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Abstract

ocation information plays an important role in many emerging technologies such
L as robotics, autonomous vehicles, and augmented reality. Already now the majority
of smartphone owners use their devices’ localization capabilities for a broad range
of location-based services. Currently, location information in smartphones is mostly
obtained in a device-centric approach, where the device to be localized, here referred to as
the target node (TN), estimates its own location using, for example, the global positioning
system (GPS). However, TNs with wireless communication capabilities can be localized
based on their transmitted signals by a third party. In particular, localization can be
implemented as a functionality of a wireless network. Depending on the application area
and implementation, this network-centric approach has several advantages compared to
device-centric localization, such as reducing the energy consumption within the TNs,
enabling localization of non-cooperative TNs, and making location information available
in the network itself. Current generation wireless networks are already capable of
coarse localization. However, these existing localization capabilities do not su [ce¥or
the challenging demands of future applications. The majority of approaches moreover
does not exploit the fact that an increasing number of base stations (BSs) and user
devices are equipped with directional antennas. However, directional antennas enable
direction of arrival (DoA) estimation that can, in turn, serve as the basis for advanced
localization and location tracking. In this thesis, we thus study the application of
directional antennas for localization and location tracking in future generation wireless
networks. The contributions of this thesis can be grouped into two topics.

First, this thesis provides a detailed study of DoA/received signal strength (RSS)
estimation and localization with a group of directional antennas herein denoted as
sectorized antennas. This group of antennas is of particular interest as it encompasses a
broad range of directional antennas that can be implemented with a single RF front-



ABSTRACT

end. Thus, the hardware complexity of sectorized antennas is low in comparison to the
conventionally used antenna arrays that require multiple transceiver branches. However,
at the same time this means that DoA estimation with sectorized antennas has to be
implemented in a fundamentally di[erent way. In order to address these di[erkences,
the study of sectorized antennas in this thesis includes the derivation of Cramer-Rao
bounds (CRBs) for DoA/RSS estimation and localization, the proposal of three di [erent
DoA/RSS estimators, as well as numerical and analytical performance evaluations of
DoA/RSS estimation and localization using sectorized antennas.

Second, this thesis deals with localization based on the fusion of DoA and RSS
estimates as well as DoA and time of arrival (ToA) estimates. It is shown that the
combination of these estimates can result in a much increased localization performance
compared to a localization based on one of these estimates alone. For the localization
based on DoA/RSS estimates, a mechanism explaining this improvement is revealed by
means of a CRB analysis. Thereafter, DoA/RSS-based fusion is further studied using
an extended Kalman filter (EKF) as an example location tracking algorithm. Finally,
an EKF is proposed that tracks the location of a TN by fusing DoA and ToA estimates.
Apart from a significantly improved tracking performance, this joint DoA/ToA-EKF
moreover provides estimates for the TN device clock o[Set and is able to localize the
TN in situations where a classical DoA-only EKF fails to provide a location estimate
altogether.

Overall, this thesis thus provides insights into benefits of localization and location
tracking using directional antennas, accompanied by specific DoA/RSS estimation,
localization and location tracking solutions, as well as design guidelines for implementing
localization systems in future generation wireless networks.
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CHAPTER 1

Introduction

1.1 Background and Research Motivation

ith the rise of smartphones and other handheld devices equipped with global
W positioning system (GPS) receivers, the number of location-based services has
increased significantly over the previous years. It was recently estimated that nowadays
three quarters of smartphone owners actively use the location capabilities of their phones
for navigation, in order to obtain location-based recommendations or to mark their
location in social networks [122]. Apart from these basic services, location information
also plays an important role in many emerging technologies such as robotics [100],
autonomous vehicles [11], and augmented reality [78], among others. In fact, the indoor
location market alone is expected to be worth over $4 billion by the year 2019 [4].

A lot of recent research also suggests that enhanced location awareness in future
generation wireless networks will enable several advanced functionalities in the networks
internally. In cognitive radio (CR) networks, knowledge about the primary user (PU)
locations will make it possible to implement functionalities such as intelligent location
aware power control and routing [108], spatio-temporal sensing, as well as spectrum
policy enforcement [22]. In fifth generation (5G) mobile networks accurate estimation,
tracking and prediction of user node (UN) locations is expected to facilitate advanced
interference mitigation, an improved utilization of the available radio resources, and
proactive radio resource management, among others [31,43]. If accurate UN location
information is obtained within the networks, it can be provided to third parties, such as
intelligent transportation services, thereby opening new business opportunities for the
network operators [31,43].

While the available localization technologies are constantly improving, we also expe-
rience increasingly demanding applications and requirements. For E911 emergency calls,
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for example, the federal communications commission specified in 1999 that network-
based localization should be capable of delivering an accuracy of less than 100 m for
67 % of the time, and less than 300 m for 95% of the time [1]. Now in 2015, we face
proposals that the upcoming 5G networks should be able to localize the UNs with an
accuracy in the sub-meter range [6, 71]. Clearly, this accuracy cannot be achieved with
existing technologies.

Network-aided UN localization schemes, such as localization with enhanced observed
time di[erence (E-OTD) [85,97], uplink-time di [erknce of arrival [44,85], and observed
time dilerknce of arrival (OTDoA) [5, 65, 85, 97], achieve accuracies of a few tens of
meters. Higher accuracies can be achieved with global navigation satellite system (GNSS)
solutions (= 5m [28]) or WiFi fingerprinting (3 — 4m [61]). However, fingerprinting
requires the creation and maintenance of large databases [47], whereas GNSS solutions
require a clear view to the sky and are thus not universally applicable [28,42]. In addition,
GNSS receivers have a very high energy consumption, meaning that GNSS cannot serve
as the basis for continuous location tracking on handheld devices. The GPS receivers on
modern smartphones, as an example, consume 100 mW — 150 mW [25]. Finally, neither
GNSS solutions nor fingerprinting alone will meet the targeted accuracy requirements
for 5G. On the other hand, PU localization in CR networks does not have the same
stringent accuracy requirements. However, in contrast to UNs in a 5G network, PUs do
not cooperate with the secondary users (SUs) [19]. This poses enormous constraints on
the PU localization process, which have to be taken into account in the development of
corresponding localization and location tracking solutions.

UN localization schemes specified in 2G, 3G and 4G cellular communication standards
are mainly based on received signal strength (RSS) or propagation time measurements [27,
120]. However, in modern wireless communication networks, an increasing number of
access nodes (ANs) and even UNs are equipped with multiple antennas [15,68]. In
fact, the massive multiple-input multiple-output (MIMO) approach, where the number
of antennas at the ANSs is significantly larger than the number of served users, is
often considered a key technology for the upcoming 5G networks [15,104]. Primarily
intended to increase the networks capacity [114], this widespread availability of multi-
antenna devices further enables a localization using direction of arrival (DoA) estimates
obtained at individual multi-antenna devices. Apart from equipping devices with multiple
antennas, the network capacity can also be improved by using other directional antennas
such as reconfigurable antennas [16,52,80]. Compared to multi-antenna systems, some
other directional antennas require a smaller number of RF chains and can even be
implemented using a single RF front-end only. As such, they may be the preferable
antenna choice for applications where AN or UN devices are subject to stringent cost or
size limitations [40,95]. Now, independent of the type of directional antenna available
at the network devices, directionality can always be exploited for localization. This,
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of course, results in enormous opportunities for the development of localization and
location tracking solutions in future generation wireless networks.

1.2 Thesis Scope and Objectives

The main objective of this thesis is to propose and investigate di [erent solutions for
DoA/RSS estimation, localization and location tracking with directional antennas in
future generation wireless networks. This thesis focuses on two main research topics.
The first focus lays on the study of sectorized antennas, which is a class of antennas
encompassing directional antennas with a low hardware complexity, such as reconfigurable
antennas. More specifically, the objective is to develop and analyze algorithms and
ultimate performance bounds for low complexity DoA estimation and localization with
sectorized antennas. The second focus is on the fusion of heterogeneous measurements
for localization and location tracking. In this context, the aim is to analyze dilerent
fusion mechanisms and to develop suitable location tracking algorithms specifically
targeted for future generation wireless networks.

