ZUTS

UNIVERSITY

OF TECHNOLOGY

SYDNEY

Multi-dimensional Channel
Parameter Estimation for mmWave
Cylindrical Arrays

by Zhipeng Lin

Thesis submitted in fulfilment of the requirements for
the degree of

Doctor of Philosophy

under the supervision of Prof. Ren Ping Liu, Prof. J. Andrew
Zhang, and Prof. Tiejun Lv

University of Technology Sydney
Faculty of Engineering and Information Technology

March, 2021



Certificate of Original Authorship

I, Zhipeng Lin, declare that this thesis is submitted in fulfilment of the requirements for
the award of PhD degree, in the Faculty of Engineering and Information Technology at

the University of Technology Sydney.

This thesis is wholly my own work unless otherwise referenced or acknowledged. In
addition, I certify that all information sources and literature used are indicated in the

thesis.

I certify that the work in this thesis has not previously been submitted for a degree nor
has it been submitted as part of the requirements for a degree at any other academic
institution except as fully acknowledged within the text. This thesis is the result of a
Collaborative Doctoral Research Degree program with Beijing University of Posts and

Telecommunications.

This research is supported by the Australian Government Research Training Program.

Production Note:

Signature removed
. . . prior to publication.
Signature: Zhipeng Lin

Date: 12/03/2021




ABSTRACT

Millimeter-wave (mmWave) large-scale antenna arrays, standardized for the fifth-
generation (5G) communication networks, have the potential to estimate channel
parameters with unprecedented accuracy, due to their high temporal resolution and
excellent directivity. However, most existing techniques have very high complexi-
ties in hardware and software, and they cannot effectively exploit the properties of
mmWave large-array systems for channel estimation. As a result, their application

in 5G mmWave large array systems is limited in practice.

This thesis develops new and efficient solutions to channel parameter estimation
using large-scale mmWave uniform cylindrical arrays (UCyAs). The key contribu-

tions of this thesis are on the following four aspects:

We first present a channel compression-based channel estimation method, which
reduces the computational complexity substantially at a negligible cost of estimation
accuracy. By capitalizing on the sparsity of mmWave channel, the method effectively
filters out the useless signal components. As a result, the dimension of the element

space of the received signals can be reduced.

Next, we extend the channel estimation to the hybrid UCyA case, and design
new hybrid beamformers. By exploiting the convergence property of the Bessel
function, the designed beamformers can preserve the recurrence relationship of the

received signals with a small number of radio frequency (RF) chains.

We then arrange the received signals in a tensor form and propose a new tensor-
based channel estimation algorithm. By suppressing the receiver noises in all dimen-
sions (time, frequency, and space), the algorithm can achieve substantially higher

estimation accuracy than existing matrix-based techniques.

Finally, to reduce cost and power consumption while maintaining a high net-
work access capability, we develop a novel nested hybrid UCyA and present the

corresponding parameter estimation algorithm based on the second-order channel



statistics. Simulation results show that by exploiting the sparse array technique to
design the RF chain connection network, the angles of a large number of devices can

be accurately estimated with much fewer RF chains than antennas.

Overall, this thesis presents several applicable UCyA design schemes and propos-
es the efficient channel parameter estimation algorithms. The presented new UCyAs
can significantly reduce the hardware cost of the system with a marginal accuracy
loss, and the proposed algorithms are capable of accurately estimating the chan-
nel parameters with low computational complexities. By employing the presented
UCyAs and implementing the proposed novel algorithms cohesively, the different
communication and deployment requirements of a variety of mmWave communica-

tion scenarios can be met.

KEYWORDS: Channel parameter estimation, millimeter-wave communications,

large-scale antenna array, tensor processing, hybrid beamforming.
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Nomenclature and Notation

a, a, A, and A stand for a scalar, a column vector, a matrix, and a set, respectively.
Iy denotes a K x K identity matrix.

0u/xx denotes an M x K zero matrix.

|A|lp denotes the Frobenius norm of A.

invec(-) denotes the inverse algorithm of vectorization.
det(A) is the determinant of A.

Tr(A) denotes the trace of A.

vec(A) is the vectorization of A.

A* denotes the conjugate of A.

AT denotes the transpose of A.

A denotes the conjugate transpose of A.

A~! denotes the inverse of A.

AT denotes the Moore-Penrose pseudo inverse of A.
A ® B denotes the Kronecker products of A and B.
A ¢ B is the Khatri-Rao product of A and B.

E{-} denotes the expectation of a random variable.

® is the Hadamard product operator.



xxil
[-] and mod(+) represent the ceiling function and the modulo operator, respectively.
O(+) denotes the computational complexity.

A € ChxlzxxIn denotes an order-N tensor, whose elements (entries) are a;, 4, .. iy,

i, =1,2,...,1,, and the index of A in the n-th mode ranges from 1 to I,,.

A.... .=k . denotes a subtensor of A, where the index of the mode-n is set to k

(0<k<I).
[A U, B] denotes the tensor concatenation of A and B in mode-n.

Ay € Clnx(hlz-In/In) denotes the mode-n unfolding (also known as matricization)

of A e (CIl><12><---><IN.
Rank, (A) is the rank of the mode-n unfolding of tensor A, i.e., n-rank of A.

C = A x, B € Clv>n-1txdaxlnpixxIN jg the n-mode product of a tensor A €
ChixlzxXIN gnd a matrix B € C/»*»_ It can be written in the form of the mode-n

matricized tensor: C,) = BA,).

C = Ao B g ChxlxxInxixJ2xxJu g the outer product of two tensors A €
ChxlxxIn and B € C/1*/2x*M wwhose elements are ¢;, 4, ...

b

N2y i — Qg in
1,J25 M *

Some important properties of tensor operations used in this paper are presented in

Appendix A.



Chapter 1

Introduction

1.1 Research Background

Rapid development of wireless transmission and mobile networking techniques
has resulted in tremendous demands for data traffic and network capacity [6,7]. The
millimeter-wave (mmWave) communication, which is promising for achieving high
data rate and low latency communication thanks to its enormous unlicensed band-
width, has drawn great attention in both research community and industry [8,9].
However, mmWave brings new challenges of increased outage probability due to
high pathloss attenuation. As a key technique in fifth-generation (5G) wireless com-
munication systems, large antenna array can improve the spectrum efficiency of the
systems, and also effectively compensate for the increased propagation losses of the
mmWave communications [10-13]. The use of mmWave, which has short wave-
lengths, in turn, also makes the placement of a relatively large number of antennas

on a small area possible [14, 15].

As an essential component in mmWave large antenna systems, precise channel
parameter estimation is indispensable for mobile device localization, beamforming
design, and optimization of power division and/or allocation [16-18]. The large
bandwidth of mmWave systems allows for high-accuracy delay estimation thanks
to its high temporal resolution [19,20]. The high-directivity large array technique
is also an enabler for accurate angle estimation [21,22]. Combining with the large
array technique, wideband mmWave large array systems are promising for precisely

estimating channel parameters [23-25]. However, most current researches only fo-



cus on linear and rectangular arrays. Compared to antenna arrays with linear or
rectangular layouts, circular and cylindrical antenna arrays have many advantages
and are particularly suitable for mmWave communication systems [26-28]. One
prominent advantage is that circular and cylindrical arrays are more robust to the
changes in surrounding environments, in which the changes would lead to so-called
vibration effects [26] on the performance of the mmWave communication systems.
Specifically, due to the very high frequency of the mmWave, blockage occurs fre-
quently due to rough terrains, passing-by vehicles, mobile users, and so on. As a
consequence, the performance of mmWave systems is sensitive to the surrounding
environments. The axial symmetry of the circular arrays enables that their main
lobes have negligible gain fluctuation in any azimuth angle. Such architecture makes
them immune to the angle variations caused by the vibrations. Moreover, the cir-
cular arrays have wider beam widths than other popular layout arrays. With a
wider main lobe (i.e., antenna beam), less gain loss is suffered under the equal beam
misalignment condition. Therefore, for mmWave systems with circular arrays, the
corresponding performance losses caused by beam misalignment are less than those

using other array architectures [26].

The high computational complexity holds back the application of large-scale an-
tenna arrays into practical mmWave systems, due to the use of a large number of
antennas [23-25]. Thanks to the sparsity of mmWave multi-antenna channels, the
channels are expected to be low-rank, which can be exploited to reduce the imple-
mentation complexity of estimation algorithms. However, most existing researches
only focus on mathematics-based ways to reduce the computational complexity of
algorithms rather than the properties of the propagation channels [29-31]. For exam-
ple, by decomposing the received signal components into signal and noise subspaces
for parameter estimation, subspace-based channel parameter estimation algorithms,

such as estimation of signal parameter via rotational invariance technique (ESPRIT)



and multiple signal classification (MUSIC) [29,30], have much a lower computational
complexity than the maximum likelihood (ML)-based estimation algorithms. Nev-
ertheless, in the context of mmWave large-scale array systems, the computational
complexity of subspace-based algorithms operating in the element space field remain-
s still very high, since the dimension of element space in large-scale array systems

is very large.

High hardware cost and power consumption are also major challengers [32], be-
cause it is unrealistic to provide a radio frequency (RF) chain for each antenna,
as fully digital beamforming techniques would require [33]. Hybrid beamforming
is an appropriate architecture in which a low-dimensional digital beamforming in
the baseband and a high-dimensional analog beamforming at the RF front-end are
used [34, 35], but conventional parameter estimation algorithms are inapplicable
in mmWave hybrid arrays. The state-of-the-art spatial spectrum estimation al-
gorithms, such as ML estimators [36] and subspace-based algorithms [29, 30, 37],
were designed to estimate continuous channel parameters using fully digital arrays,
where each baseband observation is directly sampled from the signal received at an
antenna. The effective operations of these algorithms are based on some important
structures existing in the received signals, such as the multiple-invariance structure.
With hybrid front-end, the received signals of multiple antennas are combined via an
RF phase-shifting network. As a result, the required important structures would be
obscured or even lost, and the algorithms cannot directly apply. On the other hand,
current channel estimation schemes for hybrid beamforming are typically designed
with given channel information [35]. They apply RF networks to directly combine
the received signals from multiple antennas, and would result in estimation accuracy

losses [18, 38].



1.2 Research Objective

The above-mentioned challenges serve as the main motivation for the general
train of thought of this thesis, which presents high-accuracy but low-complexity
(both in hardware and software) channel parameter estimation methods for large-
scale mmWave uniform cylindrical arrays (UCyAs). The methods complement the
advantages of the large antenna array technique and the mmWave communication-
s, and can be applicable to various mmWave communication scenarios, including
indoor, urban micro (UMi), rural macro (RMa), and Internet of Things (IoT) appli-
cation scenarios, as shown in Figs. 1.1 and 1.2. Apart from finding algebraic-based
signal processing solutions, we exploit the peculiar properties of mmWave large ar-
rays, such as sparse propagation, high angular resolvability and broad bandwidth, to
improve the estimation accuracy and reduce the computational complexity. We also
design effective beamforming architectures to address the problems in mmWave large
antenna array systems, including high hardware cost, severe pathloss of mmWave,

and beam squint (which is caused by wide bandwidths of mmWave signals [39]).

1.3 Thesis Organization

We present four research topics. The research scenarios studied in Chapters 3,
4, and 5 are illustrated in Fig. 1.1, where frequencies are allocated according to the
mmWave channel models constructed in [40-43]. Specifically, mmWave is used in
short-range high-density (such as the indoor scenario and UMi) and long-distance
low-density (such as RMa) wireless communication scenarios. Microwave (below
6 GHz) is applied to long-distance communications in complex environments e.g.,
UMa, where steady and reliable mmWave transmission usually cannot be guaran-
teed. This is because the mmWave propagation suffers from serious attenuation and
frequent blockage [9,41]. The typical scenarios in Fig. 1.1 are briefly described as

follows:
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Figure 1.1 : The research scenarios studied in Chapters 3, 4, and 5.



e Indoor scenario (Chapter 3): The indoor scenarios generally include offices
and shopping malls, whose dimensions range typically from 25 to 150 m. The
typical offices are work spaces enclosed by doors and walls, and the BSs are
mounted at a height of 2-3 m either on the ceilings or the walls. The shopping
malls are typically more than 2 stories high, in which the BSs are installed at

a height of approximately 3 m on the walls or ceilings.

e UMi scenario (Chapter 4): The typical UMi scenarios include street canyons
and open squares, and they are usually with high user density. The lengths
of the street canyons are often over 100 m. The main elements inside street
canyons are roadside buildings, pedestrians, vehicles, and vegetations on both
sides of the road. The open squares are propagation environments in the shape
of squares, rectangles, or circles and usually surrounded by buildings. The cell
radius for open squares are typically less than 100 m and they often contain

pedestrians, vehicles, vegetation, and so on.

e RMa scenario (Chapter 5): The RMa scenarios focus on large and continuous
coverage. The cell radii of RMa are typically above 200 m. Different from
the UMa scenario, the key characteristics of the RMa scenario are flat terrains

and continuous wide area coverage.

e Urban macro (UMa) scenario: The UMa refers to the a coverage scenario that
has larger coverage than UMi and higher user density than RMa. In UMa,
the LoS usually cannot be guaranteed and most part of the signal reaches

terminals via diffraction or scattering.

The research scenario studied in Chapter 6 is the mIoT network, as shown in
Fig. 1.2, which can connect hundreds to billions of IoT devices [44]. The goal of the
mloT network is to provide high connectivity and efficiently transmit large amounts

of data with vast numbers of devices. As a technique which can significantly increase



Table 1.1 : The research scenarios and employed front-ends in different chapters.

Chapters 3 4 5 6

Research Indoor UMi RMa mloT

Scenarios

Front-end Digital 3D Hybrid Hybrid Nested

Structures | Beamforming | Beamforming Directional Hybrid
Beamforming | Beamforming

network capacity, the mmWave large antenna array is particularly useful in mloT

networks [44].

This subsection provides a brief introduction for the following four chapters and
summarizes the major contributions of each individual chapters. A more detailed
introduction on each chapter is presented at the beginning of each chapter separately.

Table 1.1 shows the research scenarios and employed front-ends in different chapters.

1.3.1 Joint RSS-AoA Estimation and Localization for Digital UCyAs

Chapter 3 is devoted to the channel parameter estimation for the mmWave indoor
scenario, where full digital UCyAs are deployed. As a widely used architecture of
multi-antenna systems, digital beamforming can flexibly assign different powers and
phases to different antennas. It also enables the received signal of every antenna
to be available at the baseband, which prevents the resolution losses of the channel
parameter estimation under consideration in this thesis. Thus, such architecture is
appropriate for the applications which require flexible control of the antennas and

high-accuracy channel parameter estimation.

However, the deployment of a large number of antennas leads to a very high

computational complexity when estimating the channel parameters in large-scale
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Figure 1.2 : The research scenario studied in Chapter 6.

mmWave array systems. To address this problem, in Chapter 3, we propose a new
joint received signal strength (RSS)-angle of arrival (AoA) estimation method for
large-scale, digital, mmWave arrays. The method employs both mathematics-based
and mmWave property-based ways to reduce the computational complexity. We
first provide the motivation and discuss the state of the art in Section 3.1 and
introduce the system model in Section 3.2, including the channel model and the
basic system operation assumptions. In Section 3.3, we propose a novel channel
compression technique, which exploits the particular properties of the mmWave
large array channel, i.e., the quasi-optical and sparse multipath propagation [45,
46], to reduce the dimension of the received signals. The technique is capable of
reserving the principal components of the channel, i.e., the line-of-sight (LoS) and
single-bounce scattering paths, while abandoning the secondary components, such

as higher-order bounces and diffuse scattering paths.

A joint RSS-AoA estimation algorithm is described and analyzed in Section

3.4, where we transform the signals from the element space to a low-dimensional
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Figure 1.3 : The flow diagram of the channel parameter estimation and indoor

localization approach in Chapter 3.

beamspace. As a result, the computational complexity of the proposed method
can be further reduced. Based on the estimated distance and the orientation of
the target mobile station (MS), we propose a new three-dimensional (3-D) indoor
positioning method in Section 3.5 to locate the MS under LoS and non-LoS (NLoS)
propagation conditions. By exploiting the quasi-optical propagation at mmWave
frequencies with the knowledge on the environment, only a single base station (BS)
is required to implement spatial 3-D localization. Performance evaluation results are
provided in Section 3.6, which show that our proposed indoor positioning method
can achieve significantly reduced computational complexity while maintaining high

estimation accuracy.

The new steps developed in Chapter 3 are plotted in Fig. 1.3, and the contribu-

tions of the chapter are summarized, as follows.

e We propose channel compression as a preprocessing technique for the mmWave
parameter estimation. This technique effectively filters and mitigates the re-
ceived multiple reflection and diffuse scattering components. By capitalizing
on the peculiar properties of mmWave channels, i.e., the quasi-optical and
sparse multipath propagation [45,46], the proposed algorithm is capable of
acquiring the principal components of the channel, i.e., the LoS and single-
bounce scattering paths, while suppressing the secondary components, such as
higher-order bounces and diffuse scattering paths. Consequently, the dimen-

sion of the element space of the received signals is significantly reduced, while
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maintaining the useful signals for obtaining the positioning information.

e A beamspace-based AoA estimation method is introduced. The advantage of
the proposed approach is that it estimates angular parameters in the beamspace
rather than in the element space, which has significantly higher dimensions due
to the employment of a large number of antennas in large-scale antenna ar-
ray systems. Because the number of the beamforming weight vectors is much
smaller than that of antennas, after the beamspace transformation, the AoA
estimation approach operates in a much lower-dimensional space. In this way,
the computational complexity of positioning in large-scale mmWave array sys-

tems is further reduced.

e We design a novel mmWayve indoor localization approach, which provides accu-
rate estimates of both the distance and the orientation of the target MS under
LoS and NLoS propagation conditions. By exploiting the quasi-optical propa-
gation at mmWave frequencies and the a-priori knowledge of the environment
(including the position and material of potential reflectors), only a single BS
is required for the proposed approach to implement spatial 3-D localization.
This is different from other previously published methods, for which each prop-
agation area has to be covered by three or more BSs under the requirements
of multilateration/triangulation algorithms [47]. Furthermore, since we con-
sider the case where the LoS path may be blocked in practice, the proposed

approach is applicable to both LoS and NLoS scenarios.

The proposed algorithm and its results are publications in IEEE Transactions

on Communications, i.e., [J2].
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1.3.2 Channel Parameter Estimation for 3-D Wideband Hybrid UCyAs

Chapter 4 contributes to the channel parameter estimation for the UMi scenarios
with hybrid UCyAs. The range of the UMi scenario is typically larger than that of
the indoor scenario, and thus large-scale antenna arrays would be deployed, which,
however, would consume more power and incur higher costs due to a large number
of RF chains. In this sense, hybrid beamforming is a more appropriate architecture
than conventional digital beamforming in the UMi scenarios. It enables the number
of RF chains to be much smaller than the numbers of the antennas. As a result, the

system hardware cost and power consumption can be reduced.

In Chapter 4, a new 3-D wideband mmWave hybrid UCyA is presented for
the UMi scenarios. The designed new array addresses the problem of beam squint
and requires far fewer RF chains than antennas. We first provide the motivation
and overview of channel estimation for hybrid beamforming in Section 4.1, and
introduce the system model in Section 4.2. In Section 4.3, we design a novel two-
step 3-D hybrid beamforming strategy, where we form a small number of vertical
beams to pick up significant energy of received signals, and conduct quasi-discrete
Fourier transform (Q-DFT) on the horizontal plane. We exploit the convergence
of the Bessel function, so that the received signals can be converted to a smaller
dimension. We show that this strategy can reduce the number of required RF
chains while preserving the multiple-invariance structure in array response vectors.

As a result, subspace-based algorithms remain effective for parameter estimation.

To suppress the beam squint, we reconstruct the output signals of the hybrid
beamformer by generalizing linear interpolation into the 3-D space. We show in
Section 4.3.3 that by using this method, we can coherently combine the wideband
signals and achieve consistent array responses across the wideband. As a result, the

high temporal resolution offered by wideband mmWave systems can be utilized to
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Figure 1.4 : The flow diagram of the proposed channel parameter estimation ap-

proach in Chapter 4.

improve the delay estimation accuracy. Given the multiple-invariance structure, we
can jointly estimate the delay and AoAs of each path from the combined wideband
signals, as described in Section 4.4. To pair the estimates for each path, we add
perturbation matrices to the eigenvalue matrices to mitigate the mismatch of the
estimated delays and angles caused by noises. In Section 4.5, simulation results
are provided to illustrate the performance improvements of the proposed channel

parameter estimation method. Finally, conclusions are drawn in Section 4.6.

We plot Fig. 1.4 to illustrate the new steps developed in Chapter 4, and the key

contributions of the chapter are summarized, as follows.

e We propose a novel 3-D hybrid beamformer to reduce the number of required
RF chains while preserving the multiple-invariance structure in array response
vectors. As a result, subspace-based algorithms remain effective for parameter
estimation. Specifically, we first form a small number of vertical beams to pick
up significant energy of received signals. The Q-DFT is then conducted on
the horizontal plane to convert the received signals to a smaller dimension by

exploiting the convergence of the Bessel function.

e We generalize linear interpolation to the 3-D space, to reconstruct the output
signals of the hybrid beamformer. By this means, we achieve consistent ar-
ray responses across the wideband and suppress the beam squint effect. The
wideband signals can be coherently combined, and the high temporal reso-

lution offered by wideband mmWave systems can be utilized to improve the
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delay estimation accuracy.

e We jointly estimate the delay and AoAs of each path, and match the estimated
parameters for different paths. Specifically, the elevation AoAs and delays are
estimated by utilizing ESPRIT to exploit the multiple-invariance structure,
followed by the azimuth AoAs estimated by using MUSIC. Perturbation ma-
trices are introduced to mitigate the mismatch between the estimated delays
and angles in the presence of non-negligible noises. As a result, different paths

can be correctly detected.

The proposed algorithm and its results are publications in IEEE Global Com-
munications Conference, i.e., [C-1], and IEEE Transactions on wireless Communi-

cations, i.e., [J-4].

1.3.3 Tensor-based Parameter Estimation for Hybrid Directional UCyAs

Chapter 5 is devoted to high-accuracy channel parameter estimation algorithm-
s in the RMa scenarios. Directional hybrid beamforming is employed, which can
reduce the required number of RF chains and provide sufficient signal power to
support long-distance transmission links. Based on tensor signal processing, Chap-
ter 5 presents a novel multi-dimensional approach to channel parameter estimation
with large-scale mmWave hybrid directional UCyAs, which are immune to mutual
coupling, but also known to suffer from infinite-dimensional array responses and

intractability.

Two salient steps for our new tensor-based parameter estimation are presented
in Sections 5.3 and 5.4, respectively, where we design the hybrid beamformer and
suppress the beam squinting effect in the received signals. Specifically, we first design
a hybrid directional beamformer based on Q-DFT in Section 5.3. By employing

sweeping directional beamforming and exploiting the convergence property of the
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Bessel function, the hybrid directional beamformer can deal with the severe pathloss
of mmWave links and maintain the angular resolution of the hybrid UCyA with a
reduced number of RF chains. The second step, presented in Section 5.4, is a
new low-complexity unitary constrained array manifold interpolation (UCAMI). By
only optimizing the focusing matrices in the elevation angular domain, this step
can suppress the beam squinting effect and enable coherent combining across the
wideband, without quantization in the angular space. Hence, no quantization error

occurs.

After the two preprocessing steps, we construct a truncated higher-order singular
value decomposition (HOSVD) model of the signals and propose a new tensor-based
subspace estimation algorithm in Section 5.5, which jointly estimates the delay, and
the azimuth and elevation angles of each received signal by exploiting the important
shift-invariance relations. The algorithm suppresses the receiver noises in all of the
time, frequency, and space dimensions, and hence accurately estimates the high-
dimensional channel parameters of multiple coherent or incoherent signal sources.
To decorrelate coherent signals at the hybrid UCyA, we also introduce a new way to
rearrange the measurement tensor of the received signals, i.e., spatial smoothing, in
Section 5.5.3. Coherent signals can then be separated and can be estimated indepen-
dently by using the proposed tensor subspace estimation algorithm. In Section 5.6,
validated by the CRLB, simulation results show that the proposed tensor-based al-
gorithm is able to achieve a much higher accuracy than state-of-the-art matrix-based
techniques in the RMa scenario of 5G/B5G systems. The proposed tensor-based al-
gorithm works well even when the signal-to-noise ratio (SNR) is low, credited to the

effective noise suppression in all of the time, space, and frequency domains.

The steps of the proposed novel tensor-based wideband channel estimation ap-
proach are illustrated in Fig. 1.5, and will be elaborated in the Chapter 5. The key

contributions of the chapter are summarized, as follows:
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Figure 1.5 : The flow diagram of the proposed channel parameter estimation ap-

proach in Chapter 5.

e We design the hybrid beamformers by using Q-DFT to maintain the angular
resolution of the hybrid UCyA with a reduced number of RF chains. Develop-
ing and applying a low-complexity UCAMI, we suppress the beam squinting
effect and enable coherent combining across the wideband. These are two

critical steps for our new tensor-based parameter estimation.

e We propose a new tensor-based subspace estimation algorithm to jointly esti-
mate the delay, and the azimuth and elevation angles of each received signal
by exploiting the important shift-invariance relations in the constructed trun-
cated HOSVD model. The algorithm can suppress the receiver noises in all of
the time, frequency, and space dimensions, and hence it accurately estimates
the high-dimensional channel parameters of multiple coherent or incoherent

signal sources.

e We introduce a new way to rearrange the measurement tensor of the received
signals to decorrelate coherent signals at the hybrid UCyA, i.e., spatial s-
moothing. Coherent signals can be separated and estimated independently by

using the proposed tensor subspace estimation algorithm.

The proposed algorithm and its results are publications in IEEE Transactions on

communications, i.e., [J-3], and IEEE International Conference on Communications,

ie., [C-2].
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1.3.4 Nested Hybrid UCyA Design and DoA Estimation

Chapter 6 focuses on the hybrid UCyA design and its corresponding 2-D DoA
estimation algorithm in mloT networks. The key physical-layer requirements of
mloT networks are to reduce cost and power consumption while maintaining a high
network access capability. Deploying the hybrid arrays is a cost- and energy-efficient
means to meet the requirement, but this method would penalize system DoF and

channel estimation accuracy.

In Chapter 6, we exploit the sparse array technique and design a new nested
massive hybrid UCyA in mloT networks. The corresponding angle estimation algo-
rithm is also proposed based on tensor processing. In Section 6.3.2, we first utilize
the theory of phase-space transformation to transform the nonlinear phase of the
UCyA steering vectors to be linear to the element locations. As a result, the horizon-
tal symmetric structure of UCyA is preserved. Then, we flatten the 3-D RF-chain
connection network into a 2-D plane and design the RF-chain connection network
based on the “Configuration II” nested array [48], as presented in Section 6.3.3.
By deploying the proposed sparse RF-chain connection network, we show that the
proposed nested hybrid antenna array enables the BS to estimate the DoAs of a
large number of devices with much fewer RF chains than antennas. As a result, the
massive access requirement of mloT can be met with significantly reduced hardware

cost and network overhead.

To improve the accuracy of the channel parameter estimation, we formulate the
received signals in the tensor form and propose a spatial smoothing-based method
in Section 6.4 to enhance the n-rank of the constructed the second-order statistics
of the signal tensor model. Here, n denotes the index of the tensor mode. A new
tensor-based subspace 2-D DoA estimation algorithm for the designed nested hybrid

UCyA is developed in Section 6.5, where the hardware and software complexities of
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Figure 1.6 : The flow diagram of the proposed approach in Chapter 6.

the proposed estimation algorithm are also analyzed.

We plot Fig. 1.6 to illustrate the new steps developed in Chapter 6. The key

contributions of the chapter are summarized as follows.

e We design a new nested hybrid UCyA, which reduces the required number
of RF chains while preserving the inherently horizontal symmetric structure
of the UCyA to maintain a good channel estimation accuracy. The theory of
phase-space transformation is first used to transform the nonlinear phase of the
UCyA steering vectors to be linear to the element locations. Then, we design
the RF-chain connection network by exploiting the sparse array technique,

and utilize its generated difference coarray for parameter estimation.

e We analyze the rank relationship between signal matrix and the signal tensor
model in each dimension, and propose a tensor n-rank enhancement method
which ensures that the signal and noise subspaces can be properly decomposed

in all dimensions.

e We propose a new tensor-based 2-D DoA estimation algorithm, based on our
hybrid array design. We combine the tensor tool with ESPRIT to estimate
the elevation angles. Then, we substitute the estimates to derive the azimuth
angles by using tensor MUSIC. Simulation results show that, by suppressing
the noise components in all tensor modes, the proposed algorithm can signif-
icantly improve the estimation accuracy in the mloT networks, as compared

to the state of the art.
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The proposed algorithm and its results are publications in IEEE Journal on

Selected Areas in Communications, i.e., [J-1].
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Chapter 2

Literature Review

The mmWave communication, with a large amount of available spectrum, has been
considered as a promising approach for achieving high data rate and low latency
communication in the 5G/beyond 5G (B5G) wireless networks [49-51]. Not only
can the wide bandwidth of mmWave systems improve the accuracy of delay estima-
tion by exploit its potentially high temporal resolution, but also reduces the effect of
small scale fading to the level [19,20,52] where the knowledge of the path loss model
can be utilized for accurate and reliable distance estimation. For instance, [53] used a
weighted combination of RSS indicator measurements for 60 GHz indoor localization
applications. It was shown that an accuracy of approximately 1 m can be achieved.
On the other hand, thanks to the very small wavelengths of mmWave signals and
the currently advanced complementary metal oxide semiconductor (CMOS) tech-
nology, nowadays, a massive number of antennas can be integrated into small-scale
areas [14]. It enables the large antenna array, another leading 5G technology relying
on the use of a large number of antennas, to be deployed even at terminals with
restricted sizes and weights [10,54]. Besides the advantages in cellular communica-
tions, including increased system capacity and high spectral efficiency [9], the large
array technique is also an enabler for high-accuracy angle estimation thanks to its
high directivity [21]. Combining with the large array technique, wideband mmWave

systems are promising to precisely estimate channel parameters [23-25,55].

The ML estimator [56] and the approximate-ML estimator [16] are widely used

channel parameter estimation algorithms, which can achieve optimal or near optimal
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estimation performance. However, the prohibitively high computational costs hinder
their practical implementation in large-scale antenna systems, in particular, for mul-
tidimensional parameter estimations, in which complicated high-dimension searches
need to be conducted. The covariance matching estimation algorithm (COMET)
decomposes the highly dimensional search into multiple successive one-dimensional
versions [57,58]. As a result, the computational complexity caused by the high-
dimension search can be reduced. Nevertheless, there is a drawback that such
algorithm cannot be extended to the scenario with multiple sources [36]. By ap-
proximating the array covariance matrix, [59] proposed an iterative search-based
multiple sources parameters estimation algorithm, which, however, needs the pre-
liminary estimates of the source directions. Based on the decomposition of signal and
noise subspaces, subspace estimation algorithms [15,29-31,37,60], such as ESPRIT
and MUSIC, not only have lower computational complexities than the ML-based
estimation algorithms [36], but also obtain attractive parameter estimation perfor-
mance. However, in mmWave large-scale array systems, due to the deployment of a
large number of antennas, the computational complexity of the subspace-based al-
gorithms is still too high, because the dimension of the element space in large-scale
array systems is very large. For example, the typical ESPRIT has a cubic complex-
ity with regards to the number of antennas [30], which means that the direct use of

this algorithm in large-scale array systems is not appropriate.

Most existing researches, including COMET, ESPRIT and MUSIC, only focus
on exploring mathematics-based ways to reduce the computational complexity of al-
gorithms, rather than exploring the properties of the propagation channels [61-63].
Due to the sparsity of mmWave, mmWave multi-antenna channels are expected to
be low-rank, and can be exploited to reduce the implementation complexity of esti-
mation algorithms. A few sparse representation techniques were developed in [64,65]

and [66] to exploit the sparsity of mmWave multi-antenna systems for channel esti-
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mation. The techniques first perform DFT to formulate the channel representation
as a sparse signal recovery problem, and then apply compressed sensing (CS) to solve
the problem. However, since their techniques are based on the DFT of the array
steering vectors, where linear recurrence relations exist between the array steering
vectors, their techniques cannot be directly applied to arrays with circular layouts,
e.g., uniform circular arrays (UCAs) and UCyAs, where the recurrence relations be-
tween the array steering vectors are nonlinear. In addition, only 1-D uniform linear
arrays (ULAs) are considered in [64,65] and [66] and it is not straightforward to
extend their techniques to 2-D arrays, even URAs. This is because a 2-D sparse sig-
nal recovery problem would need to be formulated and solved. The problem would

incur a high computational complexity, if solved with CS techniques.

High hardware cost and high power consumption are also obstacles for apply-
ing large-scale array techniques into actual mmWave systems. Conventional low-
frequency multi-antenna systems mainly use digital beamforming architectures, in
which the numbers of RF chains, digital-to-analog converters (DACs), and analog-
to-digital converters (ADCs) are equal to the number of antennas [9]. However, it
is unrealistic to deploy the same number of expensive RF chains and high power-
consumed ADCs/DACs in large-scale arrays. As a result, it is clearly not feasible
to install a separate RF chain and a data converter for every antenna. One sim-
plest solution is analog beamforming, which, unfortunately, can support only the
transmission of a single user or a single stream. Hybrid beamforming is a more
appropriate architecture, in which a low-dimensional digital beamforming in the
baseband and a high-dimensional analog beamforming (or beam selector) at the
RF front-end are used to process each transmission signal, as illustrated in Figs.
2.1 (a) and (b), where analog beamforming is based on the phase shifters or the
lens arrays. Channel parameter estimation techniques have been well studied in

low-frequency multi-antenna systems, but little results are available for large-scale
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Figure 2.1 : Hybrid beamforming architectures: a) phase shifter-based analog beam-

forming; and b) lens-based analog beamforming.

mmWave antenna arrays using hybrid front-end [34,35]. Current hybrid beamform-
ing schemes are typically based on CS. They need to discretize channel coefficients
and would result in estimation accuracy losses [33,67]. The state-of-the-art spatial
spectrum estimation algorithms, such as ML estimators [36] and subspace-based
algorithms [29,30,37], were designed to estimate continuous channel parameters us-
ing fully digital arrays, where each baseband observation is directly sampled from
the signal received at an antenna. With hybrid front-end, the received signals of
multiple antennas are combined via an RF phase-shifting network. As a result,
the multiple-invariance structure would be obscured or even lost, and the spatial

spectrum estimation algorithms cannot directly apply [18,38].

Challenges also arise from beam squint [39], due to typically wide bandwidth-
s of mmWave signals; in other words, the beam directions can change markedly
over the different frequencies of a signal bandwidth. Large available bandwidth
of mmWave systems makes accurate range measurements possible thanks to high
temporal resolution, but the beam squint can lead to channel dispersion in a spa-
tial angle across the bandwidth [39]. Most existing channel parameter estimation
methods, e.g., [14,22,68], were designed for narrowband signals. They cannot deal

with the beam squint. One existing solution which does support wideband oper-
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ations is applying wideband signal-subspace methods (WSSMs) [65,69] to prepro-
cess the wideband signals. These methods can remove the frequency dependence
of array steering vectors and suppress the beam squinting effect. Specifically, the
incoherent WSSM (IWSSM) [14, 70] decomposes the received signals into multi-
ple non-overlapping narrowbands, and estimates the parameters independently at
each narrowband. This method requires extra steps to combine the results of all
the narrow bands [71] and does not utilize the high temporal resolution offered by
wideband mmWave systems. In [69,72], the coherent WSSM (CWSSM) maps the
frequency-dependent array steering matrices to a reference frequency by producing
so-called focusing matrices. The generation of the focusing matrices in this method
requires initial values, and the performance of the methods is susceptible to the
initial values. A variation of CWSSM, named unitary constrained array manifold
interpolation (UCAMI), was proposed in [73,74]. It eliminates the need for initial
estimates and avoids focusing loss'. However, the focusing matrices of UCAMI are
obtained by solving multi-dimensional optimization problems. Since the dimension
of the problems is equal to the number of frequency-dependent parameters, UCAMI

is computationally expensive.

On the other hand, existing channel parameter estimation algorithms are typ-
ically matrix-based. By those matrix-based algorithms, the relations between d-
ifferent dimensions (i.e., domains) of the signal become obscure, because the re-
ceived multi-dimensional (i.e., space, time and frequency) signals are stacked into
two-dimensional matrices [1,75]. Tensor-based channel parameter estimations have
been demonstrated to be more powerful than conventional matrix-based techniques

in [75-77]. By arranging and processing the received signals in a tensor form, the

'Focusing loss refers to the ratio between the array signal-to-noise ratios after and before fo-
cusing operations. Focusing loss can be avoided by constraining the focusing matrices that are

unitary [69].
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Figure 2.2 : The illustration of the tensor processing in [1-4].

relations between each dimension/domain of the received signal can be exploited. As
a result, the multi-dimensional parameters can be estimated with super-high accura-
cy [1,75]. The papers [1-4] presented tensor-based algorithms for multi-dimensional
channel parameter estimation, which preserve the multi-dimensional structure of sig-
nals. They constructed channel tensor model and applied HOSVD to decompose the
signal and noise subspaces in every domain (space, frequency, and time), as shown
in Fig. 2.2. As a result, the accuracy of the channel parameter estimation can
be improved in scatter-rich microwave-band channels. The authors of [78] and [79]
exploited the sparsity of mmWave channels to further improve the estimation accu-
racy. However, their algorithms require an alternating-least-squares procedure with
no guarantee of convergence. In addition, the algorithm in [79] is only suitable for

narrowband systems with URAs.

As an emerging technology attracting significant attention, IoT promotes a high
level of situational awareness and has been used in various areas, such as govern-
ments, industry, and academia [80-83]. It is envisioned that more than five billion
devices will be connected in an IoT network by 2025 which will allow new ways of
living and communicating [5]. As one major segment of the IoT network, mloT

refers to the applications that are capable of connecting a large number of IoT de-
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Figure 2.3 : Expected growth of IoT connections (billion) [5].

vices to an internet-enabled system [32,84-86]. As such, the large network capacity
is an urgent demand for mloT networks. Combined with advanced multiple access
techniques, large-scale mmWave array, which can significantly increase network ca-
pacity, can be potentially applied to mloT networks [44]. However, it is unrealistic
to provide an RF chain for each antenna, as digital beamforming techniques would
require [33]. Hybrid beamforming is an appropriate architecture, but most con-
ventional channel estimation schemes for hybrid beamforming were designed with
given channel information [35]. And some of them apply RF networks to directly
combine the received signals from multiple antennas, resulting in resolution losses
of channel estimation accuracy [18,38]|. As a result, the system degree of freedom
(DoF), referring to the number of targets which can be sensed and estimated at the

BS [87], would decrease.

To increase the system DoF with a limited number of antennas, the concept of
sparse array, such as minimum redundancy array (MRA) [88], minimum hole array

(MHA) [89], nested array [87], and coprime array [90], has attracted considerable at-
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tention. By exploiting the second-order statistics of impinging signals, these sparse
arrays are capable of identifying O(N?) uncorrelated sources with only N physical
antenna elements. However, existing sparse array techniques have been typically
used to design linear or square arrays. Compared to square arrays, circular arrays
have a much more compact size, less sensitivity to mutual coupling, and inherently
more symmetric structure [27], and hence, they are more suitable for mIoT appli-
cations. Authors of [91] and [92] proposed nested sparse circular arrays for DoA
estimation. However, they directly computed the autocorrelation of impinging sig-
nals, which unfortunately compromises the original symmetric structures of circular
arrays and penalizes the channel estimation accuracy significantly. Channel estima-
tion is also challenging for sparse arrays. There have been attempts to apply the
MUSIC algorithm to networks equipped with sparse arrays [14,48,87,90,93|. How-
ever, the estimation accuracy of those algorithms is unsatisfactory, depending on
the searching step and signal correlation. Tensor-based multi-dimensional MUSIC
algorithms were proposed in [2,94] for sparse arrays to improve estimation accuracy.
However, since the MUSIC spectrum of their algorithms is a product of multiple
separable second-order spectra, undesirable cross-terms [94] would arise, leading
to incorrect spectral peak search results. To solve this problem, CANDECOM-
P/PARAFAC (CP)-based tensor channel estimation algorithms were proposed [78],
but these algorithms have a very high computational complexity. Table 2.1 shows a

comparison between the existing studies and our work.



Table 2.1 : A comparison between the existing studies and our work.

Existing studies

Our work

Channel 1) ML-based algorithms: [56] and | Beamspace-based
estimation [16]; 2) COMET: [36,57,58]; 3) | subspace algorithms
algorithms Typical subspace estimation algo-

rithms: [29-31,37, 60)].

Signal 1) Matrix-based methods: [29-31, Tensor HOSVD
processing 37,60-66]; 2) Tensor CP decom- (wideband)
methods position: [78] and [79]; 3) Tensor

HOSVD (narrowband): [1-3,94].
Reducing 1) Exploring mathematics-based | Exploring both the
computational | ways: [61-63]; 2) Exploring the | mathematics-based
complexities properties of the propagation ways and the
channels: [64,65] and [66]. sparsity of mmWave
channels:
Beamforming | 1) Digital beamforming: [29-31, Subspace-based
structures 36,37,57,58,60]; 2) CS-based hy- hybrid
brid beamforming: [33-35]. beamforming.
Wideband 1) TWSSMs: [70]; 2) CWSSMs: Low-complexity
operations [69,72,73]. UCAMI
Antenna arrays | 1) ULAs: [64,65] and [66]; URAs: UCyAs

29,30, 60, 63,79)].
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Chapter 3

Joint RSS-Ao0A Estimation and Localization for
Digital UCyAs

This chapter is devoted to the channel parameter estimation for UCyAs with digital
beamforming, where the number of RF chains, DACs as well as ADCs are equal to
that of antennas [9]. In this chapter, we consider the mmWave indoor scenario, as
illustrated in Fig. 3.1. Digital beamforming can flexibly assign different powers and
phases to different antennas, and it enables the received signal of every antenna to
be available at the baseband, preventing the resolution losses of channel estimation
and reducing the difficulties in beamforming control. Thus, this architecture has

been widely used in multi-antenna systems.

In this chapter, a novel low-complexity joint RSS-AoA estimation method is
proposed for mmWave large array systems. We first propose a novel channel com-
pression technique by exploiting the sparsity and quasi-optical propagation property
of mmWave. By properly quantizing and selecting the received signals, the technique
reduces the dimension of the received signal space while maintaining the accuracy
of the parameter estimation. After estimating the distance between the BS and the
MS, we apply beamspace transformation to transform signal vectors in the element
space to the low-dimensional beamspace. As a result, the computational complex-
ity of the angle estimation is significantly reduced. We finally present a novel 3-D
indoor positioning approach to estimate the 3-D coordinates of the MS. Simulation
results show that the proposed indoor approach is capable of achieving high accuracy
with significantly lower computational complexity as compared to other previously

known indoor positioning approaches.
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Figure 3.1 : The research scenario studied in Chapter 3.

3.1 Motivation and State of the Art

In mmWave large-scale array systems, the computational complexity of the most
existing parameter estimation methods is very high, due to the deployment of a
large number of antennas. To solve this problem, in this chapter, we propose a low-
complexity joint RSS-AoA estimation method. We first propose a novel channel
compression technique in Section 3.3 to reduce the dimension of the received signals
to be processed. The quasi-optical property of mmWave propagation leads to the
signal path components, which are incident on the surrounding walls, producing
specular reflections and little diffuse scatterings. Due to the surface roughness of
building materials, there are some useless components of diffuse scattering super-
imposed on the deterministic specular part of the received signal, which not only
increases the dimension of the received signal space, but also reduces the parameter
estimation accuracy. By exploiting the sparsity of the mmWave large array channel,
the proposed technique remains the principal components of the channel, i.e., the
LoS and single-bounce scattering paths, and abandons the secondary components,
such as higher-order bounces and diffuse scattering paths. As a result, the estima-

tion accuracy of the proposed estimation method can be improved while reducing
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the computational complexity.

Relying on the aforementioned channel compression technique, a joint RSS-AoA
estimation algorithm is introduced and analyzed in Section 3.4. In particular, we
develop a RSS-based ranging measurement method, Fredi [95], which exploits the
different transmission power of paths and can overcome the measuring error caused
by the multipath effects, to estimate the distance between the BS and the MS.
Then, we propose a low-complexity beamspace-based AoA estimation algorithm.
We apply beamspace transformation to transform signal vectors in the element space
to a beamspace, which has much lower dimensions than the original signal element
space, and thus the computational complexity of the parameter estimation can be

significantly reduced.

Based on the estimated parameters, Section 3.5 presents a novel 3-D NLoS indoor
positioning approach. Most positioning algorithms proposed for mmWave large
array systems, such as [22,47, 50,63, 68,96, 97|, assume that the LoS path exists
between the MS and the BS, and they only focused on 2D scenarios. It is well-
known that LoS signal reception is not always guaranteed in practical propagation
environments. NLoS localization was considered in [21], but it is also a 2-D approach,
and it needs to deploy at least four BSs, increasing the overall system complexity.
By exploiting the quasi-optical propagation at mmWave frequencies, we calculate
the angle of departure (AoD) of each path and employ the single-bounce specular
reflection components to accurately locate the MS in 3-D mmWave indoor scenarios
with only a single BS. This section also analyses the computational complexity of the
proposed approach. Compared with the existing methods, the proposed approach
requires significantly less computational complexity, i.e. reductions up to several
orders of magnitude. We also show that the complexity performance improvement of

the proposed approach becomes even higher as the the number of antennas increases.
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Section 3.6 presents extensive simulation results to show that the proposed
method achieves high precision for parameter estimation and indoor localization
applications. We compare the performance of the proposed parameter estimation
algorithm with that of the existing methods, and use the CRLB as a reference.
Results show that the proposed parameter estimation method outperforms the ex-
isting methods in terms of AoA estimation when the number of the antennas is
larger, and the proposed positioning scheme can achieve decimeter-level positioning
accuracy even with low SNR values. In subsection 3.6.3, we also evaluate the sensi-
tivity of the proposed method to the quantization error introduced by the channel
compressing. We show that as long as the values of the resolution parameters are
sufficiently large, the effect on the overall performance of neglecting the quantization

error is minimal.

3.2 System Model

The mmWave large array channel model can be derived from standard large-scale
array channel models used in lower frequency bands [35,98]. Consider a large-scale
array system with Ny transmit and NV, receive antennas. The received narrowband

mmWave signal, y(t) € CM>*1 is given by
y(t) = Hx(t) + n(t), (31)

where x(t) € C¥*! is the transmitted signal vector, H € CN*M represents the
mmWave channel matrix between BS and MS, and n(t) € CM*! is the Gaussian
noise corrupting the received signal y(t). For 3-D channel models, H can be math-

ematically expressed as

Np
H = Ga(¢],0)a" (¢],0), (3.2)
(=0
where
1
a' (g1, 0f) = (a2 (6, 65), a5 (61,65, . .. aly (61, 6)] " (3.3)
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and
1

Van

are the array steering vectors of receive and transmit antennas, respectively, with

T
a'(¢y,0;) = [a1(01,61), a3(81,6)), - - a, (41, 0))] (34)
@1 /0y and ¢} /07 being the azimuth/elevation of AoDs and AoAs of the I-th propaga-

tion path, N, denotes the number of received paths' and /3 represents the complex

amplitude of the I-th propagation path.

We apply the close-in free space reference distance (CI) model [99], which has
the solid physical basis in both frequency f and distance d, to model the path loss

of mmWave indoor scenarios. According to [99], the path loss, PLCL is given by
d
PLYY(f,d)[dB] = FSPL(f,dy) + 10 log,, (d—> + X, (3.5)
0

where « is the path loss exponent; FSPL(f, dy) = 20log,, (47 f/c) is the free space
loss at physically-based reference distance dy = 1m; ¢ denotes the speed of light;
and X&' is a zero mean Gaussian random variable with standard deviation o in dB,

which describes the shadow fading term?.

In mmWave large array channel, the highly directional antennas as well as the
small wavelengths are sensitive to the existence of LoS paths. We use the LoS
probability of mmWave channels to determine whether the signal from the LoS
path can be received. Apart from LoS paths, when mmWave signals propagates in
indoor enviroments, the BS can also receive a lot of diffuse scattering and high-order
bounces from all directions. As a result, in a multipath mmWave indoor scenario,
the received paths in (3.2) include LoS, single-bounce specular reflections, diffuse
scatterings and higher-order bounces. Since LoS blockage between the BS and the
MS causes high attenuation at mmWave frequencies, channel characteristics are

usually modeled separately for the LoS and NLoS cases.

!Note that the LoS path in (3.2) corresponds to [ = 0.
2 According to [99], for 28GHz mmWave NLOS paths, the variance is about 10 dB.
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The LoS probability is defined as the probability that the signal, which propa-
gates from the BS to the MS along the geometrically shortest route, is not blocked
by any objects available in the propagation environment [43]. According to [100], we
use the following exponential LoS probability model for the indoor mmWave large

array channel, as given by
Pros(d) = (1 — Py) exp (— (d/k1)™) + Pxo, (3.6)

where d (in m) is the distance between the BS and the MS, Py = Ppogjd—soo, K1 18
the decay parameter and ko is the exponent parameter. Obviously, if the distance

between the BS and the MS can guarantee LoS propagation, Pp.s(d) = 1.

In this chapter we assume that, when the distance between the BS and the
MS can guarantee LoS, using the received signal from LoS path for localization is
sufficient. Otherwise, the components of single-bounce specular reflection are used

to ensure positioning accuracy.

3.3 Channel Compression

Before estimating parameters, we first propose a novel channel compression tech-
nique to filter out the unwanted received components while maintaining the useful

signals required for the accurate parameter estimation.

In practical mmWave transmission scenarios, due to the surface roughness of
building materials, there are some components of diffuse scattering superimposed on
the deterministic specular part of the received signal®. If these components cannot be
handled properly, the estimation accuracy would be harmed. This is because diffuse

scattering, defined as the interaction of an impinging wave with a rough surface,

3 As stated by the Rayleigh criterion, the roughness of the surface is directly proportional to the
wavelength of the signal [101]. At mmWave frequencies, there are many objects whose roughness

is in the order of the signal wavelength.
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produces a spread of the energy in multiple direction as opposed to specular reflection
from a smooth surface [43]. Taking advantage of the not so well behaving scattering
nature of the mmWave channel, by filtering out the useless diffuse scatterings and
multiple reflection components 4, the proposed channel compression method does
not only yield to very accurate channel parameter information, but it also reduces

the computational complexity of the proposed estimation algorithm.

The rest of the section is organized as follows. Firstly, angle quantization, as
the preprocessing for achieving the channel compression, will be presented. Then,
based on the quasi-optical and sparse multipath properties of mmWave, the method
named virtual path selection will be designed to choose useful paths from the received

signals.

3.3.1 Angle Quantization

The channel matrix H in (3.2) can be rewritten, in a more compact way, as
H=A"AgAY" (3.7)
where the array steering matrices are given by

AT = [a'(6}, 07), a(6h, 03), ..., &' (9, O, )| € CV (3.8)
and

Al = [at(¢;,9§),at(¢g,9;), . ,at(¢§vp,e}ﬂvp)} e CNexVe, (3.9)
respectively, and Ag = diag(f3), with 8 = [81, Ba, ..., B, ]-

Assume that the ¢}, ¢} and 6}, 6} are taken from uniform grids of G; and G5 points

respectively, i.e., ¢, ¢7€ {0,27/Gy, ...,2n(Gy — 1)/G1} and 67,0} €{0,7/Gs, ...,

4From now on, and unless otherwise noted, it will be assumed that the number of multiple

signal reflections is at least 2.
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m(Gy —1)/G3}, 1 =0,1,..., N, where G = G1G3 > N, is the number of received

virtual paths. The quantized array steering matrices, A* and At, are expressed as

AT = |a" (4}, 00),a"(¢5, 05), ..., a" (4}, Ok,

a’(¢h, 07), ' (05, 63), ..., a"(6h. 0, ).

ar(gngH?é{)? ar((grc-h?éé)’ tte ,ar((ngl’ érG’Q) 7 (31())

At = at(~i,éi)’at(~i,é;), <o 7at(~t17 ~tG2)7

at<~t27éti)’at(~g’é;)7 tet 7at(~g’§tGg)7

a'(9,. 01).a'(0G,, 65), .., 2" (9, 0,) | (3.11)

Thus the virtual representation of the channel matrix based on the quantization
can be expressed as

H = A"Az(AYH, (3.12)

where ]\5 € C%*% includes the path gains of the corresponding quantized directions.

In this chapter, only the quantized AoAs/AoDs will be further considered. This is
because, as will be explained in Section 3.6, numerical simulations have clearly shown
that the impact of the quantization error on the performance of proposed algorithms
is negligible [33,35]. Therefore, H is equivalent to its virtual representation in (3.12)
, l.e.,

H~H=A"Az(AH". (3.13)

3.3.2 Virtual Path Selection

Let us construct an Ny, x 1 column channel vector h = vec(H) with the fol-

lowing channel covariance matrix

R, =E{hh"}, (3.14)
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which captures the second-order statistics of the mmWave large array channel. Using

the property of Kronecker product, i.e., vec(ABC) = (CT ® A)vec(B), we obtain
Ry, = E{hh"} = (A" ® A")R,,((A")" @ A", (3.15)

where Ry, = E {AzAf} € CE**G* is a diagonal matrix and Az = vec(Ag) € CE >,
It is evident from (3.13) that the channel gain appears in —7\67 so that according to

(3.15), the estimation of Ry becomes equivalent to estimating R, [102].

In mmWave systems, the received power of the diffuse scattering and multiple
reflection paths is much lower than that in LoS and single-bounce specular reflection
paths, so the covariance matrix R, of the virtual paths possesses a special sparsity
structure. In order to filter out the received diffuse scatterings and multiple reflec-
tions which will interfere with parameter estimation, the paths of LoS and specular

reflections need to be selected from the received paths.

Let o, = [RAB}M with v € V = {1,2,...,G?}, which is the diagonal element of
the matrix R, and V is the set of the sequence numbers of R, diagonal entries.

We define a selection-set U as

Uu = {07](1)7 0-7](2)7 cee 7O-T)(G2)} ) (316)

where the index n(u) of oy with u =1,2,..., G?, represents the sequence number

in V. The index n(u) can be obtained by

p
77(1) = argimnaXyecy Oy,

n(2) = arg maXyep\{n(1)} Ov,
! (3.17)

| 7(G?) = arg maxvenfn)m(@)...n(2-1)} Oo-

Assume that the total number of LoS path and specular reflection paths is NJ,

with N} < N, < G. The following criterion is proposed for selecting the strongest
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N} components from U:
No

> onw = tr(Ray), (3.18)

u=1

where v is a threshold, which should be close to 1, e.g., 0.9°. Then, the following
selection procedure is undertaken. Firstly, the strongest component is selected. If
the value of o, of the strongest component does not satisfy (3.18), the second
strongest component will be selected, and this procedure will continue until the sum

of o,y of the strongest N/ components can satisfy the criterion (3.18).

Assuming that an appropriate threshold v has been selected, the received signal
used for channel parameter purposes will come from the LoS and single-bounce
specular reflection paths®. Because .7\5 contains the path gains of the corresponding
quantized directions, and the index n(u) of oy, in (3.18) represents the sequence
number of the selected paths, the quantized directions corresponding to the selected
paths can be obtained after channel compression. Given this, the channel matrix H

can be mathematically expressed as

H=A"Ag(AHT (3.19)

°It has been shown in [45] that for indoor scenarios the contributions of the multiple reflections,
i.e., the reflective times are more than two, and that of the diffuse scattering components compared
to the total received energy are very weak, only accounting for about 10% of the total energy. Thus
for our positioning scheme, we have chosen the threshold v = 0.9 to filter out the received diffuse
scattering or multiple reflection components, and then use the LoS path or single-bounce specular

scattering paths to locate the MS.
6Tt should be noted that, as already mentioned in Section 3.2, when the path between the BS

and the MS can guarantee LoS, e.g., the scenario is free of blocking objects or the distance between
the BS and the MS is very short, using received signal from LoS path, i.e., [ = 0, is sufficient for
channel parameter estimation purposes. In this case, only the strongest LoS component needs to

be selected.
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where

A= [ar <¢r[((77(1)—1)m0dG’+1)/Gﬂ’ef(n(l)—l)modG)modGz-i—l) )
<¢[( 1)modG+1)/G21> 01' (2)— 1)m0dG)modG2+1> LA

[( modG+1)/G2—| 0 ((n(N})— 1)modG)modG2+1>] (320)

At | ot Jt St
A= [a (gb”’?(l)/m/(}ﬂ’e(fn(l)/Gl—l)modG2+1>7

at( tHn(2)/GW/Gz 6 2)/G1— l)modG2+1) ,
t 7t At
a <¢Hn<Ng>/G1/Gﬂ 9[ (N})/G] -1 )modaﬁlﬂ (3.21)

contain the selected array steering vectors, and AB = diag(@’ ) € CV*No with
B = [Bn(l),ﬁn(g), e BH(N;@)] carries the path gains of the corresponding selected
paths. At the t-th time instant, the received signal vector at the BS after the

channel compression is rewritten as

y(t) = Hx(t) + n(t). (3.22)

3.4 Joint RSS-Ao0A Estimation

In this section, we propose a new joint RSS-AoA estimation algorithm to estimate
the distance between the BS and the MS and the arrival angle of each paths. We
first estimate the RSS by exploiting the transmission power of each path, and then,
propose a low-complexity beamspace-based AoA estimation algorithm. The AoDs of
the paths are calculated in the next section by exploiting the quasi-optical property

of mmWave.

3.4.1 RSS Distance Estimation

In multipath propagation environments, the propagated waves of the different

paths will be combined either constructively or destructively depending upon their
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received phases. As these phases depend on the signal frequency, the electromagnetic
waves of the combined paths vary according to the signal frequencies, resulting in

different RSS values.

In this chapter, we employ a RSS-based ranging measurement method, Fredi [95],
which can overcome the measuring error caused by the multipath effects, to estimate
the distance between the BS and the MS. Considering a simple sine radio wave,

according to (3.5), the energy field strength of each propagation path can be modeled

G.G.P, . [2mc d rx | C . [27c d
E(d, )\,F,t) = FW sSin <Tt+2ﬂ-X) = 7 r‘asm (Tt—i-zﬂ'x) s

(3.23)

as

where d' = (d/dy)?, and T € (0,1] is a reflection coefficient”. C' = G,G,P./(47) is
a hardware-dependent constant, where Gy is the gain of the transmitter, G, is the
receiver gain, and P; is the transmission power. Assume that there are V; different
frequencies. The Ny RSS measurements, denoted as s,, , where ny = 1,2,..., N,
will be obtained. In order to eliminate the uncertainty introduced by the shadowing
fading, each RSS value is averaged by performing N; runs. If M different paths
exist, the RSS at the receiver is the averaged power of the received signal, which
can be expressed as

L XM 2
ni(dy, .y, Ty, Tap Apy) = A > (Z Em(t)>

t=1

M M
2 R " d —d .,
=CN T+ T cos <u) : (3.24)
f (Z 2d, ’ d;nd;n/ >\nf

m=1 m m#m/

For a sequence of N; discrete values, we use Discrete Fourier Transformation

(DFT) to transform them into another sequence of Ny numbers, as given by

Ny .
Sn . nx
P, = Z C)\; exp(—y?anf),nk =1,2,..., N (3.25)
ng=1 ne

“For the LoS path, I = 1.
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Note that we only consider the positive part of P(ny) in this chapter. Substitut-
ing (3.24) into (3.25), we have

r, T,
Tdd,

Py —a (3.26)

where d], — d/ , is the index of P. In our system, the antenna deployed in the MS
is vertically polarizated, thus the electric field vector, F, is parallel to the plane of
walls, so that I'y =T’y = ... =T'j;. Due to the existance of M distinct propagation
paths, there are, in total, M (M — 1)/2 different results for Py —d which means
that there are M (M — 1)/2 equation. Then by solving these equations, the distance

~

estimator, d, can be figured out.

3.4.2 Angle Estimation

As explained in Section 3.3, the path components incident on the smooth surfaces
of the surrounding walls mainly produce specular reflections. Assuming that, after
channel compression, the diffuse scattering and multiple reflection components have
been filtered out. Then, the remaining received paths include the LoS and the
specular reflection paths from the surrounding walls. Since the LoS can be dealt
with as a special case of NLoS, the general case of specular reflected signal paths
will be further considered. Such specular reflection paths, which reflect from the
four distinct surrounding walls, can be seen as transmitted paths by four virtual
MSs, and in this sense they can be considered separately. As previously explained,
when considering the single-bounce specular reflection path, there are deterministic
geometrical relationships between AoAs and AoDs, so that by evaluating azimuth

and elevation AoAs the relevant parameters for AoDs can be obtained.

The received signal vector in (3.22) can be mathematically expressed as

Ny N

V() =Y Brea (@) e 0 o) Me(t) + 0a(t), (3.27)

=1 ¢&=1
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Figure 3.2 : The considered geometric model of the UCyA of the BS consisting of K
vertically arranged and coaxially aligned UCAs, with uniform distance, s, between

them, and each of them is composed of N antennas.
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where

Me(t) = " (6} ¢, 0 ) x(¢) (3.28)

&§=1,2,..., Ny represents the number of the specular reflection paths from the four
distinct surrounding walls, and [’ is the sequence number of selected propagation

paths after channel compression®.

Our system employs an UCyA at the BS [15,29]. The geometric model of the
UCyA is shown in Fig. 3.2. The array consists of K vertically arranged and coaxially
aligned UCAs, each of which has a radius 7, and they have equal vertical distances,
s. Each UCA consists of N antennas, so that the total number of antennas in the
UCyA is N, = NK, and the height of this UCyA is s(K — 1). As illustrated in Fig.
3.2, the NV antennas of any UCA are uniformly distributed over the circumference
of a circle, and thus the i-th element of array response vector in the k-th UCA is

given by

7 0 21 s Or Ir or

where i = N(k—1)+n, k=1,2,...,K,n=1,2,...,N, and ¢, = 27(n —1)/N is
the central angle difference between the n-th antenna and the first antenna, which

is measured counterclockwise.

In the next subsection, we first discuss the beamspace transformation process,

and then we present the estimation of azimuth angle estimation procedure.

Beamspace Transformation

In order to reduce the large dimension of received signal vectors, we first use a

phase-specific beamforming vector to transform the element space into the beamspace.

8Note that ar(qgf,,g,élr/é) or atH(q/;f,7§,9~lt,7f) in (3.27) is always different from that in (3.10) or
(3.11), because I" is the sequence number of paths in each of the N}, propagation paths obtained

after channel compression.
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Let us rewrite (3.29) in a more compact form as

@0 Ohe) =[2G Bhe)| (3.30)
where
r/or nr 1 r Tr nr r 7r nr
ak(¢l/,§a 91/,5) = _[aN(k—1)+1(¢l/,5a el’,g)a e 7%\%(%,57 Ql',g)]T' (3.31)
VN

Define p & —P,—P + 1,..., P as the phase mode. We express the beamforming

weight vector, wy, as

1 , ,
w, = ~ [ejpw’ ez 7er@N}H ' (3.32)
The array pattern f,;(¢%,05) can be mathematically expressed as
Foi(Blr g O ¢) = W, @y () ¢, 01 ) (3.33)

Transforming the received signal vector of the k-th UCA from the element space
into the beamspace, we have

Ny
yi(t) =FTy,(t) = Z 51'52(@,57 éf/,g)M(t) + 0y, (t), (3.34)

I'=1

where

F= \/N[j_PW—Pv.j_P+1W—P+17 s 7jPWP]7

is the beamforming matrix [103], 0, (t) = Fny,(¢) and é};(q;f,é, éf/,s) are the beamspace
transformed noise and array response vectors, respectively. The beamspace trans-

formed signal vector can be expressed as
y(t) =31 (), 55 (t), ... ¥x(@®)]". (3.35)

If the phase mode satisfies |p| < N, the array pattern in (3.33) can be rewritten

as [103]
Tr nr - 2r nr ipdY,
Jor( Py e, 0 ) = |3, Trsm( pe) ) et

2 S 0 U —1) cos(67,
+&p <§rsi (6{/’5),@,75)] e IR hE=1) G ). (3.36)



44

where

2 - . 0o 5 ) N
€p (Tﬂr sin(ezr/,é)>¢lr/,s) = Z {jgjg (;r sin(@{,{)) % 199 ¢
g’ 2T X S jglti;r,
HI i@ | e (3.37)

with ¢ = Nm —p, ¢ = Nm + p, and J,(+) is the Bessel function of the first kind
of order p. j?J, (27”7“ sin(éf,’£)> e and ep( 32T sin(é{,f),q;f,,g) are the principle
and residual terms of the array pattern, respectively. Since in mmWave large array
systems, the number of antennas, IV, at each UCA is typically very large, the residual
term is much smaller than the principle term for any azimuth and elevation AoAs”.
Furthermore, it is shown in Appendix B.1 that when N — oo, the residual error
tends to zero. As a result, in this case, the residual term can be neglected, and the
space transforming error in the beamspace transformation is very small. The array

pattern can be approximated as

~ ~ 2 ~ i|pgt, —2% —1) cos(6F,
fp,k(¢;’7§791r’7§) ~ ijp (Tﬂr Sin(@;,7£)> &’ [p‘z’l”e 2Z h(k—1) (91/,5)]. (3.38)

Estimation of Elevation Angle

In this subsection, we propose a beamspace ESPRIT approach to estimate the

elevation AoAs. In particular, by using the Taylor series expansion, the beamspace

T

array response vector a'(¢j, ~lr,) of the UCyA can be expressed as

PP o 08¢, 0F) o0&’ (¢, 0;)
a'(dpe,Opc) = a (0, 0;) + T@A?é + 8—@%;,@ +er,  (3.39)

where ¢;/0; is the mean of ¢}, /0] ., A(Z)ZYI’E/A@’5 is angular deviations of ¢j, /0] ¢,
and €y is the least significant term, which can be neglected for small angular de-

viations. Then, the beamspace received signal vector, y(t), given in (3.35) can be

9As discussed in [15], the number of UCA antennas, N, should satisfy N > 2P and P > 27r/\.

Clearly, this is the case for mmWave large array systems.
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expressed as
y(t) = Ab(t) + n(t), (3.40)

where

b(t) = [b11(t), ba1(t), ..., bn.1(1),
bia(t),....bn.2(t),b13(t),...0n. 3(1)], (3.41)
oa' (¢, 01)
i i i | a¢£7 77 )
08\ (0, By) OR'(3L0)  OF(dy..On)
8¢§Vb 5 00{ Sy 895\75 )
N/ N/ N/
and be1(t) = >op %, PreMe(t), bea(t) = 2ou2y BreMe(t)Ag,, o bea(t) = Dply Bre
XMg(t)Aé;l’g.

A= ar<7€aé§)> s 7ér<¢;27ézrl)>

(3.42)

To remove the randomness in the received signal vector, the covariance matrix

of the beamspace received signal vector is calculated as
Ry =E{yO)y" (1)} = AAAT + 021y, (3.43)

where A, is a diagonal matrix and Ry is a normal matrix according to (3.43). The

eigenvalue-decomposition (EVD) of R is obtained by

ES 0 s [— s
R, — [E.. . 3Nex (N!—3Ny) E. En]H

2
Onvi—anyxan,  Onlni—sn,

= EX.EY + 0’E,EX, (3.44)

where E; € CN3M and E, € CNex(Vi=3N%) correspond to the signal subspace and
noise subspace of the UCyA, respectively. As each path contains three parts due
to the use of the Taylor series expansion in (3.39), there are, in total, 3Ny elements
in signal subspace. This means that X, € R3¥*3Ns ig a diagonal matrix whose
elements are the largest 3Ny eigenvalues of Ry. Based on E,EY + EEY = Iy,

(3.44) is rewritten as

Ry = Eo(Z, — 021,,)Ef + 021y, (3.45)
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According to (3.43), (3.45), and because the diagonal entries of 3¢ — 021,y and

A, have nonzero values, we have
E, = AT, (3.46)

where T € C*>*"s is a full rank matrix. According to [15], when 277r/\ < P <
N/2, the linear recurrence relation between the beamspace array response matrices

of each pair of UCAs can be formulated as
Ay =Ap0O. (3.47)

In the above equation,

©®, Onxn, Oy
©=|0n.n, ©y Onun |- (3.48)

On.xnv. Onoxn, O

O, = diag (e_jz%hcos(éi), cee e‘jz{hcos(%s» , (3.49)

2 — .27 ar 2 —. S27 or
©, = diag (]Tﬂ-h sin(@8)e 7 S heos@) ,j%h sin(&?vs)ejkhcos(eNs)) . (3.50)

where &/ = 1,2,... K —1 and Ay, = S, A € C”*" is a submatrix of A, while the se-
lection matrix Sy = [0 -1y, Iy, Oy spr(o-1)] € RP*N: . Therefore, the submatrix

of the signal subspace matrix can be expressed as
E, = S;E, = A, T € CI"*12, (3.51)
Substituting (3.47) into (3.51), one obtains

Ey = AyOT =E, T 'OT =E, ¥. (3.52)

By using the total least-squares criterion, ¥ can be estimated as \ilk/, and each
¥, has 12 sorted eigenvalues, i.e., Ay ¢ with & =1,2,...,3N;. Because the eigen-

values of an upper triangular matrix are also the diagonal elements of this matrix,
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the total 3(K — 1) different estimates for each ® in (3.47) can be obtained. Thus,

the elevation AoA from the &-th Surrounding wall is estimated as

o = Z Kzl {arccos (] (A, 5'))} (3.53)

=36-2 K

Estimation of Azimuth Angle

Since the azimuth AoAs does not have the linear relation shown in (3.51), the
ESPRIT is not applicable for our scheme. Instead, we propose the beamspace MU-
SIC to estimate the azimuth AoAs, which also achieves relatively good performance.
Without loss of the generality, we consider the beamspace received signal vector of

the k-th UCA, which has the following covariance matrix:

R;, = E, X, EH+02E EZ

ng’

(3.54)

where Eg, € CP"™*3 and E, € CP*(P'=3) correspond to the signal subspace and noise

subspace of the k-th UCA, respectively. Similar to (3.51), we can obtain
E, = AT, (3.55)

Based on the orthogonality between the columns of Eg, and that of E,,, , the beamspace

MUSIC spectrum is formulated as
1

Q(2",0;) = - (3.56)
HE (2, 07)||
where
o OaL(PT,0E) Ol (9, 6y
ak(@ 705) = [ak(gzs 705)7 kadsr : ’ kaér S (357)
3

In the above equation, 52(@,@2), 852(@,@2)/6@ and 85};(@,@2)/8@2 can be cal-
culated by substituting the array pattern in (3.38) and its partial derivatives into
(3.39) respectively, and @" is the azimuth of the AoA. The @' can be estimated by
1-D search, and the estimator of the azimuth of the AoA from the £-th surrounding
wall is given by

(;32 = argmax QP", ég) (3.58)
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Figure 3.3 : The 3-D indoor positioning system under consideration illustrating the
signal propagation in which a single BS is installed on the ceiling at known location

and an unknown MS moving within the room.

3.5 3-D Localization and Complexity Analysis

In this section, we first introduce the considered indoor localization configuration.
We then present an overview of the proposed localization approach and calculate
the AoDs of all the paths by exploiting the quasi-optical propagation property of

mmWave. The computational complexity of the proposed approach is also analyzed.

3.5.1 Indoor Configuration

As illustrated in Fig. 3.3, let us consider a 3-D indoor scenario, consisting of
a BS as the receiver, which employs one large UCyA, located at a known position
on the ceiling of a room, and an MS as the transmitter employing a single antenna

whose location in the room is unknown and needs to be estimated.

We then exploit the the quasi-optical propagation property of mmWave to esti-
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(b)

Figure 3.4 : The considered indoor positioning system showing the BS, the MS

and the four Walls (W_I-W_IV). (a) Top view; (b) Azimuth angular relationships

between AoAs of the BS and AoDs of the MS. Note that the NLoS path is reflected

from the right side wall (W_I).

Table 3.1 : Azimuth angle relationships between the BS and the MS for the specular

reflection paths.

Walls | Azimuth Angle’s Relationships (I = 1,2,..., N,)
W.I o + ¢p =27

W_II @) + ¢p = 3w

WIII O+ ot = 2m

WV GAdi=m
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mate the AoDs of all the paths. As was illustrated in Fig. 3.3, we regard the received
signal angles at the origin of the coordinates as the reference, and the AoAs and
AoDs are measured on an absolute frame of reference. In Fig. 3.4 the localization

system under consideration is further detailed.

For the LoS path, it is clear that the sum of elevation AoAs and AoDs is 7 12, and
the difference between AoAs and AoDs for LoS path always equals to 7, as shown
in Fig. 3.4(b). For the single-bounce specular reflection paths, the relationships of
azimuth angle between BS and MS are complex due to the reflections from the four
different directional surrounding walls (W_I-W_IV). We assume that the LoS path
between the BS and the MS is not blocked and the components of diffuse scattering
and multiple reflection have been filtered out. As illustrated in Fig. 3.4(b), the
BS receives the signal not only from the LoS path, but also from the four specular
reflection paths, one of which has experienced the reflection from the right side
wall (W_I). In order to locate the MS through AoAs, the specular reflection paths
from the four different surrounding walls are considered separately, as shown in Fig.
3.4(a), and the relationships of the azimuth angle between the BS and the MS are

given in Table 3.1.

In our system, when the LoS cannot be guaranteed, the single-bounce specular
reflection components is employed to ensure the positioning accuracy. Once the
distance, cz, between BS as well as MS and the estimated azimuth/elevation AoAs,
qu /ér, have been obtained by the above mentioned approaches, the accurate po-
sition of the MS can be easily determined. It is explained in Appendix B.2 that
each reflected path will identify two likely positions. For the case where the spec-

ular reflection path experiences the reflection from the right side wall (W_I), 3-D

10For the convenience of the geometrical illustration, the angle relationships between the BS and

the MS discussed here do not consider the received paths after channel compression.
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coordinates of the two likely positions of the MS are calculated as

7

B — +2D; tan?(¢%)+4/d? sin?(07) (tan($1)+1)—4D2 tan?(¢")
Wi tan?(5) 11
(2D @ sin? (6) (tan?(3)+1)—4DF tan?(3}) ) tan(3}) (3.59)
ywr = tan2($5)+1 ’
\ Swir = —d cos(6F)

where D, is the distance between the W_I and the BS. Note that for our system
model this distance is assumed to be known a priori, and that the center of the
UCyA of the BS is taken as the origin of the coordinates (see Fig. 3.3). Similarly,
by using the specular reflection paths from other walls , i.e., W_II, W_III and W_IV,
the most probable position of the MS can be obtained from each of these paths.
Since all four estimated positions are expected to be close to each other, they can be
easily selected from two likely positions for the same specular reflection path through
clustering algorithms [104]. By calculating the center of gravity of the tetrahedron

with vertex (Z¢, Je, 2¢) as the estimator of the MS’s position, we have

p

A~ 4 A~

T = 41125:1 (73

I (360)
A~ 4 A~

<= iZgﬂ 3

3.5.2 Complexity Analysis

In this subsection, the computational complexity of the proposed localization
scheme is discussed. Firstly, for the mmWave indoor scenario, the diffuse scatter-
ing accounts for approximately 10% of the total received power [43,45]. Thus the
threshold v in (3.18) was set to 0.9 to filter out the received diffuse scattering and
multiple reflection components from all directions. Since the number of received
paths, NNy, is several orders of magnitude larger than that of the selected paths, N},
(i.e.,, N, > N;), the channel compression, which has been considered as the prepro-

cessing of the proposed localization scheme, significantly reduces the computational
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Figure 3.5 : Comparison of the computational complexity vs. number of antennas.

Note that the y-axis uses a base 10 logarithmic scale.

complexity.

Secondly, the computational complexity of the proposed beamspace-based angle
estimation is compared with that of the generalized MUSIC, the extended ESPRIT,
and the extended propagator method (PM) presented in [29], [31], and [105], respec-
tively. Because the number of the beamforming weight vector w,, in (3.32) is much
smaller than the number of the antennas deployed in large-scale array systems, our
proposed method has a significantly reduced computational complexity as compared
to these three methods, all of which estimate angular parameters in the element s-
pace. Note that, by transforming the signal vectors from the element space to the
beamspace, ¥(t) is obtained by using (3.34) and (3.35). The computational com-
plexity of this step is equal to O(N,P'Ty), where T} is the number of snapshots. Since

in practice, the covariance matrix can be estimated as Ry = = S F(OF(t), the
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computational complexity for calculating the sample covariance matrix in (3.43) is
O(P"T;). When performing the EVD on Ry, according to (3.44), and estimating
@2 with 1-D search using (3.58), the computational complexity is O(P” + P?D),
where D is the search dimension of estimating QASE The complexity of remaining
steps, including performing EVD on Ry in (3.43) and estimating U, and ég , is
O(P? + K3). Thus, the overall computational complexity of the proposed angle
estimation is O(N,P'Ty + P”T, + P"® + P"?D). Note that, when the number of
UCyA antennas N, is large enough, by using the beamspace transformation, the
computational complexity of proposed angle estimation is approximately equal to
O(N,P'T,) , while that of the approach used in [29] and [31] is O(N?), and that of

the approach in [105] is O(N2(Ty + 4)).

We evaluate the computational complexity performance of all four methods as
a function of the number of antennas at the BS, where T, = 500 and P’ = 28, and
the obtained results are provided in Fig. 3.5. For a fair comparison with the other
three methods, the number of snapshots is fixed in our simulations. As the obtained
results clearly show, compared with the existing methods, the proposed approach
requires significantly less computational complexity, i.e. reductions up to several
orders of magnitude. In addition, it is underlined that the complexity performance

improvement becomes even higher as the the number of antennas increases.

3.6 Performance Evaluation and Discussion

This section presents extensive simulation results as an evidence that the pro-
posed method achieves high precision for parameter estimation and indoor localiza-
tion applications. We compare the performance of the proposed parameter estima-
tion algorithm with that of the generalized MUSIC [29], the extended ESPRIT [31]
and the extended PM [105]. We also use the CRLB as a reference to evaluate the

performance of the proposed estimation algorithm. The derivation of the CRLB for
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the system under consideration can be found in Appendix B.3. The performance
of the proposed 3-D positioning approach for both the indoor office and shopping
mall scenarios is evaluated. Additionally, it is shown that the quantization error of
the channel compression method has a negligible effect on the parameter estimation

performance of the proposed method.

As far as the simulation methodology is concerned, various experiments have
been carried out in two different scenarios over the f = 28 GHz mmWave indoor
channel!, namely indoor office and shopping mall with sizes 15 x 20 x 4 m3 and
20 x 50 x 20 m3, respectively. The locations of the BS for two scenarios are set at
(10 m, 9 m, 4 m) and (10 m, 20 m, 20 m). The distance, s, between adjacent UCAs
and the radius, r, of each UCA are 0.5\ and 2\, where ) is the wavelength of the

mmWave carrier frequency.

3.6.1 Beamspace Angle Estimation

The measurements of azimuth/elevation AoAs of the mmWave signals are gener-
ated in the simulation scenarios by adding the AoA spread, o,/0y, whose values are
set according to [106]. The path losses for different indoor wireless channels have
been calculated by using (3.5) and the threshold, v, in the channel compression was
set to 0.9. The performance of angle estimations is evaluated by using the root mean

square error (RMSE) criterion averaged over all the trials.

In Figs. 3.6 and 3.7, the RMSEs of the estimated azimuth and elevation AoAs
versus the number of received antennas are shown for the indoor office and shopping
mall scenarios, respectively, by considering SNR = 10 dB for both cases. It can
be seen that the RMSEs of the AoA parameters get close to the CRLB as the

number of received antennas at the BS increases. However, it is also noted that

HTn this system, for a UCyA with 400 antennas (25 x 16), its dimension is about 40 x 80 mm?,

which is much smaller than the communication range. Therefore, the far-field condition is fulfilled.
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when the number of UCyA antennas is not large, e.g. less then 100, the RMSE
performance of the proposed approach is worse than that of the other three methods
in [29], [31], and [105]. This can be explained because the residual term in (3.36)
cannot be neglected when the number of antennas is small, since in this case the
approximations made for the array pattern in (3.38) are not accurate. However,
when the number of antennas increases, the RMSE performance of our method
decreases faster than that of the other three methods, leading to a better accuracy
of the azimuth angles estimated by the new method. Moreover, the performance
results shown in Figs. 3.6 and 3.7 reveal that the localization precision is higher for
the indoor office as compared to the shopping mall scenario. This is due to the fact
that for the shopping mall scenario, the path losses and angle spreads are especially
high in mmWave frequency bands, which causes this degradation in the estimation

process.

Figs. 3.8 and 3.9 illustrate the performance of the RMSE for the estimated
azimuth and elevation AoAs versus the average received SNR, by setting the number
of receiving antennas to 300. These performance results show that the accuracy
of angle estimation get close to the CRLB as the average received SNR increases
and that the proposed method provides better accuracy than the previously known
methods. Similarly with the previous set of evaluation results, it is also here observed
that the positioning performance of indoor office outperforms that of the shopping

mall scenario.

3.6.2 Position Estimation

In this subsection, we evaluate the performance of the proposed 3-D position-
ing method for both indoor office and shopping mall propagation scenarios. For
each of these two scenarios, the simulations of the MS at three locations have been

carried out under two SNR conditions, i.e. 10 and 0 dB. The number of received
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Figure 3.10 : Positioning performance for the indoor office scenario. (a) SNR=0 dB;

and (b) SNR=10 dB.

antennas at the BS is 200, and the mmWave band (i.e., 28-29 GHz) is divided into
20 channels for RSS measurements. The actual locations of MS-1, MS-2 and MS-
3 for the indoor office scenario are set to (z1,y1,21)=(11.299 m, 10.750 m, 2.598
m), (22,42, 22)=(11.125 m, 11.948 m, 2.681 m) and (x3,y3, 23)=(11.237 m, 11.24
m, 3.031 m), respectively, while for shopping mall propagation scenario, they are
(x1,y1,21)=(8.66 m, 25.1 m, 17.321 m), (22,y2,22)=(7.071 m, 22.247 m, 16.853
m) and (23,3, 23)=(6.718 m, 26.7 m, 16.455 m). For each of the considered MS
locations, at least 100 localizations trials have been carried out. The three MSs are
sequentially localized. As it can be clearly seen from the results presented in Figs.
3.10 and 3.11, the proposed positioning scheme achieves decimeter-level positioning
accuracy even with low SNR values, such as 0 dB. For normal operating SNR values,

e.g. 10 dB, this accuracy improves even further.
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Figure 3.12 : The performance error due to the quantization assumption is evaluated

under different conditions of received SNR for the indoor office scenario.
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3.6.3 Effect of Quantization Error

In this subsection, the effect of the quantization on the estimation accuracy,
which is introduced by the channel compressing method is evaluated. In order to
validate the sensitivity of the proposed method to the quantization error, the fol-
lowing cases have been considered: i) The AoAs/AoDs are continuous, i.e., without
quantization error; ii) The AoAs/AoDs are quantized, i.e., with quatization error.
The resolution parameters (G; and G are set to 600 and 180 for azimuth and eleva-
tion angles, respectively. Note that for making a fair comparison, the virtual path
selection in channel compression is not employed after quantization for the second
case, and the performance simulations have been only performed for the indoor office
scenario. Fig. 3.12 presents the RMSE performance evaluation results under vari-
ous operating conditions with and without quantization. These results clearly show
that, as long as the values of the resolution parameters G; and G5 are sufficiently
large, then the effect on the overall performance of neglecting the quantization error

is minimal, if not non existent.

3.7 Summary

In this chapter, we have proposed a channel compression-based joint RSS-AoA es-
timation method for mmWave digital UCyAs. A new channel compression technique
has been first designed to overcome the high computational complexity caused by
the large number of antennas used at the BS. The technique filters out the received
multiple reflection and diffuse scattering components, and hence, the accuracy of
the parameter estimation method can also be significantly increased. We have also
shown a beamspace-based channel parameter estimation approach in this chapter,
which can transform the received signal vectors into the low-dimensional beamspace.
As a result, the dimensions of the received signal vectors are reduced. Based on the

estimated parameters, a novel mmWave indoor localization method has been pre-
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sented, which only needs a single BS to achieve 3-D NLoS localization. As we have
shown via simulations, in addition to the advantage of its low-complexity, the pro-
posed indoor mmWayve localization method is capable of obtaining a decimeter-level
positioning accuracy even for very low SNR values. In the future, we will research
the channel estimation methods in some realistic scenarios and not be narrowed to

the cuboid scenario considered in this chapter.
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Chapter 4

Channel Parameter Estimation for 3-D Wideband
Hybrid UCyAs

The following chapters of the thesis contribute to the channel parameter estima-
tion for hybrid UCyAs. Compared to conventional digital beamforming, the hybrid
beamforming is a more appropriate architecture for mmWave large array system-
s, in which a low-dimensional digital precoder/combiner at baseband and a high-
dimensional analog precoder/combiner at RF front-end are used to process each
transmission signal. The number of expensive RF chains deployed in hybrid beam-
forming is typically much smaller than the numbers of the antennas and the ADC-
s/DACs. Hence, two major obstacles for applying large antenna arrays into actual
mmWave systems, i.e., large hardware cost and high power consumption, can be

effectively overcome.

In this chapter, we propose a novel channel estimation method using a wideband
mm Wave fully-connected hybrid UCyA. We consider the UMi scenario in 5G/B5G

systems, as illustrated in Fig. 4.1. We first design a new hybrid beamformer to

/79 IJ\[I

)

Figure 4.1 : The research scenario studied in Chapter 4.
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reduce the dimension of received signals on the horizontal plane by exploiting the
convergence of the Bessel function, and to reduce the active beams in the vertical di-
rection through preselection. The important recurrence relationship of the received
signals needed for subspace-based angle and delay estimation is preserved, even with
substantially fewer RF chains than antennas. Then, linear interpolation is general-
ized to reconstruct the received signals of the hybrid beamformer, so that the signals
can be coherently combined across the whole band and beam squint is suppressed.
As a result, the subspace-based algorithms can be applied to estimate the angles
and delays of the multi-paths. Simulations show that in the UMi scenario of future
5G/B5G systems, the proposed method can approach the CRLB of the estimation

with a significantly lower computational complexity than existing techniques.

4.1 Motivation and Overview

Current hybrid beamforming schemes are typically based on CS. They exploit the
angular sparsity of mmWave channels to reduce the number of RF chains. However,
they need to discretize channel coefficients and would result in estimation accuracy
losses [33,67]. In this chapter, we propose a novel channel estimation method for
wideband mmWave hybrid UCyAs. We address the problem of beam squint and the
designed hybrid UCyA only requires a significantly small number of RF chains to
accurately estimate the delay and the azimuth and elevation AoAs of the received
paths. In Section 4.1, we first provide a motivation, the channel parameter esti-
mation for wideband mmWave hybrid arrays, and a review of the state of the art.
The system model is presented in Section 4.2, in which we provide an illustration of

considered hybrid front-end architecture.

In Section 4.3, we propose a new two-step wideband hybrid beamforming s-
trategy, which can reduce the number of required RF chains while preserving the

multiple-invariance structure in array response vectors. At the first step, we se-
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lect the needed beams vertically for angle and delay estimation by exploiting the
sparsity (or low rank) nature of mmWave multi-antenna channels. By this means,
we can estimate the number of paths and determine the number of vertical beams
needed for the parameter estimation in Section 4.4. We then design a new hybrid
beamformer to transform the high-dimensional signals of each UCA to a low di-
mension requiring much fewer RF chains than array elements. This is achieved by
first applying Q-DF'T to the signals and then exploiting the convergence property of
the Bessel function to remove insignificant dimensions. Section 4.3.3 also presents a
new spatial interpolation method. By applying the linear interpolation in both the
vertical and horizontal spatial domains, the method combines the signals across the
whole band, so that the subspace-based algorithms can be applied to estimate the

angles and delays of the multi-paths.

In Section 4.4, we estimate the channel parameters by using the processed signals
in Sections 4.3 and 4.3.3. Since all the operations conduced by the beamformer are
linear transforms, the critical invariance structure for the validity of ESPRIT for
the angle and delay estimation, can be recovered without losses between respective
submatrices of the space-time response matrix for the subsequent angle and delay
estimation. By exploiting the recurrence relations in the multiple-invariance struc-
ture, the delay and elevation angle of each path are estimated using ESPRIT. For
the azimuth angles, since the expression for the horizontal array response vectors
(4.23) does not exhibit any recurrence, we use MUSIC to estimate them based on the
obtained corresponding elevation angles. Considering that the estimated parameters
of each path cannot be matched automatically because of noises, a low-complexity
multipath parameter matching is presented in Section 4.4.3. The method adds per-
turbation matrices to mitigate the mismatch of the estimated delays and angles
caused by additive noises, and thus, the conventional high-complexity exhaustive

search can be avoided. The hardware and software complexities of the proposed
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estimation method are analyzed in the end.

Section 4.5 presents simulation results to demonstrate the performance of the
proposed parameter estimation method in the UMi scenario of 5G/B5G systems.
Compared with existing methods, we see that when the number of receive antennas
is large, our proposed approach is better than other methods in terms of angle
estimation accuracy. We also obverse that our approach achieves the best delay
estimation accuracy. This is because, by using the proposed multidimensional spatial
interpolation, the high temporal resolution offered by wideband mmWave signals is
exploited. In this section, we also plot the RMSE of the angle estimation versus
the value of the highest order under different numbers of horizontal array response
vectors. We see that the number of phase-mode vectors needed in our approach
does not depend on the number of array response vectors, which is important for

complexity reduction, as discussed in Section 4.4.4.

4.2 System Model

We consider a mmWave multi-antenna orthogonal frequency division multiplex-
ing (OFDM) system, where a BS with Ny antennas receives signals from a MS!.
We assume that the directions and delays of the paths remain unchanged during
parameter estimation. The received signal at subcarrier m (m =0,1,..., M — 1) is
given by [64]

r, = H,z,, +n,, (4.1)

' An omnidirectional antenna is deployed at the MSs to maintain connectivity irrespective of
the orientation and posture of the MSs. One of the antenna elements at the BS is set to be the
reference, so that the estimation of the MS would not rotate with respect to the BS. In the case
where a directional antenna is installed at the MSs, the received signal-to-noise ratio (SNR) at
BS could increase if the BS is inside the mainlobes of the MSs, or decrease otherwise. This could
affect the accuracy of the proposed method in either way, while the operation of the method is

unchanged.
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where H,, € CV&*! n_ € CM*! and z,, denote the channel matrix, the Gaus-
sian noise, and the transmitted signal for subcarrier m, respectively; and N, is the

number of paths. The channel matrix, H,,, can be expressed as

Np
H, = > Be > ma, (dr,, 0r), (4.2)
=1

where (3 is the complex amplitude of the [-th path; a,,(¢r, Or,) is the array response
vector with ¢gr; and 0 ; being the azimuth and elevation of the AoAs of the [-th path.
7; is the time delay of the [-th path. f,, is the frequency at the m-th subcarrier.
fm = fo + mAg, where fy is the carrier frequency at the lower end of the band
and Ap is the subcarrier spacing. If the signal bandwidth is much smaller than
the carrier frequency, then f,, ~ fy and (4.2) reverts to the standard narrowband

channel model.

The BS uses a hybrid UCyA antenna array. It consists of Ny horizontal layers
of UCAs, each having Ny antennas, i.e., Ng = Ny Ng. The radius of each UCA is
r. The vertical distance between any two adjacent UCAs is h. Therefore, the array

response vector is given by

an (PR, 0r1) = avm(Ori) @ amm(dr, Or)s (4.3)
where
1 21 Ny +1
[av.m(Or)]ny.1 = \/—N_v exp (—j 7fmh(nv _ v )COS(@RJ)) (4.4)
and

[ap,m (PR, Or1) 01 = \/jV_H exp <]'2?7rfm7” sin(fr,) cos(dr, — SOnH)) (4.5)

are the array response vectors on the vertical and horizontal planes, respectively,
with ny = 1,2,..., Ny and ng = 1,2,..., Ng. c is the speed of light. Here,
Ony = 2m(ng — 1)/Ny is the difference between the central angles of the ny-th

antenna and the first antenna of each UCA.
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Figure 4.2 : The block diagram of hybrid beamforming architecture.

We consider a hybrid front-end architecture [107], as shown in Fig. 4.2(b). By
applying a hybrid beamformer, W € CM&*Nos | to the received signal, r,,, the output

signal after beamforming can be expressed as
Vm = Wir, =WHH, 2, + Win,, (4.6)

where the hybrid beamformer, W = WgrrpWgg, is composed of an analog combiner,
Wrgp € CVRXNrr - and a digital combiner, Wgg € CVRFXNDs - Npooand Npg are the

numbers of RF chains and data streams, respectively.

We further divide the analog combiner, Wgp, into an array combiner set, Gac €
CNacxNrr - and a phase shifter set, Gpg € CVR*Nas je., Wgrp = GpsGac. Nac
is the number of the combiners deployed in the array combiner set. Nr > Npc¢ >
Ngrr > Nps. As illustrated in Fig. 4.2, Gpg is a phase shifter matrix with elements
given by [Gps],, .« = exp(j€) (§ € R,ng =1,2,..., Ng, and nac = 1,2,..., Nac).

Gac is a binary matrix, and its entry [Gac] € {0,1}(nrr = 1,2,..., Ngrp).

NACMRF

Here, the role of Wpgg is to guarantee the power constraint.
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4.3 Two-Step Wideband Hybrid Beamforming Strategy

In this section, new hybrid beamformers are designed to select the meaningful
beams needed vertically for angle and delay estimation, and transform the received
high-dimensional signals of horizontal UCAs to be low-dimensional by taking Q-DFT
and the convergence property of the Bessel function. We prove that the number of
low dimensions does not grow with the number of antennas per UCA. The minimal
number of required RF chains is the product of the number of vertical beams and

the number of low dimensions.

It is worth mentioning that all the beamformers we design here are linear trans-
forms. Therefore, the critical invariance structure for the validity of ESPRIT for the
angle and delay estimation, can be recovered losslessly between respective submatri-

ces of the space-time response matrix for the subsequent angle and delay estimation.

4.3.1 Step 1: Vertical Beam Selection

We first propose a new hybrid beamformer, denoted by Wy, in the vertical
beamspace. By exploiting the sparsity (or low rank) nature of mmWave multi-
antenna channels, the vertical beams can be selected: i) to estimate the number of
paths; and ii) to determine the number of vertical beams needed for the angle and

delay estimation (to be developed in Section 4.4).

The output signal after the vertical beamforming is yg1,, = Wir,, € CNpsax1,
The hybrid beamformer conducts vertical beamspace transforming and can be con-
structed as Wy = Gpss1GacsiWaps1, where Wppg = —}TVINV e CHNvxMv,
Gpss = Ug @ Iy, € CYVNeand Gaca = [INV ® 1]7\"[H}T € CNrxM_ Here, Uy

contains Ny orthogonal array response vectors corresponding to Ny vertically, an-
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gularly evenly spaced beams. Uq = [Uq1, Uqy, ..., Ugn,] € CYV¥MW where
. ,271' Nv—l, ‘271' Nv—?),
Ua; = [exp(=) (== i) exp(= Nv(_ 5 )1,
2 Ny —1
ceexp(— o (YT, i = 1,2, ..., Ny (4.7)
Ny 2

Thus at this step, the numbers of both data streams and RF chains are equal to
that of beams, i.e., Npg1 = Ngp1 = Ny. The number of array combiners is equal to
that of receive antennas, i.e., Nac1 = Nr. The i-th element of ys; ,, can be written

as

1
Yol = [(GrsaGaca Wane) ' tn| = —=Ull(Iy, @ 15,1, (48)

% vV NV
The total beam power at the m-th subcarrier is given by
Nv
o = yg,mysl,m = Z O-r2n,z'7 (4.9)
i=1

2
is the power of the i-th beam which depends on the AoA of

where U?n,z‘ = ’[YSl,m]i 1
the impinging signal inside the beam. Given the sparsity of mmWave multi-antenna
channels, the signal power is concentrated in a small number of beams. We select

the dominant beams at the m-th subcarrier by defining an index selection set U,,,

as given by
Un = {n(1),1(2),. .., n(Nam)}, (4.10)
where Np,, is the number of selected beams, and 7(u,,) is the index for ng(um)
with u,, = 1,2,..., Ng,. n(u,,) can be obtained as
(
(1) = argmax,e(1,... Ny} T is
N(2) = arg maxie(1,... Ny P\ (n(1)} Tm.i»
) v (4.11)

N(NBm) = arg Maxic 1, Ny P\ (n(1)....0(Nom—1)} T

\
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The following criterion can be used to decide Ng,, and select the Ng,, strongest

beams:
NB,m

Z Urzn,n(um) > 77037,’ (412>

Um=1

where 7 is a power threshold which can be empirically specified. 1 can be selected
close to 1, e.g., n = 0.9, as paths reflected more than once, and diffuse scatter-
ing, account for less than 10% of the total energy, as found in [45]?. Moreover,
mmWave signals fade rapidly when reflecting off a surface [108], and become barely

distinguishable from noises after two reflections [35,45,97].

There is dispersion in the angular domain across the bandwidth in multi-antenna
wireless systems [39]. We first assume that the transmission channel at each subcar-
rier is narrowband. Because of small dispersion in narrowband systems, the number
of orthogonal beams in the vertical beamspace is equal to the number of received
paths, i.e., Ng,, = N, [39]. However, the dispersion can have a non-negligible effect
in broadband systems such as the one considered in this chapter, where a point
source spreads across spatial angle and time. A strong dispersion would result in
severe power loss and pulse distortion, if not addressed properly, and affect the
follow-on angle and delay estimation. The dispersion effect can be characterized by
the channel dispersion factor, 7, as specified by [39]

1 Np 1 Np
1=y L=y e

P =1 P =1

, (4.13)
where v = W/ f, is the fractional bandwidth, x.; = fchcos(fr,)/c is the normalized
beam angle, W is the signal bandwidth, and f. is the center frequency.

To illustrate the impact of the dispersion, we assume that the system operates

at f. =30 GHz and the transmitted signal has unit amplitude. For simplicity, it

2Tt is shown in [45] that for mmWave systems, the contributions of paths reflected more than
once, and the diffuse scattering components are weak, only accounting for less than 10% of the

total energy.
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is assumed that only one path with 5 = 1 and 6g; = 60°, and the number of
beams is Ny = 60. Thus we have x.; ~ 0.25, which corresponds to the 7, = 15-
th beam. Fig. 4.3(a) shows the normalized power, |ys.:(f)|° /Ny, of the 14-th,
15-th, and 16-th beams versus the normalized frequency, fiorma = f/fe, for f €
[—=W/2,W/2]3. We can see that, if the normalized frequency fuoma < 0.033, i.e.,
the channel dispersion factor v < 1, the beams in Fig. 4.3(a) do not affect one
another within the bandwidth, W. If v is larger than 1, power loss and interference
may occur. To prevent this from happening, the v adjacent beams centered at i
need to be taken into consideration. In the case of v = 3, Fig. 4.3(b) plots the
normalized power of the combined one from three beams, i.e., the 14-th, 15-th, and
16-th beams. It can be seen that, by combining the three beams, the normalized

power becomes approximately flat across the operating band.

Because of the dispersion, we have to jointly consider Ng = N, vertically spaced
beams to include all possible beams, as the normalized beam angle, x.;, is unknown.

The overall index selection set U is given by
Z/{:Z/{o UZ/llU...UZ/{M,l, (414)

where the element of U is n(u) with u = 1,2,..., Ng. It is possible that the same
indices are picked up at different subcarriers because of the dispersion, e.g., n(u,,) =
Nty ) for m’ € {0,..., M — 1} \ {m}. We have Ng = N, < >} Ng,, to avoid
missing significant paths in the subsequent channel parameter estimation process.

Algorithm 1% summarizes the procedure of the beam selection at this step.

3For convenience, here we only plot the beam power as a function of continuous frequency for

illustration.

4Card(U) in Algorithm 1 denotes the cardinality of the set U.
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Algorithm 1 Beam selection algorithm

e Input: The processed signals, yg m,(m =0,1,..., M — 1), the beam number,

Ny, and the threshold, 7.

e Output: The overall selection set, U, and the estimated number of significant

beams, Ng.
e Initialization: U =Uy =U, = ... = U1 = 0,
e Form=0to M —1do

— Set V =1.
— For i =1 to Ny do
% 02, = |ys1,mi|’, and updateV =V U {02 ;}.
— End for
- 03n = Zi\;\/l U?n,i‘

- While Zn(um)ezf{m 0-3%77(um) < 770_72” dO

+ Find the largest o7, ; from V, and update Uy, = Uy, U {i} and V =
VA {o Zm}
— End while

— Updated =U UU,,.
e End for

o Np =Card(U).
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4.3.2 Step 2: Horizontal Q-DFT Beamforming

We proceed to design a new hybrid beamformer to transform the high-dimensional
signals of each UCA to a low dimension requiring much fewer RF chains than ar-
ray elements. This is achieved by first applying Q-DFT to the signals and then
exploiting the convergence property of the Bessel function to remove insignificant

dimensions.

We first derive an approximate expression for the array response vector to explain
the design rationale of this step. According to the Jacobi-Anger expansion [109],

the ng-th array response vector on the horizontal plane can be written as

eI @m, 1 COS(PR,1=Pny)

1
[aH,m(¢R,l7 QR,Z)]nH,l == \/N_H

1 > .
= 79Ty () I OB =P 4.15
A 2 d"hiem) (4.15)
where w,,; = 2?“ fmrsin(fr,) and J,(w@,,,;) is the Bessel function of the first kind of

order q.

We notice that the last multiplier in (4.15), i.e., e/4(@ri=¢nu) = ia¢ri—s2ma(nu—1)/Nu
which is of strong resemblance to the weight vectors in the DFT. We take the Q-

DFT [110] to transform the horizontal array response vectors (4.15) to offset ¢p,;.

The p-th order Q-DFT of (4.15) can be expressed as

Nu 7‘7'27"(”H71)p
Apmyp = Z ([amm (PR, OR D) nga) € 7 ™

TLH_I

o0

Z Z j J wml ejq (PR,1—Pnyy ) —IPPny

nH 1 g=—0c0

Z (Z 79, ( Ye I em p+q)€Jqd>Rz) _ (4.16)

nH 1 \g=—o0
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Let p+ g = QNy, i.e., g = QNyg — p. Then, (4.16) can be rewritten as

o0

1 (QNy— {(ONy—
Apyiy = o Z Nigj@Na=D) Jon o () e/ @NE—PIom
Q

(—i) NH ijp(wm,l)e_jpd)R’l—i_ Z 5P7Q(wm,la¢R,l> 3 (417)

Q=—00,Q#0

=—00

o0

where

_ (QNu—p)

ep.@(Tm1, Pr1) = J TNy (@) QN PIRL

(%) is obtained by the property of the Bessel function J_,(z) = (—1)"J,(x) [109].

Lemma 1. For the Bessel function J,(x), when its order v is larger than its ar-
gument x, i.e., |v| > |z|, the amplitude of J,(x) is so small and negligible, i.e.,

|J,(2)] = 0.
Proof. See Appendix C.1. O

From Lemma 1, we can derive the following theorem on the approximation of

the horizontal array response vector.

Theorem 1. If Ny > 2P, the Ng-dimensional array response vectors on the hori-
zontal plane can be transformed to a much smaller (2P + 1)-dimensional space with
negligible loss, i.e., p € [—P,P| N7Z, where P = |2nfyr/c| is the highest order.
The p-th order of the (2P + 1)-dimensional vector, Appyp, can be approzimated as

Apmyp =V Nuj? Jp (@) exp (—jpdri) -
Proof. See Appendix C.2. O

According to Theorem 1, we see that, by using the Q-DFT, the Ng-dimensional
array response vectors of the horizontal UCA can be transformed to only (2P + 1)

dimensions, and each element of the vector can be approximately expressed as an
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exponential function weighted by a Bessel function of the same order, as long as the

conditions in Theorem 1, i.e., Ny > 2P, is met®.

We note that Q-DFT is a linear transform and hence can preserve the multiple-
invariance structure of the array response vectors for the subsequent angle and delay
estimation, as will be elaborated on in Section 4.4; see (4.33) and (4.40). Thus,
combining with the beams selected at Step 1, we can design the values of the phase
shifters based on the Q-DFT and the beamspace transform to convert the array
response vectors to a low dimension. Only a small number of RF chains are needed

for channel parameter estimation.

At this step, the hybrid beamformer is Wy, = Gps2Gac2Wpps2. Then we
have

Vom = Whr, = (Gps2Gac2aWpps) T, € CNPs2x (4.18)

where WBB,SZ = NV/NHI(2P+1)NB € CmPH)NBX@PH)NB, Jgp = [JB,la JB,Q» ce
Jp.ng) € RMVNE and Gacee = Jp @ Ligpiq) € REPFDNVXEPEDNe - The element of
JB,u S RNvx1 g

1, if ny = n(u);
IBulny 1 = (4.19)
0, otherwise.

We design the phase shifter set of the analog part of the hybrid array, as Gpg e =
Uy ® Ugy € CVrXCPHONY - where Uy is given in (4.7) and the element of Ugy €

CNux@P+1) can be expressed as [Ugg] = ef?r(m=Lp/Nu - Hence, the analog

ny,p+P+1

combiner of the hybrid array can be constructed as

Wherrs2 = Gpss2Gacse = (Ug @ Ug) (I @ Ligpy1y)

- (Uads) ® (Usmlpin)) = Usy @ Ugg, (4.20)

5In general, this condition can be met in large-scale antenna array systems, where a large

number of antennas are deployed.
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where (x) follows a property of the Khatri-Rao product, i.e., (A ® B)(C ® D) =

AC ® BD. The element of Ugy € CM™*Ne can be calculated as [Ugy]

ny,u

exp(— ]N (N";l — ny)n(u)). As a result, at this step we have Npss = Ngpa =

(2P 4 1)Np data streams and RF chains, and Nac o = (2P + 1) Ny array combiners.

The processed received signal in (4.18) can be written as

Ys2om = Wszrm - (GS2WRF,S2WBB,S2)Hmem + WSQ m
Np

—(Ugy ® Ugp) Zﬁzx eI InTig, (¢R179Rl)+wsgmnm

=1

Ny
Nu

(x N
= \ NZ Z 5z:r;me*32”fm” UH @ Ul 1) (av,m(0r1) ® amm(dr, Or,)) + W82m

= Z Bime 7T (\/ Ny UL ay m(0ra)) @ (——==Ulamm(dr., 0r1)) + Wi ,on
=1

Np

= Z Bime 2 @y (Or,) @ anm (¢ra, Or,)) + W00, (4.21)

=1

\/N_

where (x) stems from another property of the Khatri-Rao product, i.e., (A @ B)# =
A" @ Bf. According to Theorem 1, the elements of the resulting vertical and

horizontal array response vectors ay ., (fr,;) and am ., (¢r,, Or,) are given by

[Av.n(Or)]ur = VNvURay . (0r))

Ny

= ngjl exp (—j%rfmh(nv — NV2+ 1) COS(QRJ)) exp (jJZV—Z(NV;_ L nv)n(u))
_sin (Ny (27 finh cos(Or,)/c — 2mn(u) /Ny )/2) (4.92)
~ sin((2n fiuhcos(Ory) /e — 2mn(u)/Ny)/2) '
and
[apm (PR, Or) ] pr P11 = \/N—USHaHm(ch,z, Or.)
L Apaiy & 57y () IR (4.23)

=N
Steps 1 and 2 are indispensable, reducing the number of required RF chains sub-

stantially from Ng to (2P + 1)Ng.
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4.3.3 Multidimensional Spatial Interpolation

When the fractional bandwidth or the scale of the antenna array is large, the
aforementioned beam squint effect arises [39]. This is because the array response
vectors (4.22) and (4.23) depend on the frequency of the specific subcarrier f,,. The
beam squint effect would compromise the capability of jointly utilizing the received
signals at all frequency bands to estimate the path parameters. As a result, the
high temporal resolution of wideband mmWave systems could not be effectively

exploited.

One could keep the array response matrices consistent across all frequencies,
by transforming the array response vectors (4.22) and (4.23) associated with the
frequency f,,, Vm =0,1,..., M — 1, into the corresponding array response vectors
at the reference frequency fo [71]. For continuous signals, this could be ideally
achieved by the Shannon-Whittaker interpolation [111], which sets different vertical
distances and radii at different frequencies, i.e., hyim = foh/ fm and ryim = for/ fm.
Then, from (4.22) and (4.23), the virtual vertical and horizontal response vectors,

av,m(0r,) and ag,,(0r,), can be constructed as

sin (Nv (27 frhyim cos(0r ) /¢ — 2mn(u) /Nv)/2)
sin ((27 frhvim cos(Or ) /¢ — 2mn(u) /Ny )/2)

_ sin (Nv (27 foh cos(0r,)/c — 2mn(w)/Ny)/2)

sin ((27 foh cos(0r ) /c — 2mn(u)/Ny)/2)

= [av,0(0r.1)]u1 (4.24)

[avm(0R1)]u1 =

and

. . 2m ) .
[anm (Pr1, Or)]pr P11 = ]pJp(?fmrvi,m sin(fg ))e /PoR

. 2m ) s -
= jPJp(?fOT sin(fr,))e PP" = [ap o(dr1, OR)]pr Pt (4.25)
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The signal reconstructed by using (4.24) and (4.25) can be expressed as

Np

Fom = 3 Bitme I (ay 1 (Or) @ drn(Sra, Ora)) + W 1,

=1
Np

= Z Bizme 2T @y o (0r,1) © ano(Pr., Ora)) + W

=1
Np

— Z Bl:rme_ﬂﬁfmnglo(gbml, QR,Z) + Wg’mnm. (426)

=1

In practice, unfortunately, the Shannon-Whittaker interpolation could hardly achieve
perfect signal reconstruction for time-limited signals, and it also has a high compu-

tational complexity [111].

In this chapter, we extend linear interpolation [112] (which is a low-complexity
and effective method for data point construction) to the multidimensional spatial
interpolation. The multidimensional array response matrices consistent across all
frequencies can be constructed by using the received time-limited signals. By ap-
plying the linear interpolation in both the vertical and horizontal spatial domains,
we can reconstruct the signal in (4.21) and obtain an approximation of (4.26). The

reconstructed signal is calculated as

hvi,m

~ v,
[yszm]nDs,g,l = [ysz’m]nDs’Q,l + %AYSQ,H,m + AYS2,V,m7 (427)

where npss = 2P+ 1)(u — 1) +p. If npsa < 2P + 1)(Ng — 1), A and

A

Ys2,H,m

ye2v.m are constructed as Ay, = = [yszvm](nDS,erl),l — [ySva]ns,l and Ay, =

[ySZ,m](nDS’2+2P+1)’1 - [ys2,m]nD372’17 respectively. Otherwise, Ay, . = [ySZm]nDS,QJ _

[YS2,m](nDS72_1),1 and AySQ,V,m = [ySZ,m]nDS’%l - [YS2,m](nD572_2p_1)71-

By using (4.27), all the subcarrier signals can be coherently combine, and thus
the high temporal resolution offered by wideband mmWave systems can be utilized
to improve the delay estimation accuracy. However, if we directly use the OFDM
channel model (4.1), we process the signals at each subcarrier separately, which

cannot exploit the high temporal resolution of wideband mmWave systems.
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4.4 Wideband JDAE Algorithm

In this section, we estimate the path parameters of the MS based on the processed
signals in Sections 4.3 and 4.3.3. Since the beamformers developed in Section 4.3
are linear transforms, the multiple-invariance structure required for ESPRIT can
be recovered losslessly between respective submatrices of the space-time response
matrix. By exploiting the recurrence relations in the multiple-invariance structure,
the delay and elevation angle of each path can be estimated using ESPRIT. For the
azimuth angles, the expression for the horizontal array response vectors (4.23) does
not exhibit any recurrence. Hence the azimuth angles are estimated by using MUSIC
after obtaining the corresponding elevation angles. The hardware and software

complexities of the proposed estimation method are analyzed in the end.

Collecting the received signals at all frequencies, we have § = [¥s2.1, ¥s2.2: - - - Ys2,m] -

Assume that the same signals are transmitted at all subcarriers. We can vectorize

y as

Fvee = vec(y) = [I‘ o A] d + vec(ii) = Ud + n,, (4.28)
Where A f— [éo<¢R,lﬂ eR,l)a RN ,éo((bR,Np, eRpr)] ; fl - Wg [n17 N 7nM] ) [F]m,l =
e 2T and d = z [y, o, . ,BNP}T. Here, U € CNos2MxNo ' als0 known as the

space-time response matrix in [113], collects the set of AoAs and path delays. The

covariance matrix of ¥, can be calculated as
RS’vcc =E {S’vecyggc} = UAdUH + OﬁI(NDs,zM)? (4'29)
where Ag = E {ddH } is a diagonal matrix. The EVD of Ry, .. can be obtained by

b O N, % (Nps 2 M—Ny)

Ryvec = [ES’ En] X [ES’ EH]H

2
O(NDS,QM*Np)XNp JnINDs,QJ\/[—Np

= EXS.EY + o’E,EY, (4.30)
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where E; € CNos2MxNo qnd B, € CVos2Mx(Nos2M=No) o61respond to the signal
subspace and noise subspace, respectively. X, € RV >*™ ig a diagonal matrix whose
elements are the NV, largest eigenvalues of Ry, .. Based on E,Ef +EE = Iy,

(4.30) can be rewritten as

Ry

= Eu(2 — 021 JEI + 0Ty, (4.31)
By letting (4.29) equal to (4.31), we obtain
E, = UT, (4.32)

where T € C™*Mp ig a full rank matrix.

As noticed below, U in (4.32) has a multiple-invariance structure with a linear
recurrence relationship. The relationship can facilitate utilizing the ESPRIT method

to estimate the delay and elevation angle of each path.

4.4.1 Delay Estimation

Define the delay-selection matrix as Jp = diag(Jp1,...,Jpa) € RM*Nos2M
where Jp ,, = 11:@13&2' We can obtain the delay-related submatrix Up = JpU €
CM*No . By defining Jp,, = [01x(m-1), 1, O1x(ar—m)] € RYM_ the delay-related
submatrix associated with the frequency f,, can be calculated as Up ,, = J pD,mUD €
C™Ne_ Thus, we can obtain a linear recurrence relation between the delay-related

submatrices of each frequency as
Upm+1 = UpmOb, (4.33)

where Op = dlag (6*j27TAFT17 o e*jQWAFTNP) € CNoxXNo gand m = 1,2,...M —1.

According to (4.32), the delay-related submatrix of the signal subspace matrix

at the frequency f,, can be given by

Epm = JpmIpEs = Up,,, T. (4.34)
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Substituting (4.33) into (4.34), we obtain

Epn+1 = EpsaT'OpT = Ep 7, ¥p. (4.35)

By using the total least-squares (TLS) criterion [37], we estimate U = T~ '@pT
as \ilD,m, each of which has in total N, sorted eigenvalues, i.e., Ap s n,. Due to the
fact that the eigenvalues of an upper triangular matrix are also diagonal elements
of the matrix, we can obtain (M — 1) different estimates for each ©p. As a result,

the delay of the [-th path, 7;, can be estimated as

1 M-1

=S Z i In(Ap,mi) /27 AR . (4.36)

m

4.4.2 Angle Estimation

We first use the processed vertical array response vector (4.24) to estimate the
elevation angle. According to (4.22), the (u+1)-th element of ay o(fr ) can be given
by

sin (Ny (27 foh cos(Or ) /c — 2mn(u + 1)/Nvy)/2)
sin ((27 foh cos(0r)/c — 2mn(u + 1)/Ny)/2)

[avo(Or)]ut11 = (4.37)

Comparing [ay o(fr)]u+1,1 With the u-th element in (4.24), we see that two succes-
sive components of the processed vertical array response vector, [ayo(fr;)].1 and

[av,0(fr.1)]ut1,1, are related as follows.

(=1 sin ((9(Br,) — 27n(w)/Nv)/2) [Ev.o(Or0)]ut

= (=1 sin ((g(0ry) — 2mm(u + 1)/Nv) /2) % [avo(fr)]urr1, (4.38)
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where g(0r,) = 2 foh cos(r,). By trigonometric manipulations, we rewrite (4.38)

(—1)™® sin (n<u>Niv) Avo(Br)us
(1 gy <n<u " ”va) v (Or) s

= tan (@) {(—1)’7(“) cos (W(U)Niv) [av,0(0r.0)Ju

+(=1)" D H cog (77(“ + 1)NL) [éV,O<9R,l)]u+1,1:| .
%

Stacking all (Ng — 1) equations together yields

0 ~ -
tan (g( 2R,l)) FOaV,O(eRJ) = Flav70(0R,l)7

where

p

(—1)"@ cos(27mn(@) /Ny), if u = n(a);
[Folg, = § (—1)"@ D+ cos(2mn (i + 1) /Ny),  if u = (i + 1):

0, otherwise.

\

(

(=1)"® sin(2mn(a) /Nv), if u = n(a);
[F1]a, = § (=1)7@ D+ gin(2mn(a + 1) /Ny), if u=n(a+ 1);

0, otherwise.

\

with @ =1,2,...,Ng — 1.

(4.39)

(4.40)

(4.41)

(4.42)

The processes of selecting the angle-related submatrices are similar to that of

selecting the delay-related submatrices. Define the angle selection matrix as Jy =

11, ® In,g, € RNps2XMps2M - Then the angle-related submatrix can be formulated

as Uy = JAU € CMos2xM Baged on the recurrence relation in (4.40), we can

construct

F,UyB®y = F,Uy,

(4.43)
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where @y = diag (tan(g(6r1)/2), ..., tan(g(fr n,)/2)) and Uy = JyU, € CVexMe
is a submatrix of Uy, where Jy = Ijppi1y ® 15, € RVB*Nps2 Thus, the vertical

array response-related submatrix can be calculated as
Ey = JyJAE; = JyJAUT = Uy T. (4.44)
Substituting (4.44) into (4.43), we can obtain

FoEyT '©yT = F)Ey¥y = F,Ey. (4.45)

With reference to the delay estimation in Section 4.4.1, the elevation angle of

the [-th path, él, can be estimated as
Or, = arccos (arctan(\y,) /7 foh) , (4.46)

where Ay, is the [-th eigenvalue of \ilv, and \ilv is the estimated matrix of Wy =

T_levT.

According to (4.23), the expression for each horizontal response vector, which
does not have the invariance structure, is an exponential function weighted by the
Bessel function. There is no recursive relationship for the azimuth angle estimation.
After obtaining the elevation angles, we use MUSIC to estimate their corresponding

azimuth angles.

Define Jy = Jyada € REPFNos2M where Jya,, = [Laps1), 0@p41)x(2P+1)(Ng—1)]
€ RZPHUxNbsz2 We can obtain the corresponding horizontal signal ¥vee s = Ju¥vee €
C@P+x1 - As done in (4.30), the covariance matrix of Fye. can be calculated as

R-

goen = BsnXsuBE7 + 02E, n B, where Eq i and E, iy are the signal and noise

subspaces of Yyecm, respectively.

By substituting the estimate of the [-th path, ém, in the MUSIC estimator, the

azimuth angle of the path can be estimated by

R ) 2
Ory = arg max HEszaH,O(@7 GRJ)‘ -

, (4.47)

where @ is the azimuth of the AoA, and can be estimated by 1D search.
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4.4.3 Multipath Parameter Matching

As described above, the estimated channel parameters of each path can be
matched automatically in the case of negligible noise. This is because they have
the common factor T, as shown in (4.32). In the presence of non-negligible noise,
there can be a mismatch between the estimated parameters. We take the delay
and the elevation AoA for an example. According to (4.35) and (4.45), we have
¥y = T51®DTD and Wy = T{,l(aVTV, but Ty # Tp # T because of the noise.
Most existing pair matching methods would require the approximate values of the
estimates first, and then use an exhaustive search to match all possible parameter
pairs [63]. Such methods would lead to prohibitive computational complexity if the

numbers of paths and parameters are large.

We note that in our approach, the estimated elevation angles, éRJ, are used for
the estimation of the azimuth counterparts, QASRJ, so that the azimuth and elevation
angles of each path are always matched; see (4.47). Since a mismatch of the esti-
mated delays and angles is primarily caused by additive noises, the mismatch can be
mitigated by adding perturbation matrices [114]. Provided two perturbation matri-
ces Pp and Py with W, = ¥, +Pp = T5'0pTp and ¥y = Uy +Py = T!0y Ty,
we can obtain Tp = Ty = T. The parameter pair matching in (4.35) and (4.45)
can be achieved. The perturbation matrices Pp and Py can be obtained by solving

the following problem [114]:

min [Pol? + [Py} (1.48)
s.t. (‘I’D + PD) (‘IJV + Pv) = (\I’D + Pv) (‘I’V + PD) s (449)

where (4.48) is formulated due to the fact that Pp and Py need to obey the minimum

Frobenius norm constraint [114]. The exact solution to this non-linearly constrained
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problem (4.48) is hard to find. To solve the problem, we rewrite (4.49) as
PpPyv — PyPp = ¥p¥y + PyWy + ¥pPp — ¥y — UpPy — PpWy. (4.50)

We assume that the perturbations are much smaller than ¥ and ¥y, then the term
(PpPy — PyPp) in (4.50) can be suppressed [115]. We only add the perturbation

to Wp, i.e., letting Py = 0. Then Pp can be obtained as
VGC(PD) = [‘I’g D (—lIlv)]TVeC(\IIV\IID — \I/D\Il\/). (451)

By adding the perturbation matrix Pp to the elevation angle eigenvalue matrix Wp,
the delay and the elevation angles can be matched. The parameters of each path

can be associated correctly.

4.4.4 Complexity Analysis

We proceed to analyze the hardware and software complexities of the proposed
channel parameter approach. For a large-scale antenna array system using fully
digital beamforming, its hardware complexity is O(Ng). In our proposed approach,
the use of the hybrid beamformer allows for a dramatic reduction of the hardware

complexity from O(Ng) to O(Ngr), where Ngp = max(Ny, (2P + 1)Ng).

In terms of signal processing complexity, we compare the proposed approach with
existing techniques, including quadric rotational invariance property-based method
(QRIPM) [29], generalized beamspace method (GBM) [14], and Quasi-Maximum-
Likelihood estimator (Q-MLE) [116]. For the proposed approach, after hybrid beam-
forming, the dimension of the received signal is reduced to Npg 2, so the computation-
al complexity of MDSL processing is O(Nps 2 M) = O((2P+1)NgM) = O(yPN,M).

The computational complexity of calculating the covariance matrix, Ry, .., in (4.29)

Yvec?

and performing the EVD on Ry, according to (4.30) is O(y*P?NjM?T,) and
O(y*P3N3M?), respectively, where T is the number of snapshots. The complex-

ities of computing the delay 7; and the elevation angle, QAR,Z, are O(M NS’) and
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Figure 4.4 : Variation of the software complexity vs. the number of antennas.

O(y*N? 4+ N?), respectively. When estimating ¢r, with 1D search using (4.47),
the computational complexity is O(y*N;D), where D is the size of the search di-
mension. For the pair matching operation, the computational complexity is O(N}).
Thus, the overall computational complexity of our proposed estimation approach is
O(vPNpM—FvQPZNgM?TS+73P3N3M3+MN§+72N§+N3+72N§D+N§), which,
in fact, has no dependence on the number of receive antenna Ng. The computational
complexities of QRIPM and GBM increase rapidly, as the number of receive antennas
increases. When the number of receive antennas Np is large, the computational com-
plexities of QRIPM and GBM are O(N3M*) and O(P3N3M*), respectively. The
computational complexity of Q-MLE is O(NAM?*NaziNere NpeL + (N, NgM)39),
where Naz1, NgrLg, and Npgp, are the search grids of azimuth angle, elevation angle,

and delay, respectively.
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Fig. 4.4 compares the computational complexities of the four methods with
the growing number of antennas Ng = NyNy, where v = 2, N, = 3, M = 20,
and P = 12. We set D = Naz1 = Ngrg = Npgr, = 100. The figure shows that,
compared with the existing methods, the proposed approach has a substantially
lower computational complexity. In addition, the reduction is increasingly significant

with the growing number of receive antennas at the BS.

4.5 Simulation Results

This section presents simulation results to demonstrate the performance of the
proposed approach under different parameters in the UMi scenario of future 5G/B5G
systems. We set fo = 30 GHz and B = 2 GHz%, and assume that there are a total
of N, = 3 NLoS paths and M = 20 consecutive subcarriers. The distance, h,
between adjacent receiving UCAs and the radius, r, of each UCA are 0.5)\¢ and 2\,

respectively.

Fig. 4.5 shows the RMSE of the angle and delay estimates, and compares the
proposed approach with QRIPM [29], GBM [14], Q-MLE [116], and the CRLB.
Figs. 4.5(a) shows the RMSE of the estimated azimuth AoAs versus the number
of receive antennas under different signal-to-noise ratio (SNR) conditions. In Fig.
4.5(a), we see that the RMSE of the estimated azimuth AoAs approaches the CRL-
B, as the average received SNR or the number of receive antenna increases. We
observe that, when the number of antennas is not large, the RMSE of GBM and
the proposed approach is worse than that of QRIPM. The reason is that the condi-
tions in Theorem 1 may not be satisfied, and the approximation in (4.23) may not

hold. However, when the number of antennas increases, the RMSE of GBM and the

6In this system, for a UCyA with 400 antennas (25 x 16), its dimension is about 40 x 80 mm?,

which is much smaller than the communication range. Therefore, the far-field condition is fulfilled.

"The CRLB is calculated according to [47,117].
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proposed approach decreases faster than that of QRIPM, and our approach quickly
outperforms QRIPM and GBM. The RMSE of the estimated elevation of the AoAs
by using different estimation methods is shown in Fig. 4.5(b). We see that when the
number of receive antennas is smaller than 100, GBM, and the proposed approach
are still inferior to QRIPM. When the number of antennas is large, our proposed
approach is better than QRIPM and GBM in terms of angle estimation accuracy.
It is observed in Figs. 4.5(a) and 4.5(b) that Q-MLE outperforms the other three
approaches, including the proposed approach, in terms of angle estimation. As ana-
lyzed in Section 4.4.4, Q-MLE has a much higher signal processing complexity than
our approach. In addition, it is shown in Fig. 4.5(c) that our approach achieves the
best delay estimation accuracy. The reason is that, by using the proposed multidi-
mensional spatial interpolation, the high temporal resolution offered by wideband
mm Wave signals is exploited. As also shown in Fig. 4.5(c), we can see that the de-
lay estimation accuracy does improve when the antenna number increases, but the
improvement is not evident. This is because the delay estimation precision primarily

depends on the signal bandwidth, instead of the number of receive antennas.

In order to validate Theorem 1, Fig. 4.6 plots the RMSE of the angle estima-
tion versus the value of the highest order, P, under different numbers of horizontal
array response vectors. We see that when the highest order P < 11, our proposed
approach cannot perform satisfactorily, since the number of phase-mode vectors is
not sufficient to represent the transformed array response vectors in Section 4.3.2.
Fig. 4.6 also shows that, if P > 12, whatever the number of array response vectors
is, increasing the phase-mode vectors has little influence on the angle estimation
performance. This means that the number of phase-mode vectors needed in our
approach does not depend on the number of array response vectors, which is im-
portant for complexity reduction, as discussed in Section 4.4.4. In addition, we also

see that because the condition in Theorem 1, Ny > 2P, is unlikely to be satisfied
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when Ny = 10, the RMSE is much poorer than those applying more array response

vectors.

4.6 Summary

This chapter has presented a novel channel estimation method for mmWave UMi
environments with wideband hybrid UCyAs. We have introduced a new 3D hybrid
beamformer, which can reduce the number of required RF chains while maintaining
the critical recursive property of the space-time response matrix for angle and delay
estimation. We also have also generalized linear interpolation to reconstruct the
output signals of the 3D hybrid beamformer. We have shown that this method
can achieve consistent array response across the wideband and suppress the beam
squint effect. As a result, the delay and the azimuth and elevation angles of every
multi-path component can be estimated. Simulation results have shown that, in the
UMi scenario of large-scale mmWave antenna array systems, when a large number

of antennas is deployed, our proposed method is capable of precisely estimating the
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channel parameters even under low SNR conditions. In this chapter, we assume
that the bandwidth is continuous. In practical scenarios where the bandwidth is
intermittent, we can first employ some filters to obtain the signals at equal-spacing

subcarriers, and then use the proposed algorithm for parameter estimation.
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Chapter 5

Tensor-based Parameter Estimation for Hybrid
Directional UCyAs

This chapter is devoted to high-accuracy channel parameter estimation algorithm
for hybrid UCyAs with directional beamforming. 5G mmWave communications,
in general, is applied for short-distance communication applications, such as in-
door environments and UMi, due to severe free-space pathloss. To support long-
distance links in some specific mmWave communication scenarios, e.g., RMi, di-
rectional beamforming is deployed with large antenna arrays, which appears to be
inevitable to provide sufficient signal transmission power. Moreover, the very short
wavelengths of mm-Wave signals enables large antenna arrays to be packed into
small form factors, which, fortunately, makes realization of the large arrays needed

for high beamforming gains feasible.

In this chapter, we present a novel tensor-based method for multi-dimensional
wideband channel estimation in large-scale mmWave hybrid UCyAs. We consider
the RMi scenario in 5G/B5G mmWave systems, as illustrated in Fig. 5.1. We design

a new resolution-preserving directional hybrid beamformer and a low-complexity

B

Figure 5.1 : The research scenario studied in Chapter 5.
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beam squinting suppression method, and reveal the existence of shift-invariance
relations in the tensor models of received array signals at the UCyA. Exploiting
these relations, we propose a new tensor-based subspace estimation algorithm to
suppress the receiver noises in all dimensions (time, frequency, and space). The
algorithm can accurately estimate the channel parameters from both coherent and
incoherent signals. Corroborated by the CRLB, simulation results show that, in the
RMa scenario of future 5G/B5G systems, the proposed algorithm is able to achieve
substantially higher estimation accuracy than existing matrix-based techniques, with

a comparable computational complexity.

5.1 Motivation and Overview

In this chapter, we arrange and process the received signals in the tensor form
to exploit the relations between each dimension/domain of the received signal. As
stated in Section 5.1, tensor-based channel parameter estimations have been demon-
strated to be more powerful than conventional matrix-based techniques [75-77].
However, traditional multiparameter estimation is typically matrix-based, which
needs to stack and process the received multidimensional data in a two-dimensional
space-time matrix. As a result, the relations between each dimension/domain (e.g.,
space, time, and frequency) of the received signal would be damaged [118]. On the
other hand, since the parameters (e.g., AoA, AoD, and delay) are coupled in the
space-time matrix, before using subspace-based algorithms, the space-time matrix
has to be divided into multiple (> 6) subarrays to decouple them, increasing the

estimation complexity.

Specifically, in Section 5.3, we first design a hybrid directional beamformer to
synthesize the received signals. The beamformer sweeps on the vertical plane and
operates omnidirectionally on the horizon plane. We use Q-DFT to reduce the

dimension of the received signals with a negligible cost of the channel estimation
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accuracy, and design the digital beamforming coefficients to make the beamformer
sweep on the vertical plane to deal with the severe free-space pathloss of mmWave
links. In this way, the signals can be processed with much fewer RF chains (than

antennas) and an acceptable communication quality can be obtained.

We then develop a low-complexity UCAMI in Section 5.4, which can suppress
the beam squinting effect and enable coherent combining of measurement signals
across wideband. The conventional UCAMI [73] needs to solve a computational-
ly expensive multi-dimensional optimization problem whose dimension is equal to
the number of estimation parameters. After being processed by the RF network,
we see that only the elevation angular-related array steering vectors depend on the
subcarrier frequency. Therefore, the proposed new UCAMI only optimizes the fo-
cusing matrices in the elevation angular domain. There are only 1-D optimization
problems in our method, whose computational complexity is much lower than the

conventional UCAMI.

By stacking the received signal in the multidimensional tensor model, all the
subsequent processing in this chapter are operated in the tensor form. In particular,
we construct the truncated HOSVD model of the measure tensor in Section 5.5.1 and
propose a new tensor-based joint delay-angle estimation algorithm to estimate the
delay and azimuth and elevation angles in Sections 5.5.2 by revealing and exploiting
the inherent linear recurrence relations in the first mode of the measure tensor.
We also extend the spatial smoothing technique to the designed hybrid UCyA in
Section 5.5.3 to decorrelate the coherent signals. By this means, the signal and noise

subspaces of the received signal can be correctly decomposed in all dimensions.

Simulation results are provided in Section 5.6 to demonstrate the performance of
the proposed algorithm. Validated by the CRLB, simulation results show that, in the

RMa scenario of large-scale mmWave array systems, the proposed algorithm is able
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to achieve much higher accuracy than state-of-the-art matrix-based techniques for
wideband mmWave hybrid UCyAs. This is because the noise is multi-dimensional
with the same dimensions as the received signal. It is important to take all di-
mensions of the received signal into consideration, and suppress the noises in all
the dimensions. However, when applying the matrix-based alternative, the noise is
only suppressed in one of the dimensions (or modes) of the measurement tensor,
hence degrading the estimation accuracy. We also plot the RMSE of the estimated
parameters with an increasing number of received paths. We show that the perfor-
mance gap between the matrix and tensor forms of the proposed algorithm decreases
with the increasing number of received paths. This is because the noise components
which can be suppressed by using the tensor-based algorithms in all modes of the
measurement tensor, depend on the difference between the number of paths and the
tensor dimension in each mode. As the number of received paths increases, the gain

of the tensor-based algorithm diminishes.

5.2 System Model

In our system, a BS is equipped with a large-scale hybrid mmWave UCyA with
M, antennas, consisting of M, vertically placed UCAs each with M), antenna ele-
ments, and My = M, My. Let r be the radius of the UCyA, and h be the vertical
distance between any two adjacent vertical elements. A hybrid front-end is adopted
(i.e., there are fewer RF chains than antennas) with consideration of hardware cost,
energy consumption, weight and size. Consider a wideband OFDM system, with M;
subcarriers. There are a total of K 3-D sources, each of which is equipped with a

single antenna with an isotropic beam pattern.

We apply vertical beam sweeping to obtain the signals from the sources, as shown
in Fig.5.2(a). M,, evenly spaced elevation angles are swept successively. For each

elevation angle, signal samples of M; time frames are collected within a sweeping
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Figure 5.2 : Illustration on the proposed system and signal models. (a) System

configuration; (b) Signal tensor model.
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time interval 7,. In the my,-th sweeping beam (my, = 1,..., My), the signals from
K,,, sources are captured at the BS (and K < 2%5:1 K, , due to the partially

overlapping sweeping beams). The signal sample associated with the mgth subcar-

rier (mg = 1,..., M;) at the my-th time frame (my = 1,..., M) can be expressed
as [64]:
Ko,
_ } : H
Xmg,me,mi, = Sy, kmy, Atds,me,my, (Tkmb)Bmf,mbabs,mhmb <¢kmb ) ekmb> + Dong g 5
kmy, =1

(5.1)

where ¢y, and 0, are the azimuth and elevation angles-of-arrivals (AoAs) of the
km,-th path, respectively; abs,mf’mb(gbkmb, kab) € CMvs denotes the steering vector
of the hybrid UCYA; sy, by, = Qi Sk, / /Pl » Where Sy 1., 18 the transmitted
symbol, oy, is the signal power, and py,, is the pathloss from the k,, -th source
to the BS; Ny, my.m, €€ CMosd denotes the additive white Gaussian noise (AWGN);
B, = BabBabmgm, € CMosXMesd ig the hybrid beamforming matrix, composed of
an analog beamforming matrix B,, € CMes*Mosr and a digital beamforming matrix
Babmgm, € CMosexMpsa- V- is the number of RF chains; My is the number of

data streams after hybrid beamforming; and

Ofbs,mp,my, (Tkmb ) = Qf;my (Tkmb )bf,mb ) (52)

where ag (T, ) = e I2 I meThmy, and b, = €72 meme=1m ith Th,,, being the
delay of the k,, -th signal and f,,, being the mth subcarrier frequency. The delay

T, can be used to estimate the source distance.

m

Given the structure of UCyA, the array steering vector, i.e., apg g m, (¢kmb , kab),
can be given as the Kronecker product of the vertical and horizontal array steering

vectors:

Abs,mesm, (P, > Ok, ) = Avmsmy, (O, ) © hmgmy, (O > P, )- (5.3)
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The elements of &y, my, (Ok,,, ) A0 @k gy, (Okpn, s Pk, ) aTE:

|:av7mfvmb (Qk"Lb ):| mv71 = avymvﬂnf»mb (ekmb )
1 2
- T exp (—j%rfmfh(mV - 1) cos(kab)) , (5.4)

[ah,mf,mb (kab ) Qbkmb )] M, 1 = Gh,my,,ms,my, (‘gkmb ) gbkmb)
21

1
= N exp (j?fmfr sin(0g,,, ) cos(dr,,, — gpmh)> , (5.5)

where ¢ is the speed of light, and ¢,,, = 27(m, — 1)/M, is the difference between

the central angles of the my-th antenna and the first antenna of each UCA.

5.3 Hybrid Directional Beamforming Design

In this section, we design the analog and digital beamforming matrices, B, and
Bab,me,m,,» for the hybrid directional beamformer, as the first step shown in Fig. 5.2.
The number of required RF chains is reduced while the angular resolution of the

UCyA is not compromised as compared to its fully digital counterparts.

We decouple B,;, between the vertical and horizontal planes, i.e., Ba, = Byap ®
By with By, € CM>Mer and By, € CM2*Mir - By decoupling the beamformers
into the Kronecker products of horizontal and vertical matrices, we preserve the
shift-invariance relations on the vertical and horizontal planes, as will be revealed
later in Section 5.6. To maintain the angular resolution of the hybrid UCyA, we

design By, based on the following theorem.

Theorem 2. Suppose that My > L47rfmfr/cj . The array response vector ah7mf7mb(0kmb7
¢kmb) can be transformed into a beamspace by using Q-DFT. If the index for a
beamspace dimension, p, is larger than L27rfmf7"/cj, the element in the dimension

1s negligible and can be suppressed. The expression for the elements in the other

dimensions is given by:

aQDFT,p,mf,mb <9kmb7¢kmb) ~ o thpjp (’me(ekmb)) €xXp <_jp¢kmb) ) (56)
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where vmf(ekmb) = 27 fon,T sin(@kmb)/c, p=—-P,—P+1,...,P, and J, (vmf(ekmb)) 18

the Bessel function of the first kind of order p.
Proof. See Appendix D.1. n

Theorem 2 shows that, with the application of Q-DFT [110], the M}-dimensional
array response vector of each UCA, ah,mhmb(ﬁkmb, ¢kmb>7 can be transformed to be
(2P + 1)-dimensional, where P = |27 f,,,r/c|]. As a result, only M, = (2P + 1)
RF chains are required on the horizontal plane. Specifically, according to Theorem

2, we design Bpap as [Bpap) = e IZrlm—Dmu/Mn where my, = —P, —P +

My, My +P+1
1,...,P. We set By,, = I, to preserve the recurrence relation between the UCAs,
i.e., the shift-invariance relation. The relation is crucial for the subspace-based
estimation algorithms, and exploited to estimate the elevation AoAs in this chapter.

With this design, the number of required RF chains is only My, = M, My, =

M,(2P +1).

Then, we design the digital beamformer By . m, as

Bdb,mf,mb = dlag (bdb,l,mf,mba BRI bdb,Mbsr7mf,mb) 5 (57)

where bap iy, memy, (Mbse = 1,2,..., Mpg) is the beamforming weight coefficients.
Since Bap,mg,m, is diagonal, we have My = Mi,qq. Considering that sweeping beams
on both the vertical and horizontal planes would take a longer time, we design the
beamformers to sweep on the vertical plane only, and operate omnidirectionally on
the horizon plane. The beamforming weight coefficients can be configured according

to the beamforming response, Py, (0, ), as given by

me(e_mb) = bﬁa,mf,mbBi)abS,mhmb (embv gb)? (58)

where

babmemy, = [0db1memys - - - bdb,Mbsr,mf,mb]T (5.9)
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is the normalized digital beamforming vector, i.e., b(ﬁ),mf,mbbdb»mﬁmb =1, and émb
is the my-th beamforming sweeping direction. Assume that the vertical angular
sweeping interval is Mib The elevation angle of the my-th angular sample ranges
from §i-(my, — 1) to {-mp.

We also decouple the digital beamforming matrix Bap mm, i (5.7) between
the vertical and horizontal planes, i.e., Bapm;m, = Bvdbmemy, @ Bhdbmem,, Where
Buabmem, € CMva*Mva and Bigpmm, € CMia*Mud are diagonal matrices with ele-

ments bydb,my,memy, A budb myq msmy,» T€SPectively. Thus, after hybrid beamforming,

the array steering vectors abs,mf,mb(ekmb, (bka) can be written as:

And e, (Ot > Phny ) = By sy, Oy » Py
= ((Buab ® Buab) (Buab,meamy, ® Bhdbamgmy )" @vsmgm, (O, » G, )
& ((BuabBuabmesm,) @ (BhabBhdbmgmy ) aps mg,mi, Ok, + P, )
© ((Bvavadb,mf,mb)H ® (Bhathdb,mf,mb)H> (av,mf,mb<9kmb) @ an,mgmp, (O, » Cbkmb))
= (Bl gy Bispavmpm, Ok, ) @ (Bl gy Bimb@h.memy, Ok, » O, )
= avhb,memi, Ok, ) @ Antb,mgmy, Ok s Pk, ) (5.10)
where avhb,mf,mb(%mb) € CMva, ahhbmf,mb(ekmb@kmb) € CMva M4 = M,, = M,, and
Myq = My, = 2P+1. In (5.10), (a) and (b) are based on two important properties of
the Kronecker product, i.e., (A®B)(C®D) = AC®BD and (A®B)” = ATgB?
[119]. We have

aytbmgm, (O, ) = Bt g my 8vameams, (k) (5.11)

According to Theorem 2, the mpq-th element of annb mgm, (kab , gbkmb) is given by:

Qhhb,myg,me,mp (ekmb ; ¢kmb )

~ A/ Mpg"  bnab,mygmemn Imng (me(kab)) exp (—jmhd¢kmb) : (5.12)

Given our hybrid beamforming design, we can present the beamspace signals of

the mmWave UCyA in a tensor form. Considering the observations at all sweeping
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intervals, subcarriers and time frames, the beamspace signals can be modeled as:

K mp,

Lmya,mua,meme,my, — E : (Smt7kmb Qvhb,mq,me,mi, (ekmb )ahhb,myld7mf,mb (ekmb ) ¢kmb>
kg, =1

X Qfbs,mg,my, (Tkmb)) + Moy, mua,mesme,m,» (513)

where 7y, myq,meme,m,, 15 the additive noise.

We consider the samples from the my,-th vertical sweeping beam, and (5.13) can

be rewritten in the following tensor form [1]
-)C’:,:,:,:,mb = Amb X4 Smb +Nmb € (CMVdXM}‘dXMfXMt, (514)

where all the angle and delay parameters at the my,-th sweeping beam are collected
in the space-time response tensor A,,, € CMva*MuaxMexKmy,. g e CMexEm, collects

the received symbols Sy komy § and NV, € CMvaxMuaxMexMe collects the noise samples.

5.4 Low-Complexity Coherent Preprocessing for Wideband
Signals

As the second step in Fig. 5.2, a new low-complexity UCAMI is developed in
this section to suppress the beam squinting effect and enable coherent combining
of measurement signals across wideband. The conventional UCAMI [73] needs to
solve a computationally expensive multi-dimensional optimization problem whose
dimension is equal to the number of estimation parameters. Different from the

conventional UCAMI, there are only 1-D problems in our proposed approach.

As shown in (5.11) and (5.12), the array steering vectors depend on the frequency
and so do the beamspace signals. As a consequence, the signals can suffer from the
beam squinting effect, due to the wide bandwidth of mmWave signals. It is critical
to preprocess the beamspace signals in order to suppress the frequency dependence

of the array steering vectors. The suppression of frequency dependence is performed
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by designing the so-called focusing matriz, which focuses the array steering vectors
at each frequency to a reference frequency, denoted by fy [69,72]. From (5.12), we
see that after being processed by the RF network, the subcarrier frequency f,,, in
(5.5) is transformed into the Bessel function, J,, (me(kab)), which only depends
on fm, and Oy, , and is independent of ¢y,, . We only need to optimize the focusing
matrices in the elevation angular domain, since f,,, is decoupled from the azimuth
angle ¢y, in (5.12). Moreover, by taking the vertical array steering vector in (5.11)
into consideration, we find that both J,,, (’ymf(ekmb)) and Gyhb,mgmy, (Gk%) depend

only on the elevation angle 0y, .

We first design the optimization problem for the horizontal array steering vectors
in (5.12). Because the measurement samples in (5.14) are collected from the M,
vertical sweeping beams, the optimization can be conducted in each vertical angular

sweeping interval separately. Define

gmf(0> = [‘]—P (me<0)) s J_pi1 (’me(0>) voeesdp (me(g))]T ) (515)

which collects all the Bessel functions in (5.12) at the m¢-th subcarrier. We discretize
each sweeping interval into NV}, elevation angular values. Then, the horizontal fac-
tor matrices associated with the subcarrier frequency, f,,,, for the my,-th sweeping

interval can be written as:

Gh,mﬁmb = [gmf(emknl)’ gmf(emb72>’ s 7gmf(0mb7Nb)] ) (516)

where 0y, n, = Mib(nuD —1)+ m(nb — 1) is the discretized elevation angle.

We directly use avhb,mﬁmb(Qka) to optimize the vertical array steering vectors

by constructing
Gv,mf,mb = [avhb,mf<0mb,1); avhb,mf(emb,Q); e 7thb,mf(8mb,Nb>] . (517)

We then obtain the focusing matrices on the vertical and horizontal planes, de-
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noted by Ty p.m, and T4, m,, by formulating the following optimization problems:

TVJnf,mb = arg _min ‘|TV7mf:mb Gv,mfﬁnb - GV:mfoymbHE‘?

v,mg,myp

st TH o Tymems = I (5.18)

v,mg,mp

. 2
Thamﬁmb = arg min ||Th7mf7mth7mf7mb - Ghvmeamb” )
F
h,m¢,my,

S.t. Tlll;l,mf,mbTh,mﬁmb = 12P+17 (519)

where myg is the index to the subcarriers at the reference frequency fy, and the

constraints prevent focusing losses [73].

The solutions to Problems (5.18) and (5.19) are given by [69]

Tympm, = V U s Thompm, = thmbUﬁmf,W (5.20)

VMg, My~ v,mg,mp?

where the columns of Uy . my (08 Upmpim,) a0d Vi emy (08 Vi, m, ) are the left

and right singular vectors of Gy memy, G mn (07 Ghmemy, Gl my ), TESDECtTVEY.

-~ I
We construct by, = b, s Bymgm, = B

D _ p-1
vdb,m¢,my? and Bh:mf»mb - Bhdb,mf,mb to

offset the impact of beam sweeping on the received signals. The focusing matrices
(5.20) suppress the frequency dependence of the array steering vectors. After this
coherent wideband processing, in the my,-th sweeping beam, the received signal at

the ms-th subcarrier in (5.14) can be calculated as

‘Ximmfﬁ,mb = X’:mmfﬁymbbfvmb X1 (TV7mfymbBV7mfamb> X2 <Th,mf7mth,mf,mb> . (5'21)

The elements of &.. ... ., can be expressed as
Koy,
Lmya,mna,me,me,mp — E : (vhb,m.yq,mp (ekmb )ahhb:mhdymb (ekmb ) ¢kmb )af,mf(Tkmb )Smt,kmb
kmbzl

+ nmvd,mhd,mﬁmt,mb? (522)

where Gynb m.yg.my, (kab) and Appb,my .y, (kab , gzﬁkmb) are the resultant array manifolds

in (5.13). 7y mpg,meme,ms 1S the transformed noise sample, which still yields the
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zero-mean Gaussian distribution due to the constraints on the beamforming weights

and focusing matrices.

We note that there are two-dimensional variables, ¢y, and Hk% , in the frequency-
dependent array steering vectors ay . m, (O, ) and anwmem, Ok, , Ok, ). UCA-
MI [73] would have to optimize the focusing matrices on the elevation and azimuth
angular domains simultaneously, resulting in a two-dimensional problem with a high
complexity. In contrast, our proposed method only needs a one-dimensional opti-

mization problem, i.e., (5.18) and (5.19), reducing the complexity significantly.

5.5 Tensor-based Parameter Estimation

With the received signals preprocessed (in Sections 5.3 and 5.4), the resultant ar-
ray steering vectors are frequency-independent in (5.22). Only the delay-dependent
factor, aﬂmf(Tkmb), depends on the carrier frequency. In this section, we propose
a new tensor-based joint delay-angle estimation algorithm which is the last step
in Fig. 1.5, and a new spatial smoothing method which is the second-to-last (op-
tional) step in the figure. Despite the use of the existing truncated HOSVD, the
proposed joint delay-angle estimation algorithm involves new estimation processes.
Specifically, the matrix TLS problem formulation is generalized to the tensor case.
The azimuth angles are estimated by substituting the estimated elevation angles,
which avoids potential mismatches between the estimated results of the elevation
and azimuth AoAs. By revealing and exploiting the recurrence relations between
the UCAs at different layers of the UCyA, the proposed spatial smoothing method is
developed to decorrelate the coherent signals to correctly decompose the signal and
noise subspaces in all dimensions. The computational complexity of the proposed

algorithm is analyzed at the end.
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5.5.1 Truncated HOSVD Model of Measurement Samples

With no a-priori knowledge of the number of signals in each sweeping beam,
K, , we collect all the sweeping results in (5.22) to jointly process the signals from

the K signal sources. The element of the received signal tensor model is given by

My,
Ymya,mna,memy = E Lmyq,mpd,me,me,my

mp=1
My, Koy,

= Z Z Zivhb,mvd,mb <9kmb )ahhb,m},d,mb (kab ) ¢k’mb )

mp=1 kmy, =1

X aﬁmf (Tkmb )Smhkmb + an7mp7mf7mbvmt

K

= ¥ Gyhb,meg (Ok) Ahib,mpg (Oks Ok) Qg (i) Sme ke + Toany smg meme s (5.23)
k=1

which can be expressed concisely as:

My,
y = Z ‘)(:,:,:,:,mb =A X4 S +N - (CMVdXMthMfXMt7 (524)
mp=1
where S =[Sy, S,, ..., Sa] € CMXE collects all the symbols and N = Z%Ezlj\/'mb

collects all noise samples. An illustration of the received signal tensor model is
shown in Fig. 5.2(b). In (5.24), A € CMw*MuaxMexK jg known as the space-
time response tensor [113], and obtained by concatenating the K response tensors,

Ay, € CMvaxMuaxMi a5 oiven by:
./Z - A‘“l |_|4 .AVQ |_|4 e |_|4 ./Z(K] . (525)

Because the array steering vectors are frequency-independent after the coherent
wideband preprocessing (as described in Section 5.4), the space-time response tensor

of the k-th signal source, ./Zlvk, is given by
-'Zk = Ay (0k) © Apnp (O, Pr) © ag(73), (5.26)

where [Auu (0k)],,, 1 = Gvdbmya (Ok); [@unn Ok, D)), 1 = Gnibmig (Ok, O1), and [ag(7x)],,. 4

= Qf my (Tk) .
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By substituting (5.25) and (5.26) into (5.24), we obtain

K
Y= Zavhb(ek) o Apnb (O, B1) © ar(7y,) o s + N, (5.27)

k=1
where s, = [S].x. (5.27) indicates that, in a noiseless case, Y can be regarded as

the sum of K rank-one tensors. Therefore, (5.27) is the CP decomposition of Y (see
Property 3 in Appendix A). Rank()) = K'. According to Property 3 in Appendix

A, (5.27) can be written as

y = |:|:Zba AVhb) Ahh‘b7 Af) S:|:| + N (528)

where |:Avhb:|_k = 5vhb(0k>7 [Ahhb} . = 5hhb(9k7¢k), [Af];k = af(Tk)y and Zg €

)

CHEXEXEXE ig an identity superdiagonal tensor.

Given the typically sparse multipath propagation of mmWave, the number of
received paths is much smaller than the numbers of antennas, subcarriers, and time
frames, i.e., K < min(M,q, Mypq, My, My). Thus, the ranks of thb, ;‘:hhb, Ay and
S are all K. According to the CP model (5.28), in the presence of non-negligible
noises, :&Vhb, Ahhb, A and S correspond to the factor matrix of the measurement
tensor ) in each mode. The ranks of the mode-n unfoldings of tensor Y, i.e., the

n-ranks of Y (n =1,2,3,4), are all K.

As a high-dimensional generalization of matrix SVD, the HOSVD (see Property
2 in Appendix A) conducts the SVD of the unfolding of ) in each mode separately.
This can suppress the received noise in each mode. The HOSVD of the measurement

tensor ) is given by
Y=L x,U, xo Uy, x3 U x4 Uy = [£; Uy, Uy, U, Uy, (5.29)

where the unitary matrices, U, € CMvaxMwa Uy € CMaxMua Uy € CMxMr| and

U, € CM>Me are the left singular matrices of the mode-n unfoldings of tensor

! According to (5.27), we have Rank()) < K. Rank()) < K only occurs when the locations of

two coherent sources are the same, which rarely happens.
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Y, and the core tensor £ € CMvaxMuaxMexMe g ohtained by moving the singular

matrices to the left-hand side of (5.29):

L=Yx, U x, U x;Uf x, U, (5.30)

Because the n-ranks of tensor Y are K, the SVD of the mode-1 unfolding Y ;) €

CMvax(M/Mva) can be written as

D Ok (42 k)

Yy =UZX, VI =[U,U,] [Ves Vo],

O (Mg —Kya) % K DI

(5.31)
where Kyq = min(K, Myq) and M = MyqMuaM¢M;. The signal subspace U, €
CMvaxFva and the noise subspace Uy, € CMvax(Mva=Kva) of the mode-1 unfolding
Y (1) correspond to the K,q largest and the (Myq — Kyq) smallest elements of the
diagonal matrix ¥, = diag(oy1,0v2, ..., Oya,,), respectively. oy1,0v2,. .., 0y,
are the non-zero singular values of the mode-1 unfolding Yy, and calculated by
Ovimeg = |[Lomog,ii:ll- The signal subspace matrices of the mode-2,3,4 unfoldings of
Y, ie., Uy, € CMhaxFua Uy € CM*Ei and U,y € CM*K can be obtained in the

same way, where Kyq = min(K, Myq) and K = min(K, M) .

By removing the noise subspace in each mode of ), we construct a low-rank

truncated HOSVD model of the noise-free measurement tensor s [76], as given by
ys = »Cs X1 Uv,s X2 Uh,s X3 Uf,s X4 Ut,s € (CMVdXMthMfXMta (532)

where £, € CEvaxKnaxKixK jg ohtained by discarding the insignificant singular values

of the mode-n unfoldings of ).

5.5.2 Joint Angle-Delay Estimation

We propose a tensor-based joint delay-angle estimation algorithm by exploiting

the shift-invariance relations between the elements in each mode of the measurement
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tensor. By comparing (5.24) with (5.28), we first obtain
./Z = ZS X1 Avhb X9 ;&hhb X3 Af. (533)

According to the truncated HOSVD model (5.32), we define the signal subspace
tensor:

U, = ,Cs X1 Uv,s X9 Uh,s X3 Uf7s € (CMVdXMthMfXK. (534)

By comparing (5.24), (5.32), (5.33) and (5.34), we have Uy x, Uy s = A x4 S. Because

U, € CM>*E and S € CM*K are full column rank matrices, we obtain
A=U, x,D, (5.35)

where D € CE*K ig a full rank matrix. Based on (5.35), we generalize the matrix-
based subspace algorithm to the tensor, and estimate the delay and angles of each

signal path.

Estimation of Elevation Angle

We first propose a tensor-based total-least-squares ESPRIT (TLS-ESPRIT) al-
gorithm to estimate the elevation angle and delay. To estimate the elevation angle
of each signal path, we first reveal and then exploit the shift-invariance relations

underlying the vertical array steering matrix Kv, according to (5.4) and (5.23).
To select the elevation angle-related subtensors, we define two selection matrices:

Mvdfl)XMvd . J

Jv1 = Tau—1, 0(aspq—1)x1) € R i Jva = [0asg—1)x1, Ingg—1] € RMva=1)xMva

(5.36)
which are two auxiliary matrices. We reveal the following shift-invariance relation

among the selected subtensors:

Ax1 T =Ax1 Ty x4 O, (5.37)
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where ©, = diag (e‘jQTﬂfohCOS(el), - e‘j%fohm(@f{)) € CK*E_ The shift-invariance
relation is the key to our design of the following tensor-based TLS-ESPRIT algo-
rithm?. The algorithm estimates the elevation angle of each signal in the tensor

form.
By substituting (5.35) into (5.37), we have
User X4 D = Usy x4 (©,D), (5.38)

where Usy1 = Usx1Jy1 € CMua =X Muax MoK and 1o = Usx1Jyp € CMva 1) MiaxMpxK
are the selected subtensors of the signal subspace tensor Us. Since D is a full rank

matrix, we can left-multiply its inverse to both sides of (5.38) and obtain
Z/{SVQ = Z/{svl Xy \I,w (539)
where ¥, = D7'@,D € CK*K,

To obtain the estimate of ¥, in (5.39), we define Y, = [Y,; Yo € CK*2K,
According to the standard TLS [119], the estimate of ¥, is ¥, = =Y, Y}, where
the K eigenvalues of \ilv, ie, Avik, E=1,2,..., K, are sorted in descending order.
We now generalize the matrix TLS problem formulation [119] to the tensor case, as

given by:
Y, = arg min Vs X Tor + Uz x5 Lo, it T, YH =1, (5.40)

which finds a unitary matrix Y, whose submatrices are orthogonal to Us,, and Us,s

in mode-4.

According to (A.7), the mode-4 unfoldings of Us,; is given by

Usia) = Usy (Jo1 @ Iy, ® IMf)T ; (5.41)

2The least-squares (LS) procedure can also be used for solving the invariance equation (5.39),
but has slightly lower accuracy than TLS. Section 5.6 will provide the results of performance
comparison between the proposed algorithm (T-CTLS), which applies TLS-ESPRIT for parameter

estimation, with its variation (T-CLS), which uses LS-ESPRIT.
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where Uy € CHExMvaMnaMt i the mode-4 unfolding of ;. The mode-4 unfoldings of
Use1 can be formulated in the same way. Since ||A| = ||Aw||; (n=1,2,...,N) [76],
we rewrite the tensor TLS problem (5.40) in a matrix format as:

~

Y, = argmin
Ty

\Tles@) (Jo @ Lo, @ L) Y00 Usny (Joz @ Tyg, ® LMHF
. T
= arg min W, ] HF , (5.42)
where

W, = [(Ju @Iy, @ L) Ul (Jea @ Ly, @ Lyy,) U] € CMamDMia MK
(5.43)
The SVD of WIW, is written as WIW, = U,A,V,, where U, € C*>*2K and
V, € C2Kx2K gre the left and right singular matrices, respectively; and A, € C2*2K

contains singular values. We partition U, into four blocks:

0, = Uii Uiz c Q2Kx2K (5.44)

Uv21 Uv22

According to the array steering expression in (5.4), the elevation angle of the

k-th path can be finally estimated as

A icl
0y = arccos (%) . (5.45)

Estimation of Delay

We can estimate the delays by exploiting the shift-invariance relation between the
delay-related subtensors. We express the delay-dependent shift-invariance relation,
as follows.

./Z(X;J, JfQZAVX:), Jfl X4 @f, (546)

where ©; = diag (e79?™4F™ ... e79?™AF7K) with Ap being the subcarrier spacing.

Ja and Jp are two selection matrices to select the delay-related subtensors. Jg and
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Jp can be constructed in the same way as in (5.36). By using TLS-ESPRIT (5.40),
the delay of the k-th path, 75, can be estimated as

7A_ _ jln()\ﬁk)
F 27TAF ’

(5.47)
where A;j is an eigenvalue of the delay-related matrix Wy = DOD'. In the
presence of non-negligible noises, the estimates of the elevation angle and delay of
each source may be paired incorrectly. After obtaining the estimates of U, and ¥;
with (5.40), joint SVD methods [120] can be used to obtain the joint eigenvalues of

¥, and \j:lf, and then the correctly matched pairs of estimated parameters can be

obtained.

Estimation of Azimuth Angle

We design the tensor-MUSIC algorithm [78] to estimate the azimuth angle of
each path. From (5.12), there are nonlinear Bessel functions in the expression for
the horizontal array steering matrix :&h, and therefore there is no shift-invariance

relation for the azimuth angle estimation, as opposed to (5.37).

According to (5.32), we discard the largest K singular values of the mode-n
unfoldings of the measurement tensor )Y, i.e., setting the corresponding parts of £

to zero. Then we obtain the noise subspace tensor as?:

yn = £n X1 Uv,n X2 Uh,n X3 Uf,n X4 Ut,nv (548)

where U, € CMvax(Mwa=K) ig constructed by the last (M,q — K) columns of U,;
Un, € CMrax(Mua=K) i the last (Myq — K) columns of Uy; U, € CMix(Mi—K) g the
last (M; — K) columns of Uy; and Uy, € CM*M—K) jg the last (M, — K) columns

of U;. The core L, can be evaluated by

Lo =Yux1 UZ x U x5 UL %, UL (5.49)

3Tt is well known that this solution for estimating the noise subspace is not optimal in the least

squares sense. However, it is a good approximation in most cases [2,75] and it is easy to implement.
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Based on the subspace estimation of ) (5.34), we generalize the matrix-based MU-

SIC, and the tensor MUSIC spectrum of the azimuth angle is defined as

-2

SPuusic(®) = Hj 2 UL, (5.50)

where ® = [¢y, ¢o, ..., Pk].

According to (A.7), the mode-2 matricization of A in (5.33) can be expressed as

~ ~ T
A@) = AmnbZs(2) (Af ® Iy, ® Avhb) . (5.51)

We substitute (5.51) into (5.50) and obtain the mode-2 matricization of (5.50),
as given by

—2

~ ~\T
SPyusic(®) = HUhHmAhths(Q) (Af @ Iy, ® Avhb> (5.52)

F
By substituting the estimated elevation angle of each path, i.e., (5.45), into (5.52),
the corresponding azimuth angle ¢, can be estimated by searching the prominent

peaks of the tensor MUSIC spectrum (5.52).

Remark 1. When applying the tensor-based TLS-ESPRIT and MUSIC algorithms
to estimate the parameters, we first apply the HOSVD evaluates the SVD of the
unfoldings of YV in all modes, and then suppress the noise components by discard-
ing the singular vectors and slices of the core tensor that correspond to insignificant
singular values of the matricized tensor in each mode. The uniqueness and identifi-
ability of the proposed algorithm inherits from that of the matriz-based counterpart
of the algorithm, due to the fact that the proposed algorithm can be regarded as the
high-dimensional generalization of the matriz-based counterpart [76]. In particular,
to achieve the unique parameter estimates of the K sources would need to construct
the signal subspace tensor Us with a smaller number of sources K than time frames
M. Our method is suitable for multi-dimensional parameter estimation problem-

s in mmWave systems, where K < min(M,q, Myq, My, M;) due to the sparsity of
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mm Wave®.

When applying the matriz-based alternative, the noise is only suppressed in one
of the dimensions (or modes) of the measurement tensor, hence degrading the es-
timation accuracy. This is because the moise is multi-dimensional with the same
dimensions as the recewed signal. It is important to take all dimensions of the re-
cewed signal into consideration, and suppress the noises in all the dimensions. Thus,
the use of tensors can better suppress the noises than matrices, hence improving the
estimation accuracy of the elevation and azimuth angles and the delay, i.e., 0., ggk,

and Ty,.

5.5.3 Tensor-based Spatial Smoothing for UCyA

The parameter estimation presented in Sections 5.5.1 and 5.5.2 is actually the
last step in Fig. 1.5. In this subsection, we propose the necessary optional second-
to-last step. The decomposition of the signal and noise subspaces in (5.31) is under
the assumption that all the received signals are incoherent, as typically required
in the subpace-based parameter estimation algorithms, such as MUSIC [29] and
ESPRIT [63]. The rank of the signal subspace is assumed to be the number of
received signals K. In practice, coherent signals are often received. The rank of the
signal subspace decreases, leading to incorrect decomposition of the subspaces. An
effective method to restore the rank is a spatial smoothing technique [119] which
divides an antenna array into several subarrays and exploits the inherent linear
recurrence relations (i.e., shift invariances) among the subarrays to decorrelate the

coherent signals. Unfortunately, the spatial smoothing technique is only applicable

4In rich multipath environments, i.e., K > max(M,q, Myq, M¢), no singular values and core
slices of the mode-n unfoldings can be discarded, because all these belong to the signal subspace.
Thus, in this case, the tensor-based subspace estimation is equivalent to the matrix-based coun-

terpart [118].
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Figure 5.3 : An illustration of the proposed spatial smoothing for a five-layer UCyA,
where we need to construct three “subarrays” on the horizontal plane, the second
and third UCAs are seen as the translations of the first UCA at the same layer.
After the spatial smoothing, the original first, second, and third UCAs are at the
first layer of the “new” UCyA, the second layer accommodates the original second,
third and fourth UCAs, and the third layer of the “new” UCyA accommodates the

original third, fourth and fifth UCAs.

to systems with uniformly and linearly spaced antenna elements [119].

We extend the spatial smoothing technique to our hybrid UCyA to decorrelate
coherent signals. This is not trivial, as the array manifolds of the UCyA in the
horizontal space domain (i.e., the second mode of )) are UCAs, not linear arrays.
It is difficult to split subarrays and obtain the required recurrence relations, as
existing spatial smoothing techniques would require. We propose to utilize the
recurrence relations between the UCAs at different layers of the UCyA to create
the required recurrence-relation subarrays in the horizontal space domain. In other
words, we regard each UCA as a subarray, and use these vertically arranged and

¢

coaxially aligned subarrays to construct the “virtual” subarrays in the horizontal

space domain. The ny-th subarray in the horizontal space domain can be constructed



116

as

ys(:h) = y X1 Jssh,nh7 (553)
Whel"e JSSh,TLh — [OMth(nh—1)7 IMhd7 OMth(Nh_nh)]‘

Then, we can generate the required linear recurrence relation between two adja-

cent subarrays: yé;‘h“) — ylom) X4 Oy, where
©, = diag (e‘j%fohm(el), . ,e_j%rf(’hcos(ef(» : (5.54)

The numbers of subarrays and elements per subarray are determined in the following

theorem:

Theorem 3. If both the numbers of subarrays and elements per subarray are larger
than the number of signals, i.e., N, > K and My, > K, the rank of the signal

subspace in the mode-2 of the concatenated tensor Vs, = [ Ly 5(;"””)] 1s K.

np=1,...,Np

Proof. The proof can be developed in the same way as in [1], and hence omitted. [

According to Theorem 3, we need to construct subarrays in all domains for the
correct decomposition of the subspaces, and apply the HOSVD in all modes of ).

¢

Because some of the vertically arranged UCAs are used to construct the “virtual”
subarrays in the horizontal space domain, the number of subarrays in the vertical
space domain decreases. Take the five-layer UCyA in Fig. 5.3(a) for an example.
The original five-layer UCyA shown in Fig. 5.3(a) becomes a three-layer virtual

array, which constructs the subarrays in the vertical space domain, as shown in Fig.

5.3(b).

We propose to meticulously arrange the virtual subarrays. N, subarrays are con-
structed in the vertical space with M, elements per subarray, and N, subarrays are
constructed in the horizontal space with M4 elements per subarray. Because there

are linear recurrence relations among subcarrier frequencies, the standard spatial
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smoothing technique can be used in the frequency domain (i.e., the mode-3 of }).
We decouple the mode-3 of ) into N; subarrays with M; elements each. As a result,

the spatially smoothed tensor is given by

yss _ Ly Ly Ly y(nwn}”nf) c CMV><Mhd><M~f><(MthN},Nf)’ (5 55)
ss :
ny=1,...,Ny np=1,....Ny ng=1,....N¢

which is obtained by concatenating the subarrays in mode-4:

ys(snwnhmf) = y X1 Jssvh,n‘,h X3 Jssf,np (556)

where ny, = ny + 1y — 1. Jssyhny, and Jg,, are two subtensor selection matrices,

as given respectively by

Jssvhng, = [Ova(th—l)7 Ly, Ova(th—nvh)]§ Jsstne = [Ofo(nf—w Ly, Ofo(Nf—nf)]-
(5.57)
The number of subarray elements in the mode-1 and mode-3 can be computed by
Mv = M,q—N,— Ny, +2 and Mf = M;— N;+1, respectively. To decorrelate coherent
signals in each domain, we use Yy to replace ) in (5.24). The parameter estimation
of coherent signals follows the rest of the steps recorded in the earlier part of Section

5.5, which is the last step in Fig. 5.2.

Note that the proposed smoothing method is needed to guarantee that the rank
used for parameter estimation is the actual rank. If we conduct the HOSVD based
on a smaller rank (due to coherent signals) than the actual rank, the estimation
performance of the azimuth and elevation angles, and delays would degrade. This
is because when the smaller rank is used, signal components can be incorrectly
decomposed into the noise subspace, reducing the dimensions of the constructed
truncated HOSVD model of ) in all modes. As a result, we would not be able to

correctly estimate the azimuth and elevation angles, and delays.

Also note that by using the proposed method, the antenna apertures in the first
and third modes are reduced, as the elements in the two modes of the original mea-

surement tensor ) are used to construct a sufficient number of subarrays according
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to Theorem 3. The loss of the antenna aperture in the first mode is nearly one third.
The antenna aperture in the second mode does not change, because the subarrays
in the mode are constructed by the the spatial shift of UCAs at the other layer-
s. Algorithm 2 summarizes the procedure of the proposed tensor-based subspace

estimation algorithm.

5.5.4 Complexity Analysis

The hardware and software complexity of the proposed tensor-based parameter
estimation algorithm is analyzed. The proposed hybrid beamformers reduces the
hardware complexity to O(Mys) = O(PM,), while fully digital beamformers using

the same number of antennas have hardware complexity O(Mys).

As for signal processing complexity, we compare the computational complexi-
ty of the proposed tensor-based algorithm with its matrix-based counterpart and
the state-of-the-art CP-based orthogonal matching pursuit (CP-OMP) algorithm.
For matrix-based algorithms, the computational complexity of performing SVD on
the measurement sample matrix and truncating its rank to K is O(PM, MM K).
The complexities of estimating the delay, elevation angle, and azimuth angle are
O(K?® + PM,M;), O(K?® + PM,), and O(PK? + P2K D), respectively. D is the
size of search dimension. Thus, the overall complexity of the matrix-based esti-
mation is O(PM,M;M;K + PM,M; + K3 + PM, + PK? + P?K D). For the pro-
posed tensor-based algorithm, the truncated HOSVD of the measurement tensor
evaluates the SVD of its matricized form in each mode and discards insignifican-
t singular vectors. The complexity is O(4PM MM K) = O(PM,M;M;K). The
complexity of computing the core £, and the tensor signal subspace U in (5.34) is
O(PM,M;M.K + PM,M;K?). The complexities of estimating delay, elevation and
azimuth angles are O(P M, M+ K3), O(PM, M+ K?) and O(PM,M;M;K+P*K D),

respectively. The tensor-based algorithm needs slightly more computations, but its



119

Algorithm 2 Tensor-based subspace estimation algorithm

e Input: The received signals, X, mem, (Mmp =1,..., My, my =1,..., My, mg =
1,..., M), the number of sources, K, and geometrical parameters of the
UCyA.

e Output: The estimated delay, elevation and azimuth angles, 7%, ék, and qgk,

k=1,2... K.

e Design the analog and digital beamforming matrices, B,, and By, m,, and

model the beamspace signals according to (5.14).

e Calculate the focusing matrices, Ty . m, and T4 ,,m,, by solving (5.18) and

(5.19), and formulate the signals according to (5.21).
e Collect all the sweeping results in (5.22) and formulate them as ).
e Construct the spatially smoothed tensor Vs by using (5.55).
e Take HOSVD of YV and get Uy according to (5.32) and (5.34).

e Use TLS-ESPRIT (5.38)-(5.44), and estimate 6, and 7, by using (5.45) and

(5.47), respectively.

e Calculate the noise subspace tensor ), in (5.48) and estimate g%k by searching

the prominent peaks of (5.52).
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complexity is still in the same order with that of its matrix-based counterpart. The
CP-OMP algorithm [78] applies CP decomposition to decompose the received signal
tensor model, and then uses OMP to estimate the parameters. The complexities
are O(PM MM K + PM,M;K? + K*) and O(PM,M;M;(N, + Ny + N3 + N,)),
respectively, where Ny > K, Ny > K, N3 > K and Ny > K are the dimensions of
the OMP grid. The CP-OMP algorithm has a much higher complexity than that of

our algorithm.

5.6 Simulation Results

In this section, simulation results are provided to demonstrate the performance
of the proposed algorithm in the RMa scenario of future 5G/B5G systems. We
simulate a system with 2 GHz bandwidth and a total of 2,000 subcarriers. Out
of the total 2,000 subcarriers, M; = 20 evenly spaced subcarriers are selected for
the proposed channel parameter estimation. Each of the subcarriers undergoes flat
fading. The reference frequency fo, = 28 GHz, and the number of time frames is
M= 20. To evaluate the performance of the proposed algorithm in typical mmWave
channels, all the channel parameters are set according to 3GPP TR 38.901 [121]. A
RMa scenario is considered in our simulation, and thus, the RMa pathloss model
presented in [121] is applied. We set both the azimuth and elevation angle spreads
to be 31.6° and the delay spread to be 32.3 ns. The number of time frames is set
to My= 20. We assume that there are K = 5 signals, two of which are coherent.
The actual azimuth angles, elevation angles, and delays of the signals are set up
randomly each time. The distance between vertically adjacent UCAs is h = 0.5\
and the radius of the UCyA is r = 2\, where \g = ¢/ fo.

We compare the proposed tensor-based coherent TLS (T-CTLS) algorithm with
its variation (T-CLS) which applies the LS procedure for solving the invariance e-

quation (5.39); its variation without using smoothing (T-CTLS w/o S); its reduced
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Figure 5.4 : The RMSE vs. the average received SNR for the estimation of different

parameters. (a) Azimuth angle; (b) Elevation angle; (c) Delay.
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version in the matrix form (M-CTLS); the state-of-the-art matrix-based incoherent
generalized beamspace MUSIC (M-IGBM) [14]; the tensor-based incoherent MUSIC
(T-IM) [2]; and the state-of-the-art CP-OMP [78]. The CRLB is derived accord-
ing to [47,117]. Note that both CP-OMP and our proposed parameter estimation
algorithms are only applicable for additive Gaussian noises, where the noises are
independent between different antennas and the noise power is identical at the an-
tennas. This is because the algorithms which exploit the second-order statistics of
the received signals cannot correctly decompose the signal and (non-Gaussian) noise

subspaces.

Fig. 5.4 plots the RMSEs for the estimates of azimuth angles, elevation angles,
and delays of the signals versus the average received SNR, where the BS has 400
receive antennas. Fig. 5.4 shows that our proposed T-CTLS algorithm outperforms
the other algorithms, and its RMSE approaches the CRLB. In Figs. 5.4(a) and (b),
we see that the tensor-based algorithms provide higher accuracy than their matrix-
based counterparts, especially in low SNR regimes. The matrix-based algorithms are
less robust to noises than the proposed tensor-based algorithms. We also see that
CP-OMP has slightly better performance than our proposed algorithm, due to the
fact that CP decomposition can be regarded as a maximum likelihood method under
the additive Gaussian noise. However, its performance improