of the beamformer, according to a statistical model of the
received signals. A popular algorithm which follows this approach is the steered
response phase transformation (SRP-PHAT) [1,12]. On the other hand, the
subspace based approaches, such as the well-known multiple signal classification
(MUSIC) algorithm [3], successfully tackle ML based algorithms fundamental
flaws, alongside yielding high resolution results. These benefits of the subspace
based methods are obtained even in the presence of noise, but they come at
the price of high computational and storage resources. Common to all these
algorithms is the requirement of a spatial array.

In contrast to the mostly well-posed source localization problem of a pair
of sensors (where each is composed of a spatial array), under the constraint
of a single sensor (e.g., a car speakerphone, operational scenarios where only
a single sensor is available) this problem is mostly ill-posed /underdetermined
using conventional localization methods. The reason for that is that system’s
transfer function (infamous multipath included) is mostly unknown- where in
case it is known, alongside with the statistical model of the transmitted signal,
the location can be recovered by ML based beamformer.

Another approach [4H6], [7, Ch. 7], [8, Ch. 7] for source localization using a
single sensor (composed of a spatial array of multiple antennas) is restricted to
the high frequency (HF) range, due to the modes of propagation of the signals

in this range. The main propagation component in the HF range, skywave, is
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reflected back from the ionosphere towards Earth surface. Thus, in addition
to measuring the DOA, by recovering the elevation angle, a triangulation is
achieved and the location can be estimated. However, in order to do so, the
virtual height of the reflecting ionosphere layer must be known and since it
depends in many variables (e.g., weather, season, time and solar activity), it is
mostly impractical.

In addition to the previously mentioned single-sensor source localization
methods, a useful technique named running fix |8 Ch. 7], can be applied for a
stationary (or relatively slow) source, using a moving sensor, if the source is ac-
tive long enough, as illustrated in Fig. Note that the uncertainty regarding
source’s stationarity can be resolved by producing a third bearing from another
location.

Talmon et al. [9] have introduced a supervised manifold learning based
method, which was implemented explicitly by diffusion kernels. Instead of fit-
ting the identified system to a predefined model as conventional system identi-
fication methods, this data-driven method focuses on revealing the underlying
fundamental controlling parameters of the system based on a training set of
measurements of signals from various known locations, such that no knowledge
regarding system’s transfer function is necessary. A diffusion kernel with a
specially-tailored distance measure, which combines local estimates of covari-
ance matrices of the measurements with global processing by spectral decom-
position, allows parameterization of the measurements into a low-dimensional
space. This low-dimensional space is also known as the manifold. Thus, since
the location of the source is the only changing degree-of-freedom of the system
(by assumption), the unknown location of each source can be estimated using
this method, as its location is in fact represented by the recovered parame-
ters. This method was later applied by Talmon et al. [10] for source localization
of stationary (i.e., fixed location) acoustic sources by a sole microphone (i.e.,
single-sensor of single-element), in a small reverberant room, where their loca-
tions vary only by the azimuth angle. This method was further investigated
in a series of works by Laufer-Goldshtein et al. for source localization of sta-
tionary acoustic sources by a pair of sensors [11H14], and moving sources using
multiple pairs of sensors [15H17]. All of Laufer-Goldshtein’s works were recently
concluded in [18].

Another subspace based approach with a similar concept, called fingerprint-
ing, is common in localization of RF emitters in highly scattering environments.
As its name implies, this technique assumes a unique relation between the emit-
ter location and the characteristics of the signals intercepted by the sensor
(mostly multipath propagation). Thus, by extracting a fingerprint from the

received signals and composing a database of fingerprints in the desired area
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Transmitter

Sensor Sensor

Sensor Sensor
(Previous position) (Current position)

(©)

Transmitter Transmitter
(Current (Previous
position) Position)

Sensor Sensor
(Previous position) (Current position)

(d)

Figure 1.1: Running fix technique for single-sensor source localization- a chrono-
logical order illustration. (a) A signal is transmitted by the source. (b) The
signal is intercepted by the DF sensor, which consequently produces a bearing
of ®;. Subsequently, in order to yield a fix, the location of the sensor is changed
for producing another bearing, of ®, with respect to the transmitting source,
leading to two possible scenarios: (c) either a correct fix due to a stationary
source, (d) or a false fix in case the source isn’t stationary.
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in advance, the location can be recovered by matching the fingerprint in hand
to the fingerprints in the database. Several works have focused on localization
using a single sensor [19-26] in recent years- all composed of a spatial array of
multiple antennas. However, it is worth mentioning that one work, by Kuper-
shtein et al. [19] has tried to determine the location using a single element as
well- mostly with no success, in addition to significant performance degradation
compared to multiple elements.

A different single-sensor localization approach determines the location using
aids. Apart of the spatial array of multiple antennas composing the sensor,
which provides a DOA according to the direct propagation path of the signal
transmitted by the emitter, this technique exploits either a known dominant
scatterer [27] or a set of known transponders [28l[29] available at the scene, in
order to produce a fix.

In this research the paradigm of [10] is adopted and adapted to a more real-
istic setting, which corresponds to scenarios of moving acoustic sources in small
reverberant environment, while the sensor remains stationary (for simplicity).
The major differences between the algorithms are detailed in Section [1.2

As scenarios where only a single-sensor is available are common, and the
necessity for localization despite the lack of additional sensors is always relevant,
is passive localization of moving source using only a single-sensor feasible? If
so, is it feasible even for a more challenging setup involving a single-sensor of
a single element as well? In case the location of the moving source can be
estimated, is it possible to estimate its velocity as well? In case the answers
to all previous questions are positive, what are the capabilities, limitations and
tradeoffs? What will be the consequences when our assumptions are revoked?
Can we improve the framework of previous works? In this thesis, we try to
address these questions.

For clarity, we note that in the rest of this document, we refer to a sensor

and a microphone interchangeably.

1.2 Main Contribution

In this research, as mentioned in Section [I.I} we follow and modify the paradigm
of recovering a one-dimensional location of stationary sources by Talmon et
al. [10], which is established upon a Mahalanobis distance-based diffusion ker-
nel and its setting involves stationary sources and sensor. We seek to investigate
a more realistic setting that corresponds to scenarios of moving acoustic sources
in small reverberant environment, while the sensor remains stationary (for sim-
plicity). Thus, the new setting has led to three major changes in the algorithm
of |10], as follows.
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1. In case of scenarios of sources that have a fixed location, an additional
varying degree-of-freedom of the system is assigned for the distance of the
source from the sensor, which assembles the location of the source along
with the existing azimuth degree-of-freedom.

On the other hand, in case of scenarios of moving sources (deterministically
and induced by Brownian motion), the sole degree-of-freedom is allocated
for one of velocity’s parameters: either speed or direction of movement.
This velocity parameter dictates the location parameters of the sources

throughout their movement.

2. Due to the movement of the sources, the system is time variant, by defini-
tion, which prevents the use of familiar and convenient convolution-based

relations.

3. The Mahalanobis distance-based diffusion kernel is replaced by a cus-
tomized Euclidean distance-based diffusion kernel, inspired by the study
of the acoustic manifold by Laufer-Goldsthtein et al. [12] and its successful
application in their following paper [13]- both focusing on multiple-sensors.
However, the extension of the diffusion framework for the test set and its
corresponding diffusion kernel in particular, do not follow neither [10]
nor [12}13].

1.3 Research Overview

The presented research addresses passive localization of moving acoustic sources
by a single microphone (Sources that their position is fixed are of secondary
interest). The primary goal is developing a method for an accurate estimation
of the location and velocity of an acoustic source during its movement, despite
the uncertainty inherent to localization by a single-sensor, and the absence of
knowledge regarding system’s transfer function. In order to do so, this method
has to address another challenge: exploitation of the indirect propagation paths
of the signal transmitted by the source.

In addition, the localization of moving sources is more challenging due to
their movement, as the movement leads to time variance of the system. The
system, which its input is the signal transmitted by the source and its output
is the signal received by the sensor, is characterized by the acoustic impulse
response (AIR). The time variance of the system is reflected by the AIR, such
that witnessed changes in the AIR through time lead to dependency of the
feature vector, representing the received signal, on the explicit time samples.

We propose a supervised manifold learning approach, specifically diffusion

maps method, for identifying system’s characteristics. Based on this data-driven
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approach, we recover the latent physical parameters controlling the system-
meaning, the location and velocity of the source.

Each source, one at a time, transmits a white Gaussian noise signal during its
movement, which is received by the sensor. The received signal is divided into
time frames. The trajectory, formed by the movement of the source during the
frame, is approximated by a linear movement segment. Each frame is inspected
individually for estimation of the location and velocity of the source. The signal,
received during the frame, is processed in order to extract a feature vector. In
such a manner, we collect a training set of observations, generated from different
sources that their location and velocity values are known.

By restricting the movement to slow and gradually changing velocity com-
ponents only, we introduce small changes to the AIR along time frames. As
a result, the system can be approximately addressed as time invariant given
sufficiently short time frames. Accordingly, the feature vector experiences small
changes as well and its time differences depend purely on the variations of the
AIR. These variations of the AIR are derived from the evolution of the only
degrees-of-freedom of the system: the location and velocity of the source- mean-
ing they can be inferred.

Using diffusion maps with a Euclidean distance-based diffusion kernel, for as-
sessing the affinity between the feature vectors, we learn the nonlinear structure
of the manifold of the data. The data is organized on the manifold according
to the location and velocity values of the sources. In addition, we discuss pop-
ular alternatives for evaluation of the affinity (e.g., Mahalanobis distance) and
explain our choice.

By executing an eigendecomposition of the affinity matrix of all training
observations we find their mapping from the high-dimensional observable space
to the embedded low-dimensional space. Given a set of observations generated
from sources that their location and velocity values are unknown, we use Nys-
trom method for extension. Furthermore, we discuss flaws of suggested exten-
sion methods of former works, improve them and provide an accurate extended
manifold structure.

The unknown location and velocity of a source can be recovered according to
its observation’s nearest training neighbors on the embedded low-dimensional
space. The recovery of the location and velocity is determined according to
the midway point of the segment. Based on that point, we minimize the ap-
proximation error of the true trajectory by the linear segment. The relevant
accuracy measure, suggested in previous works, is modified and extended in or-
der to quantify the estimation error for a moving source. In addition, we discuss
the reasons for that modification and extension (e.g., combination of physical

quantities of different units).
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The capabilities and limitations of the proposed single-sensor localization

algorithm are examined in three cases:

1. A baseline case of sources that have a fixed location, which consists of
two subcases: one-dimensional (i.e., azimuth) and two-dimensional (i.e.,

radius and azimuth).

2. An extensive case of deterministically moving sources, composed of var-
ious experiments examining the sensitivity to different hyperparameters
(e.g., frame length), variables (e.g., speed and direction of movement) and
conditions (e.g., reverberation time). This case is the main contribution

of our research.

3. A case of Brownian motion induced moving sources, which represents the
influence of environmental conditions on the movement of the sources by
rapid and random perturbations. This case examines the capability of
the algorithm to cope with a violation of the fundamental assumption

regrading the gradually changing velocity.

We establish a proof of concept proposing a state-of-the-art solution for
the recovery of the location and velocity of a moving source, using a single
microphone. The algorithm express its robustness to reverberant and noisy
environments, yet its sensitivity to environmental conditions changes. The re-
sults verify the necessity of reflections in order to yield an accurate estimation.
The results demonstrate the influence of the speed of the sources, resulting in
a tradeoff between the accuracy of the estimated location and the accuracy of
the estimated direction. In addition, we witness the influence of opposing forces
such as the validity of our assumptions regrading the velocity attributes, and
the time variance property of the system. The algorithm struggles to distinguish
between speed values of sources, that move at the same direction. While the
algorithm is designated for recovering the location and velocity of slow sources
that change direction and speed gradually, it is even capable of successfully es-
timating the location and the average velocity of slow sources that change their
velocity rapidly and randomly.

Regarding sources that have a fixed location, the algorithm provides state-of-
the-art results for the recovery of one-dimensional location and two-dimensional
location alike.

1.4 Organization

This thesis is organized as follows. In Chapter we present the scientific
background related to this work. In Chapter [3] we formulate the problem and
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present proposed methodology and procedure for single-sensor source localiza-
tion for moving acoustic sources based on diffusion kernels. In Chapter [ we
demonstrate the capabilities of the proposed algorithm using simulations. The
proposed algorithm is examined in three cases (i.e., stationary sources, determin-
istically moving sources, and Brownian motion induced moving sources) through
various experiments (e.g., sensitivity to different hyperparameters, variables and
conditions), results are shown and accompanying tradeoffs are provided. In
Chapter [B] conclusions regarding algorithm’s performance are presented, fol-

lowed by possible directions and opportunities for future research.
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Chapter 2

Scientific Background

In this chapter, we provide background for reading this thesis and briefly de-
scribe an alternative method for single-sensor localization of sources that have
a fixed location. Section [2.1] contains the required background for Chapters [3]
and [l

2.1 Diffusion Maps Method

Diffusion maps, introduced by Coifman and Lafon [30], is a method among the
family of the geometry-based nonlinear dimensionality reduction methods of the
manifold learning approach. The goal of the method is finding the intrinsic non-
linear structure of the low-dimensional manifold, on which the high-dimensional
observable data lies. In this work, we focus on the application of diffusion maps
method in the field of single-sensor source localization. Throughout this section,
we review the fundamental of the framework of this method in localizing sources
that their location is stationary using single-sensor, as introduced by Talmon et
al. [10].

Let hg, (n) denote an acoustic impulse response (AIR) between the ith source
and the sensor, at relative location 8; € R%. The signal received by the sensor,

denoted by y; (n), is given by:

yi(n) = he,(n) x z;(n), (2.1)

where xz;(n) is the signal transmitted by the ith source, assumed as a white
Gaussian noise signal. We note that y;(n) is the output signal of a time-invariant
system

In order to generate the training dataset, we select a set of m predefined
locations of sources that their location is fixed ® = {51, . 7§m} C R?. Let
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{0, }le denote small perturbations of 8;. Let ©® = {01,...,0,} CR? be a set
of M unknown source locations, corresponding to the M measurements of the
test dataset.

From each observation, a feature vector is extracted based on an autocor-
relation function of the observation. From , under the assumption of a
white Gaussian noise (WGN) input signal, the autocorrelation function of y;(n)

is given by:

Cyi (T) = hei (T) * hei(fT) * Cx; (T)a (22)
where ¢, (7) and ¢y, (7) denote the autocorrelation functions of z;(n) and y;(n),
respectively. Let ¢; € RP be a feature vector of length D which is composed of
D autocorrelation elements, i.e.:

P = ¢y (n,n + 5) = Elyi(n)yi(n + )] (2.3)

for j = 0,...,D — 1. In such a manner, we extract a feature vector for each
signal received by the sensor (including the received signals which are generated
from the slightly perturbed known locations). Let {cl}m+M denote the set of
all observations, and let {€;}.—, denote its subset of observations corresponding
to the labeled locations in ©.

It is assumed that the high-dimensional observations lie on a low-dimensional
manifold M embedded in a D-dimensional Euclidean space, i.e. ¢c; € M C RP.
According to the diffusion maps method, the manifold can be referred as a graph,
where the feature vectors are graph’s nodes. In addition, the weights of the edges
are defined according to a kernel function (Gaussian kernel typically) with a
distance measure. There are two common choices for kernel’s ditance metric:
Euclidean and Mahalanobis. The motivation for the Mahalanobis distance-
based kernel, which the algorithm of Talmon et al. [10] is based on, is the direct

relation between the observations and the latent parameters [31], as follows:

165 *9l|| @ —a) [Zr+Z] @ —a), (2.4)

where the local covariance matrix of each training observations is estimated by:

h \

L T
Z Ci; — CzJ _Ni) ) (2.5)

L
where p; = 7 37, Cij.

The Mahalanobis distance-based affinity matrix W € R™*™ is computed
between all m training observations. According to [31}/32], its kith element is

given by:
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- @ —a) [Ek + Ez] (€. — <)
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(kl) _
W= pi :

where ¢ is the kernel scale and dg; is a normalization factor.

Let {)\j};n:_ol and {goj};:()l be the eigenvalues (in descending order) and
eigenvectors of length m of the affinity matrix W, respectively. Accordingly,
let @4 be the embedding of the training observations into the embedded low-
dimensional space, given by:

, T
®y:¢; — cp(ll),...,ga((;)} .
®, represents the observations in terms of their latent parameters.
Let A € R(M+m)xm he an affinity matrix between all observations and the

training observations, given by:

Tl _
A Z exp {_ (ck —e)'%, (ck—1) }
6 b

Let A be anormalized affinity matrix A= ASfl/Q, where S = diag {ATAl}
is a diagonal matrix. The normalized affinity matrix A satisfies W = ATA.
Therefore, the eigenvectors of W are the right singular vectors of A. The ex-
jM:szl of length M + m, on the other hand, are the
left singular vectors of A , and are defined by a weighted linear combination, as

tended eigenvectors {1,[) j }
follows:

1/’3‘ = ASO

5

VA
Thus, let ¥, be the embedding of all observations into the embedded low-

dimensional space, given by:

) 1T
T U

U, represents all observations, and particular the those whose locations are
unknown, in terms of their latent parameters.

Accordingly, the unknown location of the test observation can be estimated
using its labeled neighbors on the manifold, by a weighted interpolation, as
follows:

éi = Z Y (Ci)aj; (27)
31 4 (C;)EN;
where N; consists of the k-nearest embedded training measurements {\Ild(éj)}le
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Figure 2.1: Embedding of the observations as a function of the azimuth angle by
Talmon et al. [10]. (a) Values of the eigenvector ¢;. (b) Values of the extended
eigenvector ;.

of ¥ (c;) according to the diffusion distance. In addition, the interpolation co-
efficients , denoted by {~; }§:1 and satisfying Z?:l 7, (¢;) = 1, are proportional
to the diffusion distance of the embedded test sample from its corresponding
labeled neighbors on the manifold, as follows:

- H‘I’d(ci)—‘l’d(ég‘)\lz)

Ev;

H‘I’d(Ci)—‘I’d(Ez)HZ) ’
E’Yi

exp (

(2.8)

75 (€i)
Do W, (5)eN; XP (_

where ¢, is defined as the minimal distance between ¥, (c;) and its nearest

neighbor. Consequently, the estimation error of the location is defined as follows:

0, — 0, . (2.9)

61‘:‘

Accordingly, the root mean square error (RMSE) is given by:

(2.10)

Using this method, Talmon et al. have conducted a real-data experi-
ment for estimation of a one-dimensional location (i.e., azimuth) of stationary
sources. The results of this experiment, depicted in Fig. demonstrate the
monotonic behavior of the observations with respect to the DOA- meaning the
azimuth angle (direction of arrival). We elaborate on these results and make a

comparison to a similar one-dimensional stationary scenario in Section
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Chapter 3

Localization of Moving

Acoustic Sources

3.1 Introduction

In this chapter we present the methodology and procedure for passive single-
sensor source localization, in particular for moving acoustic sources, using dif-
fusion kernels.

First, we formulate the problem for a generalized case which not only relates
to movement of the sources in a deterministic fashion, but also to a more realistic
movement model which involves spontaneous movement as well. In addition, we
list the challenges the movement arise, such as the time variance of the system,
and discuss the parameters affecting our system.

Subsequently, we look for a method which will allow us to recover the lo-
cation and velocity of the sources, based on the observations acquired by our
single microphone. Thus, we draw inspiration by the supervised manifold learn-
ing based method, introduced by Talmon et al. [9], which was implemented
explicitly by diffusion kernels and was followed by its application in [10] for the
recovery of an azimuth angle of stationary (i.e., fixed location) sources using a
single sensor. However, we make substantial changes in order to adapt it to our
settings, scenarios and assumptions. For example, rather than relying on Maha-
lanobis distance-based diffusion kernel, we use a customized version of Euclidean
distance-based diffusion kernel, inspired by the study of the acoustic manifold
by Laufer-Goldsthtein et al. [12]| and its successful application in their following
paper [13]- both focusing on multiple-sensors. Nevertheless, our extension of
the diffusion framework for the test set, and its corresponding diffusion kernel

in particular, do not follow neither |[10] nor [12}/13].
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We extract feature vectors from the observations. In addition, we discuss
the hypothesis of a manifold, its structure and common affinity measures on
the manifold, which may reflect accurately the physical vicinity between the
locations and the velocities of the sources. Consequently, we compose a diffusion
kernel between the feature vectors.

At last, based on the kernel we find a mapping from the high-dimensional
observable space to the low-dimensional embedded space, which is governed by
the parameters controlling the system, and resembles the original parametric
space up to a monotonic distortion. Following the embedding of all training
observations, we can estimate the unknown location and velocity of a new and
unlabeled observation, based on its proximity to close training embeddings on
the manifold. Accordingly, we discuss the relevant accuracy measure for the
combination of physical quantities of different units.

The organization of the rest of the chapter is as follows. In Section [3.2] we
formulate the problem. In Section [3.3] the computation of the diffusion kernel
is presented. In Section we present the proposed algorithm for single-sensor
source localization, in particular for moving sources, based on diffusion maps.
At last, the conclusion of the chapter in Section summarizes the framework
of the problem and the proposed method for the recovery of an unknown location

and velocity of a source.

3.2 Problem Formulation

We consider a standard enclosure, such as a conference room. The velocity of
moving source as a function of time, denoted by p(t), is defined as a combination

of a deterministic term and a random term, as follows:

p(t) = a(p(t)) + n(t), (3.1)
where:
p(t) is the absolute location of the source at time ¢,
a(p(t)) is the drift term which describes the deterministic component of the
velocity at location p(t),
a() is a deterministic function which maps p(¢) to a velocity, i.e.,
a:p(t) — R?
n(t) is the Brownian motion term, which represents rapid and random

perturbations that affect the movement of the sources as a result

of environmental conditions (e.g., enclosure vibrations, vibrations of
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source’s mount, and wind). The Brownian motion term is described

by white Gaussian noise.

Each source, one at a time, transmits a signal during its movement. We assume
that the source signal is a zero-mean wide-sense stationary (WSS) process. Since
many natural signals, such as speech and music, are WSS in short time frames
(i.e., quasi-stationary process), we can even be satisfied with such a weaker
assumption.

An acoustic impulse response (AIR), between a source and the microphone,
is affected by several parameters, such as:

e Enclosure dimensions.

e Locations of the source and the microphone.

e Reflection coefficients (or reverberation time) of the walls, floor and ceiling.
e Presence of objects in the room (e.g., furniture, windows and doors).

Let hg,(;)(n,j) denote a real-valued AIR, which is defined as the response at
discrete time index n to an impulse transmitted at discrete time index j, between
the ith source and the microphone, with respect to the parameters vector 6;(j).
The parameters vector of the ith source at discrete time index j, is defined

as a combination of the relative location and the velocity of the source, i.e.,

0:(j) = [pi(4), ¢:(4), :(4), Bi(j)], where:

pi(4) is the distance (i.e., radius) between the source and the microphone,
0i(J) is the bearing angle (also the azimuth angle in our setting),

s:(4) is the speed of the source,

Bi(4) is the direction of movement (also known as the course) of the source.

It is assumed that the height difference between the source and the microphone
is negligible- thus the elevation angle remains constant. Note that using Carte-
sian representation, 6;(j) can also be represented by [Z;(5), 7:(4), vz, (4), vy ()],
where Z,;(j) and ;(j) are the horizontal and vertical coordinates of the abso-
lute location (Z-axis is negligible), respectively. vz, (j) and vy, (j) denote the
horizontal and vertical speed components, respectively.

The signal received by the sensor, denoted by y; (n), consists of the direct

and indirect propagation paths of the transmitted signal, and is defined by:

yi (n) = Ho {zi(n)} = Z he,(j) (1, 3)xi(5), (3.2)

j=—o0
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where z;(n) is the signal transmitted by the ith source. We note that x;(n) and
yi(n) are the real-valued input and output signals, of finite length, of the system
Hyg, which corresponds to the AIR and depends on the parameters vector. In
addition, since the AIR is affected tremendously by the movement of the source,
the system is time variant. We use a white Gaussian noise (WGN) signal as
the source signal, since it fully excites the frequency response of the AIR. The
received signal is saved and divided into time frames.

We assume the trajectory, formed by the movement of the source during the
time frame, can be approximated by a linear movement segment. We inspect
each time frame individually for estimation of the location and velocity. The
goal of the proposed algorithm is to determine the unknown location and veloc-
ity of a source based on training dataset, which is available beforehand. For each
time frame, we manage two datasets, based on the different signals received by
the sensor: a training dataset and a test dataset. In order to generate the train-
ing dataset, we choose arbitrarily m known locations and velocities of the source
0= {51 (Q),- .. ,gm(q)} C R4, where ¢ is a query point along the trajectories of
the sources, and d is the dimension of the parameters vector (i.e., the number of
system’s degrees-of-freedom). Let © = {0,,11(q), .., 0mir(q)} CR? be a set
of M arbitrary unknown source locations and velocities, corresponding to the
M measurements of the test dataset. We define the query point ¢ as the midway
point of the trajectory, such that the approximation error of the true trajectory
by the linear segment is minimized. Note that the acoustic environment is fixed
between training and test stages (i.e., room characteristics and microphone lo-
cation remain unchanged), thus the only degrees-of-freedom of the controlling

parameters of the AIR are the locations of the sources and their velocities.

3.3 Diffusion Kernel

In this section we compose a diffusion kernel between feature vectors, derived

from the given observations, namely system’s output signals.

3.3.1 From Observations to Feature Vectors

From each observation, a feature vector is extracted. We follow Talmon et
al. [9,/10], and define our feature vector based on an autocorrelation function
of the observation. The reason for that choice is that a second order statistics
measure conveys the location better and less dependent on the specific random
unknown transmitted signal, rather than using the raw observation. From ,
under the assumption of a WGN input signal, the autocorrelation function of

yi(n), the output signal of a time-variant system, is given by:
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ey, (n1,n2) = E[yi(n1)yi(n2)] =

= Y he,(n1,5)he, 1) (n2, Dex, (5 = 1), (3.3)

jil=—o0

where ¢y, (j — ) and cy, (n1,n2) denote the time-invariant autocorrelation func-
tion of the input signal x;(n) and the time-variant autocorrelation function
of the output signal y;(n), respectively. E[-] denotes an expected value. As
implied by , we can represent the observation y; as a function of the con-
trolling parameters 8; of the system. It is assumed that given a sufficiently short
time interval, the first two moments (autocorrelation in particular) of the quasi-
stationary input signal would not change along the interval. Indeed, the explicit
time-invariant autocorrelation of a WGN input signal is cx, (1) = o2 6(7), thus

by substitution, we yield

ey, (n1,m2) =07, Y he,(j)(n1,5)he, ;) (n2, ). (3.4)

j=—o0

In fact, by considering an additional assumption (apart of short time inter-
vals) of slow speed and gradually changing velocity (Brownian motion ignored),
we introduce small changes to the AIR along the time frames. As a result, we
can obtain the familiar convolution-based version of , as in [9,/10]:

Cy: (T) = hgi (T) * hei(fT) * Cx; (T) = 0—>2c¢ h97‘, (T) * hei(fT)' (35)

As indicated by , the time differences of the autocorrelation function of the
output signal depend purely on the variations of the AIR, i.e., on the evolution
of the location and velocity of the ith source, ;. We remark that examining
the short-term power spectral density (PSD) of the observation, rather than its
autocorrelation function, will yield same results due to the Fourier transform

relation between the two, but is less convenient.

Let ¢ express the nonlinear mapping of the location and the velocity of the
ith source, 8; € R?, to the first D elements of the autocorrelation function of

the observation y;, defined as follows:
C; = C(ei), (36)

where ¢; € RP is a vector of length D which is composed of the autocorrelation

elements, i.e.:

47



) = ¢y (n,n+ ) = Eyi(n)yi(n + )] (3.7)

for j = 0,...,D — 1. In such a manner, we extract a feature vector for each
signal received by the sensor. Note that the length of the feature vectors, D,
should reflect the tradeoff between the length of the autocorrelation function
(large value) and the latency and quasi-stationarity properties considerations
(small value). Let I' = {ci}f\il be the set of the feature vectors with respect
to the unlabeled parameters in ©. Accordingly, let T' = {El—}?;l denote the set
of the feature vectors with respect to the labeled parameters in ®. We aim to
recover the unknown parameters vectors based on the aforementioned feature

vectors.

3.3.2 Manifold Structure and the Choice of an Affinity
Measure

As pointed out previously in Sections and the autocorrelation func-
tion based feature vectors have a high-dimensional representation in R”, which
resembles the high number of reflections from all surfaces characterizing the
bounded environment- hence the AIR. On the other hand, the typical AIR, as-
sociated with our feature vector, is characterized by an exponentially decaying
envelope. Moreover, the feature vectors are affected by a small set of param-
eters associated with the physical attributes of the enclosure (e.g., its size and
geometry, surfaces’ material, objects presence, locations of the sources and the
microphone), in addition to the influence of the speech signal of the source which
is quasi-stationary. Therefore, it is assumed that not only that the feature vec-
tors, which were originated from a specific region of interest in the enclosure, do
not spread uniformly in the entire space of R”, but are also restricted to more
explicit and even compact structure. That structure, namely the manifold M
of dimension d, is significantly smaller than the dimension of the surrounding
high-dimensional space (i.e., d < D). Thus, by applying the notation from Sec-
tion [3.3.1] we define ¢ : © — T" to be the nonlinear map between an unknown
parametric manifold M C ® C R and its corresponding observation-based
feature vectors dataset I' C RP.

Even though our setting involves moving sources, the hypothesis of such
manifold can be rationalized by the combination of quasi-stationary input sig-
nal, slow speed and gradually changing velocity components of the source, sta-
tionary microphone and short time intervals. These assumptions allow us to
experience small changes in the feature vector along the time intervals, and
thus inferring the locations and velocities of the sources, which are the only

degrees-of-freedom of the system. Therefore, we conclude that the feature vec-

48



tors can be represented by a low-dimensional manifold, which its embeddings

are ruled by the location and velocity of the sources (i.e., parameters vectors).

The considered low-dimensional manifold is assumed to be a real nonlinear
structure, but in practice it is locally linear in small areas. Indeed, the surface
of the manifold is flat in the close neighborhood of each embedded point and
coincide with the tangent plane to the manifold at this embedded point. This
is in line with the implied assumption, based on which a small change in the
physical parameters vector leads to a slight change in the corresponding feature
vector, whereas a big variation results in a completely different feature vector.
Therefore, the similarities between points that are located on the manifold in
the vicinity of each other, can be measured reliably by using the Euclidean
distance. Note that the Euclidean distance cannot assess reliably affinity for
large scales. Instead, large scales shall be dealt with the geodesic distance,
which is the locally shortest path along the manifold, in case that the structure
of the manifold is known (the Euclidean distance is equal to the geodesic distance

in case of flat/linear manifold only).

Another popular choice for measuring affinities on the manifold is Maha-
lanobis distance, which was the key element in several papers [9], [10], [11],
since the affinities measured between feature vectors by this distance approx-
imates the Euclidean distance between the corresponding physical parameters
vectors [32]. However it holds several fundamental practical drawbacks: in order
to estimate its local covariance matrices, several additional local slightly per-
turbed observations shall be generated for each training observation, which is
in fact a resources-related burden in terms of both storage and implementation
during a real-data experiment. In addition, these local covariance matrices are
singular and thus not invertible, whereas computing their pseudo-inverse (their

rank is d [9]) as an alternative is not necessarily trustworthy.

In this work, for complying with manifold’s nonlinear and unknown struc-
ture, affinities in local vicinities are measured by the Euclidean distance, whereas

greater distances are omitted.

3.3.3 Diffusion Kernel Computation

In order to acquire the independent parameters controlling our system, which
their availability is solely by the nonlinear feature vectors of the observations, we
define an m x m affinity matrix W between all the feature vectors in I, related
to the corresponding parameters vectors set ®. The affinity matrix consists of
a Gaussian kernel with a scale parameter ¢, and following Section [3.3.2]its ijth

element is calculated according to
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— exp{ = ,if ¢, e Nj or CJENZ7 (3.8)
0 ,otherwise

where N; is the set of the k-nearest-neighbors of ¢; in T'. It is worth mention-
ing that the set A, is selected by the ordinary Euclidean distance between the
feature vectors, since as mentioned previously it is trustworthy in close neigh-
borhoods, whereas its issue in larger distances is irrelevant for this task.

The value of ¢ is determined in proportion to the median value of the Gaus-
sian function’s various numerator values associated with the non-zeros elements
of the affinity matrix. That is reasoned by the assumption that the Euclidean
distance is monotonic with respect to the parameters vector in small areas, as

discussed in Section [3.3.2] The proportion is decided by an exhaustive search.

3.4 Localization Based on Diffusion Mapping

In this section we introduce a supervised single-sensor source localization algo-
rithm for recovering the location and velocity of the sources by utilization of
the feature vectors, based on the kernel of Section Thanks to eigendecom-
position of the kernel, we find the mapping from the observable space R” to
the intrinsic manifold space of R?, which is ruled by the dominating parameters
vector and resembles the original parametric space up to a monotonic distor-
tion. Based on the mapping of all training observations into the manifold, the
localization of a new observation of unknown parameters vector is estimated by

exploiting its nearest labeled neighbors in the embedded space.

3.4.1 Manifold Parameterization

By constructing a diagonal matrix D, defined as
m
DO =3 W), (3.9)
j=1
we normalize the affinity matrix W and obtain the transition matrix

P=D"'w, (3.10)

which defines a Markov process, that is a discrete diffusion process over the
training data set. Accordingly, P(¥) = Pr(c; | ;) describes the single-step
transition probability from €; to €;. Let L be the normalized graph-Laplacian
[33], defined by
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L=1-P, (3.11)

where I is an identity matrix. It can be shown, under certain conditions, that
the graph-Laplacian matrix L converges to the Fokker-Planck operator on the
manifold [34/35], which describes a continuous diffusion process over the dataset.

By applying eigendecomposition of the transition matrix P, the labeled fea-
ture vectors are nonlinearly mapped into a new embedded space, according to
the parameterization of the manifold M. In fact, the parameterization of the
manifold constitutes an intrinsic representation of the labeled feature vectors.
Let {)\; };"Z_Ol and {9, };:01 be the eigenvalues and eigenvectors of the transition
matrix P. Note that Ao = 1 and its corresponding eigenvector 4 is a vector of
ones [31]. The eigenvectors of P are assumed to establish the reparameterization
of the independent controlling parameters of the m training observations. Thus,
let W, be the diffusion mapping of the training feature vectors into the embed-
ded Euclidean space R¢, which is spanned by d eigenvectors corresponding to

the d largest eigenvalues (trivial case excluded). ¥, is defined as

(i) ®1*
Uy:¢C; — )\11#1 7"'>>‘d¢d . (3.12)

Hence, ¥; maps the feature vectors of the observations to their corresponding
representation of independent controlling parameters in the embedded manifold.
In fact, this map can be regarded as an approximation of the inverse-map of
the nonlinear function ¢, in addition to a monotonic distortion between the two
parametric spaces (i.e., the original and the embedded manifold) [9, Fig. 1].
Note that the diffusion maps combines local relations by the construction of the
affinity kernel with global processing by the spectral decomposition.

3.4.2 Extension for New Observations

Given an additional set of M new sequential observations, generated from un-
known location and velocities of the sources, we seek to embed them as well
in the low-dimensional manifold. However, in order to avoid another spectral
decomposition, we tackle it according to the Nystrém method [36] for out-of-
sample extension (OOSE), by adding M new rows to the affinity matrix W, as
follows:

w) = )} P {_ Hm_:juz} e €N (3.13)
0 ,otherwise 7 .

where i = m + i and N; is the set of the k-nearest-neighbors of ¢; in I'. In

contrast to the construction process of the symmetric affinity matrix W of
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(3.8), the affinity between the observations in (3.13) is carried out with respect
to the training set only. Accordingly, the new entries of the transition matrix
P are given by:

-1

Pl — Zw(gj) w i) (3.14)
=1

The new entries of the extended eigenvectors of P can be represented as a
weighted linear interpolation of the original entries of the eigenvectors, as fol-

lows:
m

@ _1 (),
v =5 ) PPy (3.15)
Jj=1
Subsequently, ¥; maps the new feature vectors of the unlabeled observations
to their corresponding representation of independent dominating parameters in

the embedded manifold:

. 1T
Uy:c; — Alng’), o /\dngz) . (3.16)

The suggested extensions of former works were based on either additional math-
ematical relations [9H11}32] in case of Mahalanobis distance-based diffusion ker-
nel, or straightforwardly [13l/18] in case of Euclidean distance-based diffusion
kernel. Note that our extended entries of the eigenvectors are obtained follow-
ing normalization by the transition matrix. In addition, in order to maintain
the nonlinear structure of the manifold, our extended entries of the eigenvectors
are acquired by restricting the computation of the entries of the new rows of
the affinity matrix to those which are associated with the nearest training ob-
servations. In other words, our extension is free from the issues of its Euclidean
distance-based counterpart suggested in [13,/18], which its combination of no
normalization and affinity calculation with respect to all training observations
(i-e., not restricted to close area only, in contrast to the gist of Section m
as the Euclidean distance is accurate for larger distances in case of flat/linear

manifold only) leads to a scaled and inaccurate extended manifold structure.

3.4.3 Recovery of the Controlling Independent Parame-
ters

We can take advantage of the proximity of the unlabeled test observations to
the labeled training observations in the embedded manifold space R¢, which
were mapped by ¥y, for estimating their parameters vectors.

As mentioned in Section regarding the structure of the manifold, the
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geodesic distance, which is the locally shortest path along the manifold, should
be worked with in order to accurately measure affinities between feature vectors.
The geodesic distance can be approximated by the diffusion distance, which is
equal to the Euclidean distance in the embedded space when using all eigenvec-
tors. The diffusion distance can be appropriately approximated by using merely

the first d non-trivial eigenvectors [30], i.e.:

Dprrr (€iscj) = [ (c;) — Pa(c))ll, (3.17)

where W, (c;) is a vector of d elements, representing the mapping of the ith
T

feature vector to the embedded manifold, i.e., ¥4 (c;) = ,\11p§i), e )\d'lﬂ((;)

The ability to measure distances along the manifold thanks to the diffu-
sion distance, provides us the option to determine the affinities between the
feature vectors correctly. Thus, samples which are close to each other on the
low-dimensional manifold are expected to be acquired from physically adjacent
locations and hold similar velocities. Accordingly, the unknown parameters vec-
tor of the test observation can be estimated using its labeled neighbors on the

manifold, by a weighted interpolation, as follows:

0i()= D> (c)8;(a), (3.18)

J:Wa(c;)EN;

where N; consists of the k-nearest embedded training measurements {\Ild(éj)}f:1
of ¥, (c;) according to the diffusion distance. In addition, the interpolation co-
efficients {v; }?:1, satisfying Zle 7, (c;) = 1, are given by , as defined in
Chapter 2] Consequently, the normalized estimation error is defined as a vector
of length d, one for each physical quantity due to its corresponding units, as

follows:

e(c;) = [e§1)7...,e§d)} , (3.19)
where its jth element is defined by:

i ~(7)
o) _ | 0 (q) — 0,
169 (q) |

Note that due to the movement of the sources, the estimation error measures

@

(3.20)

suggested in former works, are incompatible (e.g., no reference to the number of
dimensions and their units [32]; parameters are referred to as unitless [9]; one-
dimensional scenarios with reference to units [10,/13]; two-dimensional scenario,
with reference to units, where both parameters share the same units, such as

azimuth and elevation angles [11]) and thus we suggest an estimation error
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measure. Our error measure should not be calculated using a norm as the
physical quantities composing the parameters vector have different units. Thus,
the estimation error is no longer a scalar and each coordinate of the estimation
error is calculated individually- one for each of the physical quantities. As
a result, the norm signs are redundant and are replaced by absolute values
signs. In addition, in order to cancel out the units of each of the individual
estimation errors, we normalize the errors relatively to the real values of the
parameters, which also adds another virtue- larger absolute differences for a
large real parameter value will not be prioritized any longer over smaller absolute
differences for a small real parameter value. A complementary reference for
calculating the total estimation error is given in the following Section.

We emphasize that the recovery of the unknown location and velocity of a
source is determined according to the query point, as pointed out by .
Based on that point, which we define as the midway point of the trajectory of
the source, we minimize the approximation error of the true trajectory by the
linear segment, as pointed out by .

3.4.4 Accuracy Measure

Following the considerations, mentioned in Section [3.4.3] of defining the estima-
tion error as a vector of length d, we measure the accuracy of the algorithm as
a linear combination of the root mean square error (RMSE) of each one of the

elements of (3.19), given by:

d
RMSE = ) " a;

Jj=1

(3.21)

where {o;} are coefficients which represent the significance of the estimation
error of each physical quantity, according to user’s preference or optimization of
the RMSE value (For simplicity, we define as {a;} = ). Note that in contrast
to [9H11}(13},|18], both sources’ movement and even more realistic stationary
sources scenarios force us to deal with a combination of physical quantities
of different units, thus we modify and extend the estimation framework by:
defining the error as a vector , calculating each error component using
absolute values , and at last a weighted summation of all individual RMSE

values in (3.21)).

3.5 Conclusion

The proposed methodology and the procedure for passive single-sensor source

localization extends manifold learning techniques of former works, in order to
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recover the unknown location and velocity of moving sources using diffusion
kernels.

The challenges the movement arise, first and foremost the time variance of
the system, can be tackled by assuming a slow speed and gradually changing
velocity components, in addition to short time intervals and a stationary mi-
crophone. The combination of all these assumptions result in small changes to
the AIR along the time frames. Furthermore, these assumptions, along with a
quasi-stationary input signal, allow us to experience small changes in the feature
vector along the time intervals. In practice, the time differences of the feature
vector depend purely on the variations of the AIR- that is, on the evolution of
the degrees-of-freedom of the system: the location and velocity of the source.
Thus, we can represent the feature vectors by a low-dimensional manifold, which
its embeddings are organized according to these controlling parameters, and
consequently to recover the location and velocity.

The structure of the considered low-dimensional manifold is assumed to be
a real and nonlinear. However, in practice it is locally linear in the vicinity
of each embedded point and its surface is coincide with the tangent plane to
the manifold at this point. This complies with our implied assumption- a small
change in the physical parameters vector reflects, in turn, a slight change of the
corresponding feature vector (whereas big variation in the values of the location
and velocity leads to completely different feature vector).

Since the structure of the manifold is unknown, the geodesic distance, which
is the locally shortest path on the manifold, cannot assess the affinity between
the feature vectors. The Euclidean distance, which is equal to the geodesic dis-
tance for flat/linear manifolds only, cannot evaluate affinity reliably for large
scales. Yet, Mahalanobis distance, which is a popular choice in several papers
due to its virtue of approximating the Euclidean distance between the corre-
sponding physical parameters vectors, suffers from several fundamental flaws.
Thus, for complying with manifold’s nonlinear and unknown structure, affini-
ties in local vicinities are measured using Euclidean distance, whereas greater
distances are omitted.

Accordingly, we compose an affinity matrix of all training feature vectors and
execute eigendecomposition. The eigendecomposition provides us a mapping
from the high-dimensional observable space to the low-dimensional embedded
space. The low-dimensional embedded space is governed by the parameters
controlling the system, and resembles the original parametric space up to a
monotonic distortion.

Given a test set of unlabeled observations, we seek to find their low-dimensional
embedding as well. However, rather than another spectral decomposition, we

exploit the Nystrom method for extension. The extension techniques of former
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works were based on either additional mathematical relations in case of Maha-
lanobis distance-based diffusion kernel, or straightforwardly in case of Euclidean
distance-based diffusion kernel. However, the latter leads to a scaled and inac-
curate extended manifold structure due to a combination of affinity calculation
with respect to all training observations (not close area only) and the absence
of normalization. On the other hand, our extension is free from these issues.

At last, we determine the recovery of the location and velocity according to
the midway point of the trajectory, which is formed by the movement of the
source during the time interval. Based on the midway point, the approximation
error of the trajectory of the source by a linear segment, is minimized. Con-
sequently, the unknown location and velocity of the source are estimated as a
weighted linear interpolation of the location and velocity values of all its nearest
training neighbors on the embedded low-dimensional manifold.

Accordingly, the relevant accuracy measure, suggested in previous works, is
modified and extended for the combination of physical quantities of different

units, all the more so due to the movement of the sources.
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Chapter 4

Experimental Results

4.1 Introduction

In this chapter we demonstrate the capabilities of the proposed passive single-
sensor localization algorithm for recovering the location of an acoustic source,

in three cases:

1. A baseline case of sources that have a stationary location, which consists
of one-dimensional (i.e., azimuth) and two-dimensional (i.e., radius and

azimuth) subcases.

2. An extensive case of deterministically moving sources, composed of various

experiments, where we recover the velocity as well.

3. A case of Brownian motion induced moving sources, where we aim to
recover the location and velocity of the sources in spite of a violation of a
fundamental assumption regarding the velocity.

In the first stationary subcase, we confirm our choice of an affinity measure
between the observations, followed by the recovery of the azimuth angle. In
addition, we compare our results to the counterpart results of the prior diffusion
maps based single-sensor source localization work [10]. In the second stationary
subcase, we extend our experiment for estimation of the radius as well.

In the second case, which is the main contribution of this research, we allow
deterministic movement of the sources and retrieve their location and velocity.
We examine in detail the sensitivity of the proposed algorithm to different hy-
perparameters (e.g., training set size, number of features and frame length),
variables (e.g., speed and direction) and conditions (e.g., signal to noise ratio,
reverberation time and environmental conditions changes) by various experi-

ments.
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In the third case we introduce random and rapid perturbations to the move-
ment of the sources, in a varying degree. We examine the capability of the
proposed algorithm to deal with these perturbations, which represent the influ-
ence of environmental conditions on the movement of the sources.

The structure of the rest of this chapter is as follows. In Section 2] we
describe the simulated setup used for conducting the experimental study. In
Section [4.3] we present the baseline case of stationary sources and its results. In
Section [4.4] we present the extensive case of deterministically moving sources,
which is the main contribution of this research, and its results. In Section[L.5] we
present the case of Brownian motion induced sources and its results. At last, the
conclusions of the chapter, regarding the highlights of the experimental results,

are presented in Section [£.6]

4.2 Simulated Setup

We describe the simulated setup used for conducting the experimental study, us-
ing an efficient implementation [37] of the image method [38]. In all experiments
room dimensions were set to 6x5.8x 3 [m?’] , and an omnidirectional microphone
was located at (3,1,1.8) m. The reverberation time of the room was defined
as Tgo = 0.3 sec (Except otherwise stated), simulating moderate reverberation
conditions. In each location of the source, 1 sec (Unless else noted) long signal of
a zero-mean and unit-variance (for neglecting system’s gain) WGN, sampled at
fs = 16 kHz, is transmitted from the source, and after its convolution with the
ATR it is measured at the microphone. Consequently, we acquire total of m+ M
observations, where m out of them are randomly selected for the training set,
while the remaining M samples are allocated for the test set. The correspond-
ing autocorrelation-based feature vector of each observation consists of D = 800
lags (If not otherwise specified. The choice of its noted value will be justified
later).

4.3 Stationary Sources

4.3.1 One Dimensional Subcase

Former single-sensor source localization results [10] have been achieved using
Mahalanobis distance-based diffusion kernel, focusing on one-dimensional sta-
tionary scenario. On the other hand, various Euclidean distance-based diffusion
kernels have been exploited for source localization by multiple-sensors [12}13||18].
Therefore, first of all and prior to the movement case, we have to test our setting

and customized choice of Euclidean distance-based diffusion kernel in a station-
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Figure 4.1: Room setup of the stationary one-dimensional subcase (top view).
The blue cross represents the location of the sensor, whereas the red dots denote
the location of the sources.

ary case. We aim to validate the ability of the Euclidean distance-based diffusion
kernel to organize the observations according to their DOA (i.e., azimuth) val-
ues, in comparison to the results of [10]. In order to do so, a similar stationary
experiment has been conducted by positioning all sources at a radius of 1 m
from the microphone, and at azimuth angles which were drawn according to a
uniform distribution U [25,64] °. The allocation of the locations of the sources
has formed an arc, as depicted in Fig. [f.I] The experiment was carried out by
generating training and test sets of 720 observations each (i.e., m = M = 720).

For considering a metric between the feature vectors which reflects their
physical adjacency properly, we compare between two optional distance mea-
sures: Euclidean distance and diffusion distance (3.17). The Euclidean distance
is defined by:

Dguc (¢, ¢5) = |lei — ¢ (4.1)

Note the examined diffusion distance is derived from the customized
Euclidean distance-based diffusion kernel.

Fig. [4.2a) illustrates a comparison of the Euclidean distance and the dif-
fusion distance according to the azimuth angle, which were measured among
all feature vectors with respect to a reference feature vector, representing the
minimal azimuth angle (25°). The depicted Euclidean distance is normalized
by 1000, for a clear presentation of the behavior of both graphs together. By

inspecting the Euclidean distance, we notice it lacks the mandatory property of
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monotonicity with respect to the azimuth angle, and thus it cannot be used as
a distance function between our feature vectors. However, since the Euclidean
distance holds monotonicity in the range of approximately 1.85° from the refer-
ence angle, we deduce it is adequate for short arcs. Furthermore, in a broader
perspective, we can conclude the adequacy of the Euclidean distance is limited
to the vicinity of each feature vector, only. Nevertheless, the Euclidean distance
can be exploited as part of our diffusion kernel, from two reasons. First, by re-
stricting the computation of the Euclidean distance to small neighborhoods only
we can benefit from a reliable affinity measure. Second, the Gaussian kernel is
characterized by an inherent locality nature due to its scaling parameter.

In contrast to the Euclidean distance, the diffusion distance is characterized
by monotonic behavior throughout the entire azimuth range, thus proving it
is a suitable metric for quantifying affinity between our feature vectors. In
order to produce the diffusion distance, we use k = 20 nearest-neighbors and a
scaling parameter of € = 1.45 - median for constructing the diffusion kernel. We
assume that only the first eigenvector of the embedding is sufficient (i.e., d = 1),
since the azimuth is the only varying controlling parameter of the system- this
decision will be later validated.

The aforementioned comparison results confirm the nonlinearity of the man-
ifold, which is characterized by a relatively flat surface in the vicinity of each
observation, such that this surface looks like a linear Euclidean space. Moreover,
these results comply with the counterparts of |[13}[18], which have been acquired
by a similar Euclidean distance-based diffusion kernel for a corresponding sta-
tionary one-dimensional scenario. However, the results of [13|[18] have been
obtained by using dual-sensors, a different feature vector and a dissimilar ex-
tension for the eigenvector, as described in detail in Section [3.4.2]

Fig. [£.2|b) elaborates on the diffusion mapping of the observations by il-
lustrating the first eigenvector v, as a function of the azimuth angle. In other
words, it shows a comparison of observations representations between two para-
metric spaces: the one-dimensional location of the sources (i.e., azimuth) and
their corresponding independent controlling parameter in the embedded man-
ifold (i.e., ¥;). We witness that the diffusion mapping follows the azimuth
successfully (even linearly for most of the range), up to a monotonic distortion.
As a result, the diffusion mapping is capable of accurately discovering the under-
lying independent parameter dominating the system, that is the location of the
source. Moreover, since only the first eigenvector of the embedding is sufficient
for monotonic organization of the observations with respect to the azimuth, the
choice of d = 1 for estimation of the diffusion distance is approved. Hence, the
diffusion distance, which approximates the geodesic distance, is accomplished

for measuring the distances along the manifold correctly, as well as quantifying
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Table 4.1: One-Dimensional Stationary Case- Comparison

Parameter

Ours

Talmon et al.

Diffusion Kernel
Type

Euclidean
distance-based

Mahalanobis
distance-based

Training Set Size

720

420 (5220, including
local observations)

Angles Range [°] 39 60

Azimuth Angles 60 Predefined
Allocation angles,1° apart.

Uniform distribution
over the entire range

RMSE [°], by ((2.9) 0.094 1.2

the physical adjacency between the locations of the sources. These results sup-
port the embeddings results, originated from similar one-dimensional scenarios
(yet following the aforementioned fundamental framework differences) that were
presented in and are depicted in Fig. all reflect monotonic-
ity with respect to the azimuth. Note that the latter three, which are based
on multiple-sensors, do not refer to the extended entries of the eigenvector in
their provided embedding results. Our embedding results, on the other hand,

prove our suggested extension is accurate, following the arguments mentioned

in Section B.4.21

Encouraged by the successful revelation of the latent independent governing
parameter of the system by the diffusion maps, we head to estimation of the lo-
cations of the unlabeld test set. By interpolating the location of the k = 3 near-
est training neighbors on the manifold, we have established a minimal RMSE
of 0.094°. For comparison, the single-sensor source localization algorithm pre-
sented in [10], which consists of a Mahalanobis distance-based diffusion kernel,
has obtained minimal RMSE of approximately 1.2° in attempt to restore the
location out of 60 possible predefined (up to perturbations) angles by using 420
training observations (Note that each training observation was equipped with
10 additional observations for estimation of the local covariance matrix). Both
RMSE values were calculated according to , as proposed in [10] and men-
tioned in Section in fact, this is the unnormalized version of (the
norm signs are equivalent to the absolute value for a one-dimensional location).
We summarize our results in Table and compares them to the counterpart
by , along with fundamental settings differences.
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Figure 4.2: (a) Comparison of the Euclidean distance (blue) and the diffusion
distance (red) according to the azimuth angle. The distances are measured
among all feature vectors with respect to a reference feature vector, representing
the minimal angle (25°). The dashed line represents the range of monotonicity
maintained by the Euclidean distance. (b) Embedding of the observations as a
function of the azimuth angle.

4.3.2 Two Dimensional Subcase

Following the confirmation of the choice of an affinity measure between the ob-
servations, the successful azimuth angle recovery and the comparison to known
counterpart results from the literature |10], we can add a second degree-of-
freedom to our system. We aim to challenge the proposed algorithm in re-
covering the two-dimensional location of stationary sources, where both their
radius and azimuth are unknown. In order to do such an extension, we first ex-
amine the feasibility of the diffusion framework in organizing the observations
monotonically, according to the values of the two hidden independent control-
ling parameters of the system: the radius and the azimuth. Similarly to the
one-dimensional subcase, we arrange our stationary sources at azimuth angles
according to a uniform distribution U [25,64]°. However, in contrast to the
former subcase, we allow variability of the radius values according to a uniform
distribution U [1,1.3]m, as shown in Fig. [£.3] The experiment was carried out

by acquiring training and test sets of 2880 observations each.

With an eye towards generation of the diffusion maps, we use k = 10 nearest-
neighbors and a scaling parameter of ¢ = 1.38 - median for constructing the ker-
nel. Since we have added a second varying independent controlling parameter
to the system, we assume that only the first two eigenvectors of the embedding
are adequate (i.e., d = 2). Figure[4.4]depicts the diffusion mapping of the obser-
vations of the entire dataset into the embedded manifold. The coloring patterns

of the embedded observations, color-coded according to their radius (a) and az-
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Figure 4.3: Room setup of the stationary two-dimensional subcase (top view).
The blue cross represents the location of the sensor, whereas the red dots denote
the location of the sources.

imuth (b) values, behave monotonically by each of the location coordinates, thus
implying the diffusion mapping perceives the latent parameters dominating the
system. Similar results have been obtained for Cartesian location coordinates.

Subsequently, we recover the unknown location of the test observations, by
interpolation, using k = 2 nearest training neighbors on the manifold. We have
established a minimal RMSE of 0.0105, which consists of 0.0041 for radius and
0.017 for azimuth. Furthermore, the localization performance of the proposed

algorithm is portrayed in Fig. (5] by a polar plot of 35 sources, randomly
picked from the test set.

63



0.03 0.03

0.02 195 0.02 60
55

0.01 1 - 0.01
0 - £ 0 %
= 1.15 g o 45
-0.01 8 -0.01 w0
-0.02 : -0.02 a5
-0.03 1.05 -0.03 30

-0.04 -0.04

0.03-0.015 0 0.015 0.03 0.03 -0.015 0 0.015 0.03
Y, ¥

(a) (b)

Figure 4.4: Diffusion mapping of the observations of the entire dataset into the
embedded manifold, color-coded according to: (a) radius values and (b) azimuth
values.
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Figure 4.5: Polar plot of 35 randomly selected sources out of the test set. The
black dot denotes the location of the sensor, the colored asterik and disk pairs
denote the true and estimated locations, respectively, of each source.
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4.4 Deterministically Moving Sources

Following the stationary case, composed of the one-dimensional subcase as a
baseline and the two-dimensional subcase as an extension, we are capable of
proceeding to the main goal of our research- recovery of the location and velocity
of deterministically moving sources.

In this section we delve into details and describe by various experiments the
different hyperparameters (e.g., training set size, number of features and frames
length), variables (e.g., speed and direction) and conditions (e.g., signal to noise
ratio, reverberation time and environmental conditions changes) influencing the
performance of the proposed algorithm for the case of moving sources (free of
Brownian motion).

For isolating the different impacts of the elements composing the movement,
of the sources, as well as the factors affecting the performance of the localization
algorithm under various circumstances, we simplify the scenarios by focusing on
a sole degree-of-freedom system in all of our movement scenarios (i.e., d=1).
Not only it supports conclusions which are relevant regardless the amount of
degrees-of-freedom and even viable for more sophisticated cases, but it also
allows us working with significantly smaller dataset compared to scenarios of
higher degrees-of-freedom. Scenarios where all parameters of the location and
velocity are independent are out of the scope of this work.

Even though only a single controlling parameter is independent, it dictates
variations of another two parameters along the movement of the sources, such
that it results in an estimation error in each of them. Since the relation be-
tween the errors of the independent parameter and the dependent parameters is
nonlinear, the errors of the dominated parameters are calculated explicitly, and
consequently are taken into consideration at the calculation of the total RMSE.

We assume, for simplicity, that the sources move linearly- meaning the drift
.

term is constant, i.e., a(p(t)) = | *
Vg

In order not to exhaust the reader with dozens values of k, k and ¢, due to

several simulations composing each movement experiment, we note that both &

and k range from 10 to 50 neighbors (l~c < k), while the proportion of ¢ to the

median ranges from 1.41 to 1.45.

4.4.1 Sensitivity to Training Set Size

We examine the performance of the proposed localization algorithm with re-
spect to the size of the training set. For that purpose, we position all sources at
a distance of 1 m from the microphone and at an azimuth angle of 45°. Their

movement is initialized with a speed of 0.5m/sec, at directions of movement
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Figure 4.6: Room setup and the evolution of the locations of the sources through
time of the training set size experiment (top view). The blue cross represents
the location of the sensor, whereas the color coded dots denote the location of

the sources. The color represents the time. Produced using training and test
sets of 720 observations each.

which are drawn according to a uniform distribution U [45,85]°. Figure
illustrates the setup and the evolution of the locations of the sources through
time, using training and test sets of 720 observations each, for instance. The
simulation is repeated each time with a different amount of training observa-
tions, which varies from 120 to 2880. We maintain a ratio of 1 between the sizes
of the test set and the training set throughout the entire experiment.

As seen in Fig. [I.7] the total accuracy increases with respect to additional
training observations, up to marginal improvement for significantly larger sizes.
Moreover, an insufficient training set size leads to sparse manifold, which fails
to reliably represent the widely spanned controlling parameter, and as a result
ends in a considerable error. Note the presented RMSE is an average of the
individual RMSE measures of the controlling parameter (i.e., direction) and the

dominated parameters (i.e., radius and azimuth).

4.4.2 Sensitivity to Number of Features

We test the sensitivity of the proposed algorithm to the length of the feature
vector. In order to do so, we repeat the settings of the previous experiment,
except two adjustments. First, instead of a varying training set size, we generate
a training set and test set of 720 observations each. Second, we modify the

number of features in each simulation, in the range of 50 to 5600 dimensions.
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Figure 4.7: Performance of the proposed algorithm as a function of the training
set, size

Fig. illustrates the total estimation error in dB units, in order to em-
phasize the behavior of the graph despite the enormous value achieved for small
number of features, which deviates significantly from the other values, all the
more so being bigger than the lowest error in more than an order-of-magnitude.
These estimation error results reflect the infamous curse of dimensionality, and
particularly the peaking phenomenon . First, the poor accuracy obtained for
small number of features is caused by an insufficient resolution which prevents us
from distinguishing between feature vectors referring to different locations and
velocities. As the dimensionality of the feature vectors hyper-space increases,
the additional features allows us to describe the location and velocity in finer
details, thus the recovery improves. However, at some point the dimensional-
ity increase becomes counterproductive and the performance of the estimation
accuracy starts deteriorating, since the volume of the high dimensional space
grows exponentially with respect to the dimensionality. Consequently, the given,
fixed-sized, training set turns to sparse, which questions the feasibility of find-
ing the nearest neighbors reliably at the stage of the construction of the affinity
matrix. Generally, by increasing the size of the training set, its sparsity in the
hyper-space can be mitigated- all the more so, infinite-sized training set will re-
sult in gradual improvement with respect to the dimensionality. Note that the
optimal results are accomplished for D = 800 lags, thus justifying our choice of

this value as the length of the feature vectors in all other experiments.
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Figure 4.8: Performance of the proposed algorithm as a function of the length
of the feature vector

4.4.3 Sensitivity to Speed

We present the accuracy of the proposed localization algorithm with respect to
the speed of the moving sources. For that objective, we repeat the settings of
the previous experiment with a slight change: the length of the feature vector is
fixed to D = 800 lags, and the speed of the sources is changed in each simulation,
in the range of 0.0625 to 1 m/sec.

Fig. depicts the total estimation error, as well as the individual estima-
tion errors of the controlling parameter of the scenario (i.e., direction) and the
dominated ones (i.e., radius and azimuth). Due to the high variability of the
direction its estimation error dictates the behavior of the total error throughout
the entire experiment. We yield a high estimation error of the direction for very
slow speed values thanks to the struggle of perceiving variations between the
different directions during a bare movement. That struggle, in turn, results in
a more scattered embedding (e.g., as can be seen in Fig. a) of the sce-
nario of 0.0625 m/sec, as opposed to a “fine” embedding as in Fig. b) of
the scenario of 0.5 m/sec. Further details and aspects will be discussed in the
next experiment) and thus in a challenge for distinguishing correctly between
the various direction values. As the speed gets faster, the accuracy of the esti-
mated direction improves due to a more meaningful movement by the sources,
up to a point where the accuracy starts decreasing. The accuracy of the esti-
mated direction starts deteriorating for fast sources, due to two factors. First,

greater speeds lead to sparser, yet clustered manifolds. That, in turn, makes

68



0.03 . . T . :

Total
L Radius
0.025 Azimuth
Direction
0.02+
Ll
L oo015¢
o
0.01r
0.005

0
0 01 02 03 04 05 06 07 08 09 1
Speed [m/sec]

Figure 4.9: Performance of the proposed algorithm as a function of the speed
of the sources

the estimation of the direction, based on interpolation of the nearest neighbors,
more challenging- meaning the variations in the movement of the sources are
too fast to be distinguished. In addition, the quasi-stationarity assumption is
revoked, hence our autocorrelation-based feature vector, implemented by MAT-
LAB’s ’xcorr’ function, is no longer valid as the function implicitly assumes
WSS signal.

Regrading the radius and the azimuth, as speed gets faster, a wider range
of possible location values is obtained, which consequently results in larger es-

timation errors.

4.4.4 Sensitivity to Direction

We examine the accuracy of the proposed localization algorithm with respect
to the direction of movement of the sources. For that purpose, we position
all sources at a distance of 1 m from the microphone and at an azimuth angle
of 45°. The movement of the sources is initialized with speed values which
are drawn according to a uniform distribution U [0.25,0.5] m/sec (based on the
range which has produced the best accuracy results in the previous experiment),
at the examined direction value. The simulation is repeated each time with a
different, direction of movement of all sources, varying from 5° to 90°, using
training and test sets of 720 observations each. Figure illustrates the setup
and the midway point of the trajectories of the sources, with respect to all

scenarios of this experiment.
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Figure 4.10: Comparison of diffusion mappings of the observations, according
to the direction, between different speed scenarios. (a) 0.0625 m/sec scenario.
(b) 0.5 m/sec scenario.
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Figure 4.11: Room setup and the midway point of the trajectories of the sources,
with respect to all scenarios of the direction experiment (top view). The blue
cross represents the location of the sensor, whereas the color coded dots denote
the midway point location of the sources. The color represents the scenario (i.e.,
direction).
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Fig. (12| describes the total estimation error, as well as the individual
estimation errors of the controlling parameter of the scenario (i.e., speed) and
the dominated ones (i.e., radius and azimuth). Not only the speed dictates the
behavior of the total estimation error throughout the entire experiment due to
its high variability, but its estimation error graph is also followed by the radius
estimation error.

As for the azimuth, its estimation error is minimal for a direction of 45°
since the azimuth is identical to the direction through the entire movement by
the sources (The initial azimuth angle, prior movement, is 45°), which leads to
a degenerated scenario where there is no variability in the azimuth values. As
the direction gets away from 45°, the range of possible azimuth values becomes
bigger and thus its estimation error aggravates with respect to the gap from the
direction of the degenerated scenario.

The inconsistent behavior of speed’s estimation error can be explained by a
varying extent of spatial aliasing throughout the experiment, due to the chang-
ing direction and the symmetry of the room, as illustrated in Fig. Figures
[.13|a),(c),(e) present the original rows of the affinity matrix, the additional
rows of the affinity matrix and the interpolation coefficients matrix, respectively-
all associated with a typical case of spatial aliasing from this experiment, rep-
resented by the scenario of the direction of 45°. Both rows and columns of
these matrices are sorted according to the speed of the sources. Whereas the
first matrix represents the nearest neighbors involved in the stage of parameter-
ization of the manifold (using training set only), the second matrix represents
the nearest training neighbors associated with the stage of manifold extension
for the test observations. In addition, the third matrix represents the nearest
neighbors in the embedded manifold involved in the interpolation for recovering
the unknown controlling parameter. All matrices are characterized in an utterly
scattered pattern, meaning the nearest neighbors are allocated arbitrarily and
not according to the true physical adjacency. This spread allocation of nearest
neighbors, or in other words spatial aliasing, translates into the difficulty of dis-
tinguishing between sources, which move at different rates but share the same
direction.

On the other hand, Figs. [.13[b),(d),(f) demonstrate the original rows of the
affinity matrix, the additional rows of the affinity matrix and an interpolation
coefficients matrix, respectively- all associated with a typical case free of spatial
aliasing, represented by the scenario of the speed of 0.5m/sec from the previous
experiment. Both rows and columns of these matrices are sorted according to
the direction of the sources, which is the controlling parameter of the previous
experiment. As opposed to the spatially aliased case, these matrices are charac-

terized by well defined patterns, which consist of physically adjacent neighbors
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Figure 4.12: Performance of the proposed algorithm as a function of the direc-
tion of movement of the sources

and thus resemble thick streaks.

Furthermore, the outcome of the spatial aliasing is expressed by significantly
higher estimation errors, compared to the other experiments, and can be slightly
mitigated by a considerable addition of training observations (e.g., a larger
training set which its size is 5 times the original size, has improved the accuracy
of speed and the total accuracy by nearly 11%).

4.4.5 Sensitivity to Signal to Noise Ratio

We examine the performance of the proposed localization algorithm with respect
to the signal to noise ratio (SNR). In order to do so, we repeat the setting of
the speed experiment with a slight change, by fixing the speed of all sources
to 0.5m/sec. In addition, in each individual simulation we introduce additive
white Gaussian noise (AWGN) of a specific variance value to all signals received
by the microphone. The simulation is repeated each time with a varying degree
of SNR, ranging from 0 to 30 dB, followed by a scenario free of noise, or in other
words an infinite SNR.

Fig. illustrates the total accuracy of the proposed algorithm for various
SNR conditions. As expected, as the conditions get harsher, the estimation
error grows. Note that although the estimation error is significantly high for
SNR of 0 dB, it is not an order-of-magnitude higher compared with the other
conditions. The reason for that is the use of WGN as a speech signal, thus all

frequencies of AIR’s transfer function come to realize in the signals received by
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Figure 4.13: Presence of spatial aliasing. Original rows of the affinity matrix
(training set) of: (a) spatially aliased case, (b) non-spatially aliased case. Ad-
ditional rows of the affinity matrix (test set) of: (c) spatially aliased case, (d)
non-spatially aliased case. Interpolation coefficients matrix of: (e) spatially

aliased case, (f) non-spatially aliased case.
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Figure 4.14: Performance of the proposed algorithm as a function of SNR

the microphone, and as a result there is no a fundamental difference between
the embedded manifolds of the various conditions. In addition, from SNR of 20
dB onward, the accuracy improves insignificantly and tends to the accuracy of

the case of no noise at all (i.e., SNR— 00).

4.4.6 Sensitivity to Reverberation Time

We examine the performance of the proposed single-sensor localization algo-
rithm with respect to the reverberation time. For this purpose, we repeat the
setting of the speed experiment with a slight change, by fixing the speed of
all sources to 0.5m/sec. The simulation is executed each time with different
reverberation time, ranging from 0.128 to 1 sec.

Fig. [£15] depicts the total estimation error of the algorithm for various re-
verberation time values, in the blue graph. The estimation errors are displayed
in dB units for emphasizing the small yet significant differences between close
estimation error values. For nearly no reverberation the estimation error is
colossal. As the reverberation time gets longer the accuracy improves gradu-
ally, up to a point of moderate reverberation (0.4 sec), where the performance
of the algorithm starts deteriorating steadily. These results validate the implied
hypothesis of our work. In contrast to source localization using multiple sensors,
where the recovery of the location is based on the direct propagation path of
the signal and the reflections are in fact its Achilles’ heel, these reflections are
essential for source localization using a sole sensor. In addition, by relying solely

on the direct direction of arrival, the single-sensor algorithm is incapable of dis-
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tinguishing between the different locations and velocities of the sources, due to
lack of information needed for an accurate estimation. Traditionally, the lack of
information is resolved by adding sensors, which provide all together a precise
estimation. However, by exploiting these reflections we can tackle this inade-
quacy and compensate for the inherent flaw of the single-sensor. On the other
hand, similarly to source localization using multiple sensors, the performance of

a sole sensor suffers from over-reverberation, but more robustly.

4.4.7 Sensitivity to Environmental Conditions Changes

An outcome of the last experiment provides us the opportunity to inspect the
influence of environmental conditions changes, that take place between the train-
ing and the test stages, on the performance of the proposed algorithm, as can
be seen in the red graph of Fig. In the first stage we generate a training
set with fixed reverberation time of 0.4 sec, followed by generation of several
test sets, where each one is according to different reverberation time. As a re-
sult, two consequences are obtained. First, as the reverberation level of the test
stage gets away from reverberation time of 0.4 sec, which has prevailed during
the training stage, the estimation error worsens. The second finding derives
from a comparison between the estimation errors obtained in this experiment
and the estimation errors acquired when ideally both training and test stages are
held under the same reverberation conditions (as in the previous experiment).
We notice that as the absolute difference in the reverberation time between the
stages grows, the error deviates from the values achieved ideally- unless the
reflections do not play a role in practice (e.g., as at 0.128 sec).

From manifold point of view, small changes in reverberation time results in
moderate influence on the manifold structure in general, whereas considerable
changes are associated with significant impact on the structure of the mani-
fold. According to the extension, the mapping of the test observations to the
embedded manifold is based upon the combination of the manifold structure,
established by the training observations, and the nearest training feature vec-
tors. Thus, these environmental conditions changes between the training and
test stages introduce ambiguities to the extended manifold to an extent. These
ambiguities consequently sabotage the efforts for an accurate recovery of the
unknown locations and velocities of the test set, as achieved when both stages
share the same reverberation time. In addition, opposite variations in the re-
verberation time at the test stage affect significantly different on the estimation
results since the single-sensor is more vulnerable to gradual absence of reflec-
tions than presence of additional ones. That behavior is reasoned by prevention

of essential information for the single-sensor that was previously available dur-
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Figure 4.15: Performance of the proposed algorithm as a function of reverber-
ation time: when both training and test stages share the same Tgo (blue), and
when trained with Tgg = 0.4 sec (red).

ing the ideal training stage, as a result of environmental conditions changes.
That absent information is responsible for establishing a manifold structure ac-
cording to an increasing dominance of the direct propagation path component
of the received signals. On the other hand, additional reflections following the
environmental conditions changes do not necessarily provide us more crucial
information, compared to what was achieved at the ideal training stage. The
reason for that behavior is that reverberation time of 0.4 sec is mostly sufficient
(in the sense of taking advantage of reflections) for training for single-sensor
source localization.

However, note that when the localization is based mostly on direct propa-
gation path of the signal, as at 0.128 sec, a conflicting outcome arises where
the deviation in the estimation error due to environmental conditions changes
is smaller despite the distinct trend. That outcome can be explained by an
extensively substantial ambiguity in the original manifold formed ideally, when
both training and test stages have shared the same reverberation time. Thus,
this significantly ambiguous behavior initially, along with the incremental ambi-
guity due to environmental conditions changes, leads eventually to a relatively

smaller impact on the performance.

4.4.8 Sensitivity to Frame Length

We examine the performance of the single-sensor localization algorithm with

respect to the length of the time frame.
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All previous experiments refer to a single frame. Thus, the recovery of the
location and velocity of the source in these experiments is determined accord-
ing to a single query point along source’s path, following the discussion and
derivation in Section and in . Rather than executing the proposed
localization algorithm once along the whole trajectory of the source, and con-
sequently carrying an extrapolation throughout the path based on a long linear
movement segment (Even though it may work well for a source that has a con-
stant velocity), we can exploit calculus approach for better estimation results.
According to this approach, the whole trajectory of the source, formed by its
movement which is characterized by a slow speed and a gradually changing ve-
locity, can be approximated by short linear movement segments. As a result, it
allows obtaining a smaller average estimation error by an iterative execution of

the algorithm in each frame.

Since the algorithm is repeated and executed in different points (i.e., query
points) along the trajectory of the source, each point represents a non-overlapping
frame (overlapping frames are out of the scope of this work, except Appendix [A
which is associated with a unique short linear movement segment. Thus, each
segment may hold different optimal hyperparameters (i.e., k, k and €) values
for each query point. We define the average RMSE along the trajectory, as an
average of the different RMSE values (obtained in each of the frames) over the

frames, as follows:

N
1
MSE = — MSE (™) 4.2
RMS N;R SE™, (4.2)

where RMSE(" is the RMSE of the r-th query point along the path, as defined
in (3.21)), and N is the total number of query points along the path (i.e., the

total number of frames).

For examining the optimal frames length, we position all sources at a distance
of 1 m from the microphone and at azimuth angles, which their values are drawn
according to a uniform distribution U [45,85]°. The movement of the sources
is initialized with a speed of 0.5 m/sec, at a direction of 45°, as illustrated in
Fig. The duration of the signal transmitted by each source is set to 2
sec (twice the duration in all previous experiments). The signals received by
the sensor in each simulation are divided into time frames. The simulation is
repeated each time with a different number of non-overlapping frames, varying
from a one long frame (the whole received signals) to 20 short frames- meaning
the frame length varies from 2 sec to 0.1 sec. The experiment is carried out by

acquiring training and test sets of 720 observations each.

Fig. depicts the average total estimation error of the algorithm for
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Figure 4.16: Room setup and the evolution of the locations of the sources
through time for the experiment of the frame length (top view). The blue

cross represents the location of the sensor, whereas the color coded dots denote
the location of the sources. The color represents the time.

various duration values of the segments and their corresponding amount, in dB
units. On the one hand, the approximation by a linear segment is inaccurate for
long frames, unless the source has a constant velocity during the frame. This
inaccuracy is expressed by an incremental error, which becomes worse as the
frame gets longer- all the more so, when the trajectory of the source is nonlinear.
Note that this result is obtained for sources that move linearly, which is the ideal
case for such an approximation, and is evident even in such an ideal case. On
the other hand, short frames are not good either, regardless the trajectory of the
source, as they are unable to capture the movement properly, and thus incapable
of distinguishing between the various azimuth values. We observe the optimal
recovery accuracy is achieved by frames of 0.5 sec.

Figure [£.18] depicts the successful localization results through time of the
unknown azimuth (i.e., controlling parameter) and radius (i.e., dominated pa-
rameter) of an arbitrary source from the test set, using the optimal frame length.
Note that the speed and direction are degenerated in this experiment. In each
frame, the linear segments of the estimated radius and azimuth are derived as
an extrapolation, based on the estimated value of the location in the midway
point of the segment. In contrast to the estimated radius which is completely
precise through time, the estimated azimuth is slightly less accurate due to its
high variability. Similar results have been received for all sources from the test

set.
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Figure 4.18: Localization results of a moving source through time of each of the
unknown parameters. (a) Radius and (b) azimuth. Blue represents true values,
red represents the estimated values. The black dot denotes the beginning of
each segment, the black circle denotes each of the query points.
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4.5 Brownian Motion Induced Moving Sources

In the last case, deterministically moving sources, we have examined the different
hyperparameters, variables, conditions and limitations affecting the performance
of the proposed algorithm by various experiments- all under the assumption of
slow and gradually changing velocity components. Following the last case, which
has ignored the Brownian motion term, we introduce it to the movement of the

sources, according to (3.1)).

We remind that these velocity restrictions, along with all the other assump-
tions characterizing the AIR and the problem setting, as fully noted in Section
[-3:2] are associated with small changes in the feature vectors along the time in-
tervals. These small changes allow the hypothesis of a low dimensional manifold,

and thus the recovery of locations and velocities of the sources.

In this section we examine the impact of violating the fundamental assump-
tion of gradual changes of the velocity through time, by inspecting slow sources
that change their velocity rapidly and randomly. In order to do so, we execute
the worst-case scenario by using the same algorithm framework- for emphasis,

the algorithm is executed just once (i.e., a single frame).

We recall that the Brownian motion is characterized by rapid and random
perturbations, representing environmental conditions which present throughout
sources movement (e.g., enclosure vibrations, source’s mount vibrations, and
wind). The introduction of Brownian motion term to sources movement de-
scribes a more realistic setting. In addition to the definition, mentioned in

Section the Brownian motion term is described by white Gaussian noise
2

. . g% . . .. .
with a variance vector ; . The directional standard deviations are defined in
0'.,
g

direct proportion to the Brownian motion coefficient, as follows:

Oz _ U~€ n 7 (43)
0@ %n

where vz, and vy, are the maximal horizontal and vertical speed com-
ponents drawn in the experiment, respectively, 7 is the Brownian motion coef-
ficient, and £ is the confidence factor. We define £ = 4, such that under the
constraint of four-sigma confidence level, 99.994% of the realizations are within

the following range:

-n- ’Uimaz SN (t) S n- ’Uimaz
N Vjnan < 15 (8) <005,

where n;z(t) and ng(t) are the horizontal and vertical components of the Brow-

=1

(4.4)
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Figure 4.19: Brownian motion induced source trajectory example, for a coeffi-
cient of 0.8. Blue denotes the trajectory through time, the red vectors denotes
the instantaneous speed and direction of movement of few arbitrary points along
the trajectory.

nz(t)
n(t)
In order to examine the influence of the Brownian motion on the perfor-

nian motion term n(t), respectively, i.e., n(t) = [

mance of the proposed algorithm, we repeat the setting of the speed experiment
with a slight change, by fixing the speed of all sources to 0.5m/sec. In addi-
tion, in each individual simulation we introduce a Brownian motion term to the
movement of all sources. The simulation is repeated each time with a differ-
ent Brownian motion coefficient value, ranging from 0.05 to 0.8, followed by a
scenario free of Brownian motion (as in the previous experiments). Figure [4.19
depicts the Brownian motion induced trajectory of a source, with respect to
Brownian motion coefficient of 0.8, and the instantaneous speed and direction

of few arbitrary points along the trajectory.

Note that the comment regarding the various values of the hyperparameters
(i.e., k,k and €), mentioned in Section applies for the following analysis as

well.

In all previous movement experiments, discussed in Section [£4] we have
focused in a single degree-of-freedom due to variability of a single random inde-
pendent parameter. However, the introduction of the Brownian motion term to
source’s movement leads to the question what is the true number of intrinsic di-
mensions. It can be interpreted as either one (i.e., direction), as before. On the

other hand, it can also be interpreted as either two (i.e., direction and speed) or
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three (i.e., direction, radius and azimuth)- depending by the attribution of the
additional variability to either the location or the velocity. In other words, the
addition of Brownian motion term, according to , may lead to independent
and random variability in another two parameters: the radius and the azimuth.
However, since that can also be interpreted as variability in the velocity param-
eters instead, one may claim of just an additional degree of freedom- the speed
(The direction is already a degree-of-freedom, due to the experiment setting).

Thus, Fig. £.20] illustrates the total estimation error of the proposed algo-
rithm for various Brownian motion conditions, with respect to three intrinsic
dimension d cases: one, two or three. As expected, as the Brownian motion
term gets more dominant, the estimation error grows, for all cases. We note
two examples for emphasizing the colossal estimation error. First, we can wit-
ness that the estimation error for Brownian motion coefficient of 0.425 is an
order-of-magnitude higher compared to the ideal case, where no Brownian mo-
tion term is introduced. Second, for Brownian motion coefficient of 0.8, the
error is 2400% higher than in the ideal case. The reason for the high errors is
the revoke of our assumption of approximating the trajectories by short linear
segments, due to the rapid and random changes in the movement of the sources.
These changes prevent us from collecting a sufficiently long enough observation
and consequently a meaningful feature vector during each time frame.

Note the presented RMSE is an average of the individual RMSE measures of
the controlling parameter (i.e., direction) and the dominated parameters (i.e.,
radius and azimuth) for the Brownian motion free scenario, whereas it is an
average of all individual RMSE measures for the Brownian motion induced
scenarios.

Regarding the determination of the intrinsic dimension value based on the
various intrinsic dimensions cases, we note that the examined scenario is unam-
biguous upon the parameters vector. In addition, the Brownian motion adds
small variability compared to the significant variability triggered by the original
degree-of-freedom (direction). Moreover, there is no case which dominates all
the others- all the more so, the difference between the results is negligible, as
depicted in Fig. Thus, the two additional degrees-of-freedom are redun-
dant, and we determine d=1 as the dimension of the low-dimensional embedded
manifold for yielding the embeddings and the estimation results.

For emphasizing the impact of the Brownian motion, we elaborate on the
scenario of Brownian motion coefficient of 0.8. Figure[.2T]describes the diffusion
mapping of the observations of the entire dataset, obtained from that scenario,
into the embedded manifold, by illustrating the first eigenvector 1, as a function
of all four parameters vector coordinates: the radius (a), azimuth angle (b),

speed (c) and direction (d). We witness that despite the significant interference
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Figure 4.20: Performance of the proposed algorithm as a function of Brownian
motion coefficient, for various intrinsic dimension cases

by the Brownian motion, the resulting small perturbations along the trajectory
have minor influence on the location from two reasons. First, the diffusion
mapping follows the azimuth successfully. Second, the diffusion map of the
radius encounters minor ambiguities, due to the small range of possible radius
values. On the other hand, the instantaneous velocity is heavily affected in
each infinitesimal step of the source by the random and rapid nature of the
Brownian motion. All the more so, the velocity is influenced by the significant
variability of the direction (the degree-of-freedom). Consequently, both diffusion
mappings of the speed and direction fail to maintain monotonic organization
of the observations- meaning the instantaneous speed and direction cannot be
accurately recovered (even for higher number of intrinsic dimensions).

We note that the individual RMSE measures, composing the total RMSE,
correspond well with the embeddings depicted in Fig. .21} The individual
RMSE values that are associated with the velocity (23.99% for speed, and
25.03% for direction) are colossal, where the ones of the location (0.24% for
radius, and 0.32% for azimuth) are negligible.

Note that for small Brownian motion coefficients, the direction preserves
monotonicity and unambiguous behavior successfully, whereas the speed is not-
similarly to the conclusion from the direction experiment of Section the
algorithm struggles to distinguish between sources which share the same di-
rection, but have different speed values, due to spatial aliasing. In addition,
similar conclusions are deduced according to comparison of the embedding of

the observations to their Cartesian location and velocity coordinates.
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Figure 4.21: Embedding of the observations, obtained from the scenario of
Brownian motion coefficient of 0.8, as a function of: (a) radius, (b) azimuth, (c)
speed and (d) direction.
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As a representative example of the aforementioned scenario of Brownian
motion coefficient of 0.8, we focus on an arbitrary source, for demonstrating
the localization results of the location and velocity through time. The source is
characterized by a speed of 0.5 m/sec (common to all) and a direction of about
52° (drawn). Figure depicts a comparison through time between the true
and the estimated trajectories of all four unknown parameters of the source: the
radius (a), azimuth angle (b), speed (c) and direction (d). The true trajectories
of all location and velocity parameters describe fluctuations in the location and
velocity values through time, which reflect the random and rapid nature of the
Brownian motion.

The estimated trajectories are divided into 3 cases- common to all is the
nearest, training neighbors in the manifold, which are determined according to
the midway point. As already implied by the embeddings and the individual
RMSE values, the estimated trajectories of the radius and the azimuth recover
the true values well despite the Brownian motion, whereas the efforts for recov-
ering the instantaneous speed and direction of the source do not succeed. The
first estimated trajectory, denoted in Fig. as LM, is executed according
to the linear model that was described in detail in Chapter [3 This method
demonstrates fair estimation results of the average velocity.

In case that the whole trajectories of the nearest training observations are
known, these localization results can be improved, as suggested by the remaining
two estimation methods. The second estimated trajectory, denoted in Fig. [£.22]
as WA, is produced by a weighted average of the trajectories of the nearest
training neighbors. This method cancels out the explicit random fluctuations
in the location and velocity values in each step. However, the weighted average
fairly succeeds to estimate the average speed and direction values through time.
Another improvement can be achieved by combination of the two, by estimating
the trajectories according to a linear model. The constant velocity is determined
according to the mean value of the velocity trajectories of the weighted average
method. This method, denoted in Fig. [£.22]as MV, improves both the accuracy
of the estimated location and the estimated average velocity. It provides us
accuracy of less than one percent, with respect to the average velocity, which is in
practice the Brownian-motion-free instantaneous velocity. To conclude, despite
the failure in recovering the instantaneous velocity of the source through time,
the algorithm succeeds to estimate the average velocity through time- either
fairly or well, depending the data available to us. Similar results have been
received for all test sources- all the more so for Cartesian location and velocity
coordinates.

We note the recovery of the average velocity can be improved by advanced

denoising techniques, as the Brownian motion term, which is defined as WGN,
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Figure 4.22: Localization results of a moving source through time of each of
the unknown parameters for the scenario of Brownian motion coefficient of 0.8.
(a) Radius, (b) azimuth, (c) speed and (d) direction. Blue represents true
values, red represents the estimated values according to the linear model (LM),
yellow represents the estimated values according to a weighted average of the
trajectories (WA), and purple represents the estimated values according to a
mean velocity value (MV).

is considered as an environmental interference with respect to the original move-

ment of the source.

4.6 Conclusions

Following the proposed algorithm, the experimental results demonstrate state-
of-the-art localization results for moving sources and stationary sources alike,
using a single sensor.

In the first case, we address stationary sources since prior diffusion maps
based single-sensor source localization work, by Talmon et al. , has focused

on one-dimensional stationary scenario. It consists of the one-dimensional sub-
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case as a baseline and the two-dimensional subcase as an extension, as follows:

1. One-dimensional subcase- our choice of an affinity measure between the
observations and its corresponding extension for the test observations is
confirmed, followed by the recovery of the azimuth angle- achieving RMSE
of 0.094°- better than the results of [10].

2. Two-dimensional subcase- our experiment is extended for estimation of the
two-dimensional location. First, we show that the embedded observations,
mapped into the low-dimensional manifold, are arranged monotonically
by each of the location coordinates. Subsequently, we recover the radius
and azimuth of the sources- obtaining RMSE of 0.0105, which consists of
0.0041 for radius and 0.017 for azimuth.

In the second case, which is the main contribution of this research, we allow
deterministic movement of the sources and retrieve their location and velocity.
We examine in detail the capabilities of the proposed algorithm by 8 various
experiments inspecting the sensitivity to different hyperparameters, variables

and conditions by 8 various experiments:

1. Training set size- the total estimation accuracy increases with respect to
additional training observations, up to marginal improvement for signifi-

cantly larger sizes, as expected.

2. Number of features- the estimation error results reflect the peaking phe-
nomenon. Small number of features yields poor accuracy due to an insuf-
ficient resolution. As the dimensionality increases, the additional features
allows us to describe the location and velocity in finer details, thus the
recovery improves. However, at some point the dimensionality increase
becomes counterproductive and the performance of the estimation accu-
racy starts deteriorating. Optimal results are accomplished for D = 800

lags.

3. Speed- due to the high variability of the direction, its estimation error
dictates the behavior of the total error throughout the entire experiment.
We yield a high estimation error of the direction for very slow speed values
thanks to the struggle of perceiving variations between different direction
during a bare movement. As the speed gets faster, the accuracy of the
direction improves due to a more meaningful movement by the sources,
up to a point where the accuracy starts decreasing. Regrading the radius

and the azimuth, as speed gets faster, their estimation errors get bigger.

4. Direction- due to the high variability of the speed, its estimation error

dictates the behavior of the total estimation error and the radius estima-
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tion error, throughout the entire experiment. The speed estimation error
is characterized in inconsistent behavior as a result of a varying extent of
spatial aliasing. As for the azimuth, as the direction gets away from the

degenerated scenario, its estimation error aggravates.

. SNR- the estimation error grows as the SNR conditions get harsher. More-
over, from SNR of 20 dB onward the accuracy improves insignificantly and
tends to the accuracy of the case of no noise at all. The algorithm indicates

robustness to noisy environments.

. Reverberation time- the accuracy results of our single-sensor algorithm
validate the implied hypothesis of our work, which is unique for single-
sensor. The infamous reflections, which sabotage the efforts for a reliable
location recovery using multiple sensors, are vital for accurate source lo-
calization using a sole sensor. The single-sensor algorithm is incapable
of distinguishing between the different sources by relying solely on the
direct direction of arrival, as expected. Similarly to source localization
using multiple sensors, the performance of a sole sensor suffers from over-

reverberation, but more robustly.

. Environmental conditions changes- as the reverberation level of the test
stage gets away from the reverberation time of the training stage, the es-
timation error worsens. Moreover, by comparing to the estimation errors
acquired ideally, we can notice that as the absolute difference in the rever-
beration time between the stages grows, the error deviates from the values

achieved ideally- unless the reflections do not play a role in practice.

. Frame length- approximation of the trajectory of the source, formed by
its movement during the frame, using a linear segment is inaccurate for
long frames, unless the source moves at a constant velocity during the
frame. Short frames are not useful either, regardless the trajectory, since
they are unable to perceive the movement correctly. The optimal recovery
accuracy is achieved by an iterative execution of the algorithm every 0.5
sec.

At last, in the third case, we introduce Brownian motion to the movement of

the sources, in a varying degree, in order to describe a more realistic setting

involving influence of environmental conditions. We examine the impact of

violating the fundamental assumption of gradual changes of the velocity through

time and the capability of the proposed algorithm to cope with it. As expected,

as the Brownian motion term gets more dominant, the estimation error grows

significantly. Despite the failure in recovering the instantaneous velocity of the
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source through time, due to the rapid and random nature of the Brownian
motion, the algorithm is capable of estimating successfully the average velocity,
namely the drift term.
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Chapter 5

Conclusions

5.1 Research Summary

An unconventional supervised approach for the familiar and mostly ill-posed/
underdetermined problem of single-sensor source localization has been presented,
using diffusion maps. The proposed algorithm extends manifold learning tech-
niques of former works and demonstrates a proof of concept proposing a state-of-
the-art solution for the recovery of the location and velocity of a moving source,
using a single microphone. In contrast to common model-based source local-
ization approaches, the proposed algorithm implements a data-driven approach
which utilizes prior data for learning room’s acoustic manifold.

Moreover, unlike former manifold learning-based localization works, the pro-
posed algorithm deals with time variant system as a result of the movement of
the sources. This movement calls for modification and expansion of the esti-
mation formulation for physical quantities of different units. In addition, the
proposed algorithm tackles their framework drawbacks such as an impractical
kernel and a scaled and inaccurate extension. Furthermore, the algorithm is
also examined for scenarios violating its fundamental assumption regarding the
characteristics of the velocity.

Simulation results demonstrate the sensitivity of the algorithm to variations
in speed, direction and frames length, and the accompanying tradeoffs, such as
the tradeoff between the accuracy of the estimated location and the accuracy of
the estimated direction, as a result of the speed of the sources. In addition, we
witness the influence of opposing forces, such as the validity of our assumptions
regrading the velocity attributes, and the time variance property of the sys-
tem. The algorithm have difficulty with distinguishing between speed values of
sources that move at the same direction. The reflections, which sabotage the ef-

forts for a reliable location recovery using multiple sensors, are vital for accurate
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source localization using a single sensor- these results validate the underlying
hypothesis of our work. The algorithm performs well in reverberant and noisy
environments, yet is sensitive to environmental conditions changes. While the
algorithm is designated for recovering the location and velocity of slow sources
that change direction and speed gradually, it is even capable of successfully es-
timating the location and the average velocity of slow sources that change their
velocity rapidly and randomly.

These promising results and consequences establish a proof of concept, which
contributes to the research endeavors in the field, and may benefit a scenario,
where only a single sensor is available. By focusing on scenarios of moving
sources related to one varying degree-of-freedom at a time, we have isolated each
individual factor and laid the foundation for future work, involving scenarios
where all parameters are varying randomly and independently.

At last, it is anticipated that in addition to successful validation of the
simulated localization results by a real experiment, the results of the latter
will be even superior, since the implementation [37] of the mirror model, for
simulating the measurements of the received signal, is strict as it assumes a

pure diffuse noise model, where in practice it is not.

5.2 Future Research

The single-sensor source localization for moving sources algorithm, proposed in
this research, lays the foundation and paves the way for further research and
experiments.

The results and the conclusions, derived from the examined single degree-
of-freedom scenarios, are relevant regardless the number of degrees-of-freedom.
However, it is highly recommended to verify them in scenarios where all four
location and velocity parameters are independent, using significantly larger
datasets. In addition, the localization results, obtained by simulations, can
be validated by a real-data experiment.

As another step towards a realistic model, it is suggested to expand the
algorithm for more sophisticated movement models, where the drift term is not
constant.

The suggested supervised approach obliges us to provide labels for all train-
ing observations, which may be a cumbersome task for a real-data experiment,
all the more so for scenarios involving larger datasets, or by learning according
to labeled moving sources. Thus, following Laufer-Goldshtein et al. [13}[18], we
can exploit unlabeled observations and even observations that their unknown
locations and velocities were previously estimated. These observations can be

utilized for system adaptation and subsequently yielding better localization re-
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sults, by developing a semi-supervised approach, which will be designated for
single-sensor source localization.

As one of the outcomes of the proposed algorithm is favoring an iterative
execution of the algorithm at each time frame, it can be inefficient for long and
sophisticated trajectories. Thus, a major progress can be done by development
of a data-driven tracking filter (e.g., Kalman filter) for single-sensor localization
purposes, such that by exploiting its correction term the flaws of the current
algorithm will be addressed. In addition, not only the tracking scheme will allow
to exploit the semi-supervised approach, but also to learn based on stationary
sources only, rather than moving sources. Such a single-sensor tracking filter can
be developed following the works by Wang et al. [40] and Laufer-Goldshtein et
al. [16H18], as elaborated in Appendix [A} introducing a suggested single-sensor
tracking framework.

Another major and challenging step towards real-world scenarios involves
movement of the sensor as well. However, since the acquired manifold depends
on the location of the sensor, each movement by the sensor results in a com-
pletely different manifold. Thus, all the learning process, based on the previous
location of the sensor and prior its movement, is irrelevant. In order to over-
come this challenge, a combination of two steps is advised to be examined.
First, developing an extension for the aforementioned data-driven tracking fil-
ter, which its mechanism includes updates of the location of the sensor, similarly
to simultaneous localization and mapping (SLAM) algorithms. Subsequently,
domain adaptation methods, such as optimal transport and parallel transport,
may adapt the acquired manifolds through time.

An additional virtue of the aforementioned domain adaptation is the possi-
bility of successfully coping with significant environmental changes between the
training and test stages. As a result, a flaw of the proposed algorithm, which
struggles with moderate changes in the reverberation time following the training
stage, can be addressed- along with additional setting changes.

Since single-sensor scenarios are common for RF, an interesting direction for
expansion would be source localization of RF emitters at environments which
are characterized in presence of a high level of multipath- such as the sea.
Such localization at the sea, for instance, must involve integration of spherical
trigonometry (explicitly Haversine formula) for accurate localization results, as
one of the expansion phases. In order to do so, a reliable feature vector must be
derived. The RF emitters arise new challenges, such as localization amidst of
different noisy environments (where except unintentional interference sources-
jammers are common), various frequency bands (HF, particularly, will allow
comparison to the unique approach mentioned in [4], [7, Ch. 7], [8, Ch. 7]),

various types of frequency ranges transmissions (e.g., continuous wave, narrow
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band, wide band), and spread spectrum sources (e.g., chirps, hoppers).

One of the major flaws of the proposed algorithm, contradicting real world
scenarios, is its restriction to a single transmitting source at a time. Thus,
finding a new localization framework, which incorporates speaker diarization
techniques, is highly suggested for localization of multiple sources simultane-
ously (Note that at the RF case, several sources which transmit simultaneously
in different frequencies can be dealt by exploiting the narrowband filter of the
DF sensor).

At last, since all velocities on the discussed setting are significantly slow in
comparison to the speed of sound, Doppler effect has been neglected in this
contribution, but it is recommended to be taken into consideration in several
scenarios in future work. Note that in the RF case, even fighter aircrafts cause
a barely noticeable frequency shift, which is already within the bandwidth of

the narrowband receiver.
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Appendix A

Single-Sensor Tracking

Framework

A.1 Introduction

In the following appendix we present a single-sensor tracking framework, as
mentioned in Section [5.2} The tracking framework is based on modeling the
function mapping the observations to locations by a Gaussian process. The
Gaussian process allows exploiting Bayesian inference approaches for estimation
of the mapping function. In particular, it provides us the opportunity to use
tracking filters for an accurate location estimation of moving sources during their
movement. By using a data-driven Kalman filter we incorporate smoothness
with respect to the geometric structure of the manifold with the movement of
the sources through time. This model is designated to tackle major flaws of the
diffusion kernel-based model presented in Chapter|3] and is characterized by the
following attributes:

1. Small training set size. Moreover, training set is based on stationary
sources only, where each one represents a unique location. Thus, better
applicable for real-life applications, as the process of generating a labeled

training set is a cumbersome task.

2. Tracking capability- not only it mitigates the inefficiency issues of the
diffusion kernel-based model for long and sophisticated trajectories, but

it also provides us a correction term that is exploited in each iteration.

3. Allows a mixture of both unlabeled and labeled observations for the learn-
ing process (i.e., semi-supervised learning), such that the recovery of the

location is more accurate due to better understanding of the structure of
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the manifold. We note that in the derivation of the following framework

we focus on labeled training set only (i.e., supervised learning).

4. Robustness- similarly to the diffusion kernel-based model, the tracking
model is expected to provide robustness to noise and challenging environ-

mental conditions, such as reverberation time.

5. Inability to estimate the current velocity of the moving source- the capa-
bility to recover the velocity of a source in each time frame, following the
diffusion kernel-based model, is based on a supervised learning using mov-
ing sources. In the suggested tracking framework, on the other hand, the
learning process is based on stationary sources. Thus, the velocity of the
current time frame cannot be estimated. We note that the velocity can be
estimated indirectly by subtraction of the sequential estimated locations
of the source (followed by division by the time difference), but in fact it is

the velocity of the previous time frame- not the current.

The following data-driven tracking framework is inspired by both the observa-
tion (measurement) and propagation (state) models by Wang et al. [40], and the
multiple-sensors-based propagation models by Laufer-Goldshtein et al. [16-18|.

We note that experiments examining the performance of the single-sensor
tracking framework are out of scope of this work.

The structure of the rest of this appendix is as follows. In Section we
formulate the problem. In Section we describe the feature vectors and the
mapping function from the observations to locations. In Section[A4] we present
the state-space model, including the propagation and observation equations. In
Section [A.5] we present an iterative scheme for tracking the location of the
moving source based on the state-space representation. At last, in Section
we describe how to determine the values of the hyperparameters of the data-

driven tracking filter.

A.2 Problem Formulation

We consider a standard enclosure. The velocity of moving source as a function
of time, denoted by p(¢), is defined as in (3.1)).

We consider m sources that their location is fixed and unique. In addition,
we consider a moving source. Each source, one at a time, transmits a signal (The
moving source transmits the signal during its movement). The signal received
by the sensor, denoted by y; (n), is defined as in (3.2). For clarity and avoiding
confusion with the definitions in Chapters [2] and [3] in the rest of this appendix

we refer to the parameters vector 8; as p;. p; denotes the three-dimensional
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absolute location of the ith source in Cartesian representation- meaning it can be
described at discrete time index j by: 6;(5) = p:(j) = [pi.z(4), pi.g(4), piz ()]
The received signal is recorded and divided into overlapping time frames.

The movement of the moving source can be expressed by the following

Markovian relation:

p(¢) = b(p(g —1),Z,), (A1)

where ¢ is the frame index, b () represents a transition function and Z, de-
notes all related information, available at frame index ¢ (e.g., prior knowledge

regrading the enclosure).

A.3 Manifold-Based Gaussian Process

A.3.1 Feature Vectors Extraction

From each observation, a feature vector is extracted based on the autocorrelation
function of the signal received by the sensor. Following the derivation and
assumptions discussed in Section [3.3.1] we yield the time-variant autocorrelation
function of y;(n) according to and (3.4). Subsequently, following the slow
speed and gradually changing velocity assumption, we yield the time-invariant
version of the autocorrelation function according to . Accordingly, we define
the nonlinear mapping of the location, denoted by ¢, and the first D elements
of the autocorrelation function of the observation y;, denoted by c;, according
to li In addition, we define the jth entry of c;, denoted by cz(-j), according
to (3.7).

Let c;(q) denote the first D elements of the autocorrelation function of the
gth time frame. By smoothing the autocorrelation function through time, we
form a relation between the sequential overlapping time frames, such that the

smoothed autocorrelation function of the gth frame is given by:

¢i(q) =vci(q) + (1 —v) &g —1), (A.2)

where 0 < v <1 is the smoothing parameter.

Let C = {c;};~, be the set of the training feature vectors with respect to
the known fixed locations {p;};- ,, that are generated from m unique locations.
Let ¢(g) denote the feature vector of the moving source with respect to the
unknown location at the gth time frame. We note that since the locations of
the training sources are fixed, it is not necessary to extract their corresponding
feature vectors according to — meaning their feature vectors can be com-
puted according to , using the whole observations (prior the division to
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time frames).

A.3.2 DMapping Feature Vectors to Source Locations

Let f, be a nonlinear mapping function from the observable space to the para-
metric space, i.e. f, : M — R. In other words the purpose of the mapping func-
tion is matching an autocorrelation feature vector to its corresponding source
location (i.e., po(q) = fa(€(q)), a € {Z,9,2}). The mapping function is mod-
eled by a Gaussian process (GP) [41], which is a nonparametric model defined
entirely by its second moment and is widely used for regression problems. We

define the mapping function by a zero-mean GP:

fa(') ~ g,P(Oa’%)7 (A3)

where & : M xM — R is its manifold-based covariance function. The covariance
function, also known as the kernel function, reflects the similarity measure be-

tween feature vectors (similarly to the purpose of the affinity matrix mentioned

in Section [3.3.3)), as follows:

m

R(er, ) = Z k(er, €)k(er, G), (A4)

1=1
where Kk : M x M — R is the standard kernel function, which in our case is

chosen to be the Gaussian kernel:

2
k(ci, ¢j) :exp{—M}, (A.5)

3

where ¢ is a scaling factor. Note that in contrast to the affinity matrix (3.8)
mentioned in Section the computation of the covariance function
between two feature vectors involves their relations to the entire training set.
In such a manner, we yield an affinity measure which respects the manifold
structure. Two feature vectors are considered close if their relations to all the
training observations are similar- meaning their corresponding locations of the
sources are physically adjacent as well (and vice versa). Despite the Gaussian
kernel is based on a standard Euclidean distance, which is reliable for close
distance only as discussed in Section the combination of the scaling factor
and the multiplication in another Gaussian kernel in , preserves locality.
We also note that the affinity kernel mentioned in Section can be
another useful choice for either the Gaussian kernel or the covariance
function .

The GP model assumption is intended for guaranteeing the smoothness of

the solution for the regression problem, while the pairs {€;, p; },~, supply anchor
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points.
For each frame of the observation of the moving source ¢(gq), we define a
|e(q) — 4,1l < 0, ¢ € {1,...,m},

where § is the neighborhood radius. For acquiring fixed-size subsets, we limit

subset of nearby training observations {€y,

ourselves to the k-nearest neighbors among the speci\ﬁed subset. Accordingly, we
denote the k-nearest neighbors of &(q) as C, = {<,, }le. Note that the neighbors
are determined according to the Euclidean distance between corresponding fea-
ture vectors, according to considerations mentioned in Section @ Let C, =
¢(¢)UC, denote an extended set of size k+1. While the former contains the fea-
ture vector of the current time frame of the moving source and its k-nearest fea-
ture vectors of training sources, the latter contains the corresponding locations
of the sources. Moreover, let f,, = f.(Cq) = [fa(€(q)), fa(Cqy), - fa(éqk)]T
denote a vector of all corresponding mappings of the function f,(-) over the
observations in C4, yielding representation of the their corresponding locations.

A.4 DManifold-Based State-Space Model

A.4.1 Propagation (State) Model

The relation between the mappings of the successive (¢ — 1)th and gth subsets,
which is described by the state equation and is governed by the GP (A.3),
represents the Markovian transition of the hidden function values. Since both
f, . and f,_; , are Gaussian vectors, they have a joint Gaussian distribution

with a zero-mean and a covariance matrix, which is based on the terms of the

covariance function (A.4)):

fo.a
[ " ] ICqg-1 ~ N (02(1‘9“)’

fqfl,a

g D (A.6)

q,9—1 EQ*L‘I*l

where Cg.g—1 = Cq UCy—1, Oyj 1) I8 a zeros vector of length 2(k + 1), and:

r(¢(q),¢(g)) r(elq),Cq) --- R(e(q),Cy,)
Sqﬂ _ H(Cm ) C(Q)) K(qu_’ Cg1) T H(Cth-? Cgk) (A7)
/%(éq;c,é(g)) E(Eqkaégl) e R(Eq,\yégk)

Hence, the conditional distribution of f; , given f,_; , is also a Gaussian distri-

bution:
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Pr(fq,a|fq—1,ach7q—1) = N(B(Cq,q—l)fq—l,a’ Q(Cq,q—l))v (A.S)

where

~ - —1

B(Cq,q—l) = E%q—lzq—l,q—l? (A-g)

Q(quqfl) = iqu - Z~:q,qflizcj—ll,q—lE]Z,qfr (A.IO)
Thus, according to the conditional Gaussian distribution , we can conclude
that the state equation is governed by a linear dependence between the positions
of the current set f; , to the positions of the previous set f,_;,. Therefore,
the propagation of the source locations in can be expressed by a linear
equation between subsequent time frames, with an additive WGN &(Cq q—1) ~

N(0k+1’ Q(Cq,q-1)):

fo.0 = B(Cqq-1)fg-1.a + §(Cqq-1)- (A.11)

We can deduce that using 7, = C,;4—1 and the relations between the corre-
sponding feature vectors, the model parameters (i.e., state-transition matrix
B(Cy4,q—1) and variance of the process noise Q(Cq,4—1)) are calculated. As a re-
sult, the problem of nonlinear regression in R (i.e., the high-dimensional space
of the observations) is reduced to a linear time-varying state equation of the
movement of the source.

To conclude, the complete state equation for the three-dimensional location,

denoted by £, = [£7 £7. £7.]"

IS S , is provided by:

fy = B3(Cqg-1)fq-1 +&3(Cqq-1), (A.12)

where B3(Cq,q-1) = Is ® B(Cqq-1), &3 ~ N(OS(k+1)7 Q;3(Cqq-1)) with
Q5(Chg-1) = I3 ® Q(Cyg—1), ® is the Kronecker product, and I3 is a 3 x 3
identity matrix.

A.4.2 Observation (Measurement) Model

The goal of the nonlinear regression (nonlinear with respect to the observation)
is learning a function f,(<;) following the noisy relationship between a feature
vector input ¢; € R” and its corresponding output Dio € R, which is the
a-coordinate (a € {Z,y,Z}) of the measured known location p,. We assume
that p, , is a noisy version of the corresponding coordinate of the actual known

location, as a result of imperfections in the measurement of the location while
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obtaining the training observation:

Pia = fal€i) +u, (A.13)

where u is a measurement noise represented by an AWGN u ~ N (0,02).

T
Let P, = | D14y +Dma } denote a vector of the a-coordinate of all

training locations. Let p, , = [ Pgrar  +Pgpa }T denote a vector of length
k of the a-coordinate of the training locations corresponding to the subset C, =
{<,, }le. The observation equation, which is the relationship between the latent
mapping function values and the outputs (i.e., measured known positions) is

given by:

Py = Hofy o + 1y, (A.14)

I

locations in p,, is only related to to its corresponding feature vector in Cqs

where H, = [ 0 } is an index matrix such that the each of the measured

0;, is a zeros vector of size kx1, I isa k x k identity matrix, and u, is an
independent and identically distributed (iid) WGN. The covariance matrix of

u, is given by Rgq = ngk.

T . . .
Let p, = [ﬁgi,ﬁgg,ﬁgg] denote the three-dimensional measured train-

ing locations (vector of length 3k) Accordingly, we can define the complete

observation equation for the three-dimensional measured training locations as

follows:

ﬁq = H37qfq + us g, (A15)

where Hs , = Is ® Hy, and ug ; ~ N(0,;, Rs ;) with Rg, = I3 @ Ry = 0?1,

A.4.3 Combined State-Space Representation
To summarize, the proposed state-space model, for the problem of single-sensor

source localization of a moving source, is fully specified by the following set of

linear equations:

f, = B3(Cq,q—1)fq—1 + 53(Cq,q—1) (A.16a)

ﬁq = Hqufq + U37q (A].Gb)
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A.5 Tracking Scheme

Since both the propagation and the measurement equations are linear, a stan-
dard Kalman filter is sufficient (i.e., unscented or extended Kalman filters are
unnecessary) for recursively solving . By substituting values following
(A.16), Kalman equations can be expressed by two phases:

1. The predict phase:
f.<1|q—1 = B3,qfq—1|q—17 (A.l?)

where B3, = B3(Cy4—1) and Q;, = Q;5(Cqq-1)

PQ|q—1 = B3,qPq—1|q—lB§,q + Qg),p (A18)

2. The update phase:

f‘qlq = Aq\qfl + Kq(ﬁq - H3,qf‘q|q71)y (A.19)

PQ‘Q = (I - K(IH3,q)Pq|q—la (AQO)

where Pg,_; is the predicted error covariance, P, is the updated error co-

variance, and K, is Kalman gain which is given by:

K, =Py, 1H] (H; Py, 1H +Rs,) " (A.21)

A.6 Learning Hyperparameters

Let 6 = {e,02} denote the set of the hyperparameters of the tracking model.
The value of 6 can be derived from the data by optimization of the likelihood
function of the labeled dataset. For clarity in the following section, we denote
the vector of the a-coordinate of all training locations as py, i.e. P, = Pr-
Following (A.13), we emphasize that the random vector p;, has a multivariate
Gaussian distribution. Similarly to the derivation of , we can describe
the joint Gaussian distribution of the training dataset and the estimated a-

coordinate of the location of the moving source at time frame q (i.e., f,(€(q))):

PL = YiL+02L, X,
C~N|{0,,41, . _ , A.22
l fu (&) ] | < i Sl S ) (4.22)

where 37 is a m x m covariance matrix defined over the mapping function
values at the labeled dataset C, X1, is a m x 1 covariance vector between the

mapping function values at C and f,(é(q)), and X, is the variance (a scalar) of
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fa(€(q))- all are calculated according to (A.4). Accordingly, the log-likelihood
function of the training observations is given by:

L =InPr(p,|C;0) =
l_r 21 \-1= LS 2 m

= _ipL(ZLL +o:1n)" P — §ln |ZLL + auIm| — —1In(27). (A.23)
According to [41], the first term assesses the correspondence of the parame-
ters to the given training dataset, while the second term demonstrates model’s
complexity (by the determinant of the covariance matrix). The optimization
procedure is based on the computation of the gradients of the log-likelihood
function with respect to each parameter. The partial derivative with respect to

€ is given by:

oL 1 0% 1_gpon. %L _
ooy r —plT, =i =
Oe 2 mce{ L™ 5e } + 2pL L™ 5e LLPL

0¥

= %trace { [(I‘LLﬁL) (I‘LLﬁL)T — 1_‘LL] } , (A.24)

where ', = (X1 +021,,)"!. Similarly, the partial derivative with respect to
2

o, can be expressed by:
oL 1 _ _
902 itmce {(FLLPL) (TLopr)’ — FLL} - (A.25)

Note that since the optimization is executed according to the log-likelihood of
the labeled data set, the optimized values of the hyperparameters cannot assure
optimality with respect to the observations of the moving source. Thus, this
optimization procedure can provide an initialized value to the hyperparameters,
such that by exploiting complementary methods (for instance cross-validation

based methods) their values may later be fine-tuned.

A.7 Summary

The single-sensor tracking algorithm is summarized in Algorithm
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Algorithm A.1 Single-Sensor Tracking Algorithm

Input:

m

e A training set consisting of m observations C = {¢i},_, C RP . generated

from sources located at m known fixed and unique locations {p;};~, C R%,
which form a grid with a predefined resolution.

Note: All computations required in the training stage, are performed
ahead (i.e., offline). The calculation of the feature vectors of the training
set is according to the previous scheme.

e A time frame of new test measurements, generated from a moving source.

Output:

e Estimated location of the moving source at time frame q.

Step 1:

Learning the optimal hyperpameters’ values given the training set, by applying
a gradient-descent based optimizer on the marginal likelihood Pr(p;|C; 0).
Step 2:

For each (overlapping) time frame:

1.

2.

Estimate ¢(q) according to (A.2).

Search for the k nearest neighbors of ¢(g) among all training observations,

and accordingly form the set C, = {Em}f:r
Form the sets C, = ¢(q) UC, and Cyq—1 = Cg UCy_1.

Compute all the covariance terms between the sets C, and C,—1 (A.7),
according to (A.5) and (A.4).

Compute matrices B3(Cqq-1) and Q3(Cq,9—1)), using (A.9), (A.10) and

Kronecker product.

Compute matrices Hs 4 and Rj 4, according to Section

Estimate p, by (A.16b).

Apply a standard Kalman Filter recursion:

(a) Predict phase according to (A.17)) and (A.18).
(b) Kalman gain calculation according to (A.21)).

(c) Update phase according to (A.19) and (A.20).
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