1.3 Outline and Main Results of the Thesis

The main outcomes of this thesis are
= definition and motivation of the sectorized antenna model [P1], [P2], [P4], [P5]

= derivation of performance bounds for DoA/RSS estimation as well as localization
with sectorized antennas, including an asymptotic analysis [P1]

<« proposal of three diLerent low-complexity DoA estimators and two di Cerent low-
complexity RSS estimators for sectorized antennas [P4], [P5], [P2]

= extensive numerical as well as analytical performance evaluation of the proposed
estimators along with a brief complexity analysis [P1], [P2], [P4], [P5]

= numerical study and measurement example for localization with sectorized antennas
[P1], [P2], [P4]

= study of hybrid DoA/RSS-based localization through derivation of a performance
bound [P6] and development of an example location tracking algorithm [P3]

<« proposal and analysis of an algorithm for joint location and clock o [sekt tracking
using DoA and time of arrival (ToA) estimates, specifically developed for an
application in 5G ultra-dense networks [P7]
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The thesis is organized as follows. In Chapter 2 the most important topics of estimation
theory are briefly discussed. Chapter 3 consists of a short overview of important
concepts for localization and tracking in wireless networks. The actual contributions of
this thesis are then presented in Chapters 4 and 5. More specifically, Chapter 4 covers
the contributions to DoA/RSS estimation and localization with sectorized antennas,
whereas Chapter 5 presents the contributions related to localization and location tracking
through fusion of DoA estimates with RSS or ToA estimates. Finally, a summary and
the conclusions of the thesis can be found in Chapter 6.

1.4 Author’s Contributions to the Publications

The research leading to this thesis was started in the context of the Tekes-funded project
“Reconfigurable Antenna-based Enhancement of Dynamic Spectrum Access Algorithms.”
This project inspired the author’s interest in the topic area of this thesis. Another
Tekes-funded project entitled “5G Networks and Device Positioning” later served as
additional inspiration. The ideas for the publications [P1]-[P7] all stem from the author.
Similarly, the vast majority of the implementation, analysis, and writing leading to
publications [P1]-[P7] were also done by the author. However, the measurements in
[P2] were obtained during a research visit of Aki Hakkarainen at Drexel University and
without direct involvement of the author in the measurement process. In addition, the
channel model implementation used in [P7] was provided by D.Sc. Mario Costa from
the Huawei research center in Finland. General guidance and valuable suggestions for
the research topics and the publications came from Prof. Mikko Valkama, who also
initiated the Tekes-funded projects. The research area of the latter project was also
partly suggested by D.Sc. Kari Leppanen from the Huawei Research Center in Finland.
Additional guidance and valuable suggestions came from Prof. Danijela Cabric ([P1],[P2],
[P4], [P5]) from the University of California Los Angeles (UCLA). Moreover, the research
was discussed in detail with Dr. Jun Wang ([P1],[P2], [P4], [P5]), D.Sc. Mario Costa
([P7]), and Aki Hakkarainen ([P1]-[P7]). All these persons also contributed to the final
appearance of the respective publications.

1.5 Mathematical Notation

Throughout this thesis, vectors and matrices are written as boldface letters. The N <N
identity matrix is written as Iy, whereas 1y <N and Oy <N denote the M < N matrices
where all elements are equal to ones and zeros, respectively. Similarly, 1y, and Oy, denote
the M x 1 column vectors where all elements are equal to ones and zeros, respectively.
When the dimensions are clear from the context, we sometimes write those matrices and
vectors simply as I, 1 and 0. MT, MY, and M~ represent the transpose, conjugate
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transpose and inverse of the matrix M, respectively. M = diag(x) is a diagonal matrix
composed of the elements of vector x on its diagonal and A~ B is the Hadamard product
of the matrices A and B with equal dimensions. Moreover, [M| and tr(M) denote the
determinant and trace of matrix M, respectively.

For two real scalars x and y [Rl, mody(x), min(x,y), and max(x,y) denote the
remainder of the division x/y, the minimum, and the maximum of x and y, respectively.
The error function for a real scalar x is defined as

erf(x) = a% e tdt, (1.1

0
whereas the imaginary error function is defined as [3]

erfi(x) = —ierf(ix) = iﬁ et dt. (1.2)

0

For a complex number z [CJ, z™denotes its complex conjugate and |z| its absolute value.
The absolute dilerkence of two integer circular values i,j [{1,2,...,M} is denoted as

li —Jlm = min[modpm (i — j), modm (J — i)] (1.3)
and the function
M($" = modon (¢4 1) — 1t 1.4

wraps the real value ¢"from R to [—m; ). Expressions involving angular quantities,
such as DoAs, are generally stated assuming that the angular quantities are given in
radiants, while numerical examples of angular quantities are mostly given in degrees for
ease of interpretation. The partial derivative of a function f : R -~ R w.r.t the scalar x
is written in short as

_of(

(= 5 (L5)

Derivatives of vector functions are always element-wise.
For a random vector X RN with probability density function (PDF) p(x), the

expected value is defined as

E[X] = X p(x) dx, (1.6)

—oo
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whereas the corresponding variance is defined individually for each of the elements X;,
i=1...N of Xas

(| ,0
var[Xi] = E (X; — E[Xi])* . 1.7
Correspondingly, the covariance matrix of two vectors X;, X, CRN is defined as
| O
cov[Xy, Xo] = E (X1 — E[X1])(X2 —E[X2])" . (1.8)

X [CNI(y, Q,) denotes a Gaussian distributed real-valued random vector with mean
vector W, and covariance matrix Q, = cov[X, X], and Z TN (0, Q,) denotes a circular
symmetric complex Gaussian distributed random vector with covariance Q, = E[zz".

A real random variable uniformly distributed on the interval [a;b) is denoted by X [1
U(a;b).



CHAPTER 2

Estimation Theory
Essentials

n estimation theory, the aim is to infer a parameter 6 or parameter vector 6 from
I some measurement data x. Towards that end, it is necessary to first find a good
mathematical model for the data. In classical estimation theory, the parameters are
assumed to be deterministic but unknown. Thus, the data can be described using the
family of PDFs p(x;8). In Bayesian estimation theory, in contrast, the unknown param-
eter to be estimated is assumed to be a realization of a random variable. Consequently,
the data is described by the joint PDF p(X, 8) = p(x|8)p(8) composed of the prior PDF
p(B) and the conditional PDF p(x|0). In this chapter, we will shortly discuss the aspects
of estimation theory that are most important for this thesis. In Chapter 2.1 aspects
of classical estimation theory will be discussed, whereas Chapter 2.2 is dedicated to
Bayesian estimation theory. In this thesis, we will be mostly dealing with real mea-
surements and parameters. For simplicity, the following discussion therefore assumes
x [RN and 8 [RK.

2.1 Classical Estimation Theory

2.1.1 Performance Metrics and Unbiased Estimators

For a given estimation problem, it is possible to find a large variety of estimators. In
order to enable a comparison of various estimators it is thus necessary to define some
performance metrics. The two most widely used performance metrics are the bias and
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mean-squared error (MSE). The bias of an estimator 8 is defined as
bias[B] = E[6] — 6 (2.1)

and is thus a measure of how much an estimator deviates on average from the true value
of the parameter. An estimator is called unbiased if

E[6] =0 (2.2)

or equally bias[6] = 0 for all possible parameter vectors 8. Unbiasedness is thus a very
desirable property as it tells us that an estimator will yield the correct value on average.
The second metric, i.e., the MSE is defined element-wise as

- L1 L
MSE[6i] = E (8; — 6;)? (2.3)
which can easily be shown to be equal to
~ ~ |:I ~
MSE[8;] = var[8;] + bias[8;] . (2.9)

Hence, for unbiased estimators the MSE is indeed identical with the variance.

2.1.2 Cramer-Rao Bound

Besides comparing estimators against each other, it is of particular interest to evaluate
an estimator in comparison to the ultimately achievable performance. The performance
of unbiased estimators is therefore often compared to the Cramer-Rao bound (CRB).
Given that the PDF p(x;0) fulfills weak regularity conditions [56, p. 44], the CRB
theorem states that the covariance Cg of any unbiased estimator 8 is lower bounded by

C;—F'®=0 (2.5)

where = 0 denotes that Cg — F~1(0) is positive semidefinite. In (2.5) F~1(8) is known
as the CRB, which is obtained as the inverse of the Fisher information matrix (FIM)

F(B) with elements equal to
—
L_5E Inp(x; 0)

[F(e)]ij =—-E aeiej

(2.6)

It follows from (2.5) that the variance of individual elements of 8 are lower-bounded
by [56]

var[8i] = [F(8) ;. (2.7)
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In general, it is not guaranteed that an estimator exists that achieves equality in (2.5).
However, if such an estimator exists it is said to be e Ccieht. The estimator resulting in
the lowest variance for all elements and all possible values of the parameter vector 6
is called the minimum variance unbiased estimator (MVUE) [56, p. 116]. Conversely,
if an e Lcieht estimator exists it is the MVUE. However, not even the existence of the
MVUE is guaranteed as there might not exist a single unbiased estimator that achieves
the lowest variance for all values of the parameter vector.

A list of important properties for the CRB can be found in [119]. Note that for a
given bias, the CRB can be modified to lower bound all estimators with that specific
bias as shown in [102, p. 147]. In that case, the CRB is a lower bound on the MSE.

2.1.3 Maximum Likelihood Estimator

Even if the MVUE exists, it is in general not easy to find [56, p. 83]. In practice,
estimators are therefore often determined using the maximum likelihood (ML) approach
(see, e.g., [37,62,92,93,99]). The ML estimator is defined as the estimator maximizing

B = arg max p(x; 0), (2.8)
e
which can be found from
dlnp(x;0) _
%8 - 0. (2.9)

Using the ML approach, we are thus able to obtain an estimator according to a well-
defined principle. More importantly, the ML estimator is asymptotically for large data
records unbiased and e [cieht, i.e.,

. o, O
Jim By CN1'6, F(6) (2.10)

where F(0) is the FIM and N is the length of the data x. Moreover, it can be shown
that the ML estimator is always the e [Ccieht estimator if such an estimator exists at
all [56, p. 187].

2.1.4 Least Squares Estimator

Another class of estimators frequently used in practice are the least squares (LS)
estimators [89, 111, 113]. In contrast to ML estimators, the LS approach makes no
assumptions about the statistics of the data, but only about the signal model. More
specifically, it is assumed that the data is related to the parameters via a known function
s(6). However, the exact dependency of x on 6 including, e.g., measurement noise is
not assumed to be known. This, of course, makes the LS approach very practical in
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situations where the noise statistics are not exactly known or where the signal model is
only an approximation. At the same time, however, it also means that the LS approach
is generally not optimal. The LS estimator is obtained by minimizing the norm

BLs = argminJ.s (2.11)
)

given by
Jis = (x —s(8))" (x — s(8)). (2.12)

In case of a linear LS problem, we have s(8) = H8, which can be solved in closed-form
as [56, p. 225]

Bis=(H"H)H x. (2.13)

Interestingly, if the measurement noise is iid zero-mean additive white Gaussian noise
(AWGN), i.e., x —s(08) [CNI(0, 6?1) then the LS estimator is equal to the ML estimator
[56, p. 254].

2.2 Bayesian Estimation Theory

2.2.1 Minimum Mean Square Error Estimator

The calculation of the Bayesian MSE di [erk from the calculation of the classical MSE. In
the Bayesian framework, the expected value in (2.3) is evaluated w.r.t. p(X, 8;), yielding
the Bayesian MSE given by [56, p. 346]

11
MSE[6;] = (6; — 0i)2 p(x, 6;) dx d6; (2.14)

whereas in classical estimation theory the MSE is calculated as
1
MSE[Bi] =  (8i — 6;)? p(x; 6;) dx. (2.15)

Now, (2.14) can be shown to be minimized by the minimum mean-square error (MMSE)
estimator defined as

Bmmse = E[6]X] (2.16)
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which is element-wise calculated as
1
Ommse,i = 6i p(Bi]x)d8; (2.17)

where p(8;|x) is obtained by averaging over all 85, j § i according to

o S s o R
pEiIx) = ... ... p(BIx)dB; ... dB_10dB;+ . ..dO,. (2.18)

The integration involved in MMSE estimation is often di Ccult in practice. For the
special case of jointly Gaussian 8 and X, (2.16) can be solved in closed-form as [56, p. 325]

Bmmse,c = E[B] + CoxCir (x — E[X]) (2.19)

with Cgx = cov[8, X] and Cxx = cov[Xx, X]. In many cases, however, the integrals in (2.16)
cannot be solved in closed form and a numerical solution may be too computationally
complex. One solution is then to resort to the linear minimum mean-square error
(LMMSE) estimator, which is defined as the linear estimator

~ NFT—
OLmmsE,i = ainX[N] + ain (2.20)
n=0

minimizing the Bayesian MSE. This estimator is generally not optimal in the MMSE
sense, but it can be solved in closed-form and is identical to (2.19) [56, p. 382]. Conversely,

this means that jointly Gaussian 6 and X is a special case where the LMMSE estimator
is in fact optimal in the MMSE sense.

2.2.2 Kalman Filter

So far we have reviewed di[erent approaches for dealing with the estimation of fixed
parameters. In tracking, however, parameters are assumed to evolve in time. To clearly
distinguish between fixed parameters and those that evolve in time, the latter ones are
often referred to as a state. The task in tracking is then to infer the state s[n] from
the measurements y[n] taken at time-step n. Obviously, we could implement tracking
by estimating states at every time-step individually, using some of the earlier discussed
methods. However, if an estimate §[n — 1] is available at time-step n, this estimate can
often be used as prior information for the estimation of §[n]. When tracking the location
of a pedestrian, as an example, the change in location is clearly determined by the
pedestrian’s velocity. Thus, if we have obtained an estimate for the pedestrian’s location
and velocity at time-step n — 1, we can already estimate the pedestrian’s location at
time-step n without taking any measurements. In order to exploit such knowledge, we
obviously need a good model for the evolution of the state. In Kalman filtering this
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model is often referred to as the state transition and is given by
s[n] = Fs[n — 1] + w[n] (2.21)

The state transition (2.21) consists of the the state transition matrix F and the zero-
mean driving noise w[n] with covariance matrix E[w[n]w' [m]] = 3m—nR[N] where 3;_;
is the Kronecker delta function. Note that (2.21) is a linear state transition as required
in conventional Kalman filtering. Extensions for nonlinear models exist [91, p. 407].
However, in this thesis all state transitions will be of the above form.

In order to infer the state from the measurements, we have to find a model for the
measurement equation

y[n] = h(s[n]) + u[n] (2.22)

where u[n] is the zero-mean measurement noise with a covariance equal to E[u[n]u’ [m]] =
0m—nQ[n]. Note that we do not state the measurement equation in its most general
form (see [91, p. 407]). However, in contrast to the linear state transition we now
enable nonlinear relationships between the state and the measurements via the vector
function h. We allow this nonlinear relationship since all the measurements considered
in this thesis depend nonlinearly on the location that we track.

In cases where both the state transition as well as the measurement equations are
linear, i.e., y[n] = H[n]s[n] + u[n] it is possible to obtain state estimates using the
iterative Kalman filter. The Kalman filter is optimal in the MMSE sense if w[n] and
u[n] are jointly Gaussian. And if the Gaussian assumption does not hold, the Kalman
filter is still the optimal LMMSE estimator. However, as noted above the measurement
equations are often nonlinear. Thus, in practice we often use the so-called extended
Kalman filter (EKF) instead of the conventional Kalman filter. The main idea of the
EKF is to linearize the nonlinear parts of the models using the current state estimate.
As such, we generally cannot make any claims regarding optimality.

For each time-step n, the EKF consists of an a priori and an a posteriori estimation
stage. In the a priori stage, we estimate the state $[n] and covariance of the state
estimate P [n] at time-step n using all measurements up to but excluding y[n]. The
estimation is given by

§7[n]=F8"[n—1] (2.23)
P~ [n]=FP*[n—1]JF" + R[n]. (2.24)

In the a posteriori estimation stage, we estimate the state §*[n] and covariance of the
state estimate at time-step n using all measurements up to and including y[n]. The
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calculation in the a posteriori estimation stage is according to

K[n] = P"[n]H[n]" (E}[n]P_[n]HT [n]El+ QD (2.25)
§"[n] =§7[n] + Kn] y[n] — h(5"[n]) (2.26)
P*[n] = (1 — K[nJH[n)P~[n] (2.27)

with the Jacobian matrix H[n] = ‘;2[[2]] evaluated at S [n]. Interestingly, the EKF

provides the possibility of state prediction. By executing the a priori estimation stage
N times without the a posteriori stage, we are able to obtain a prediction 5°[n + N]
using only measurements up to time-step n.

Note that the EKF is not the only approach for nonlinear filtering. An overview
of other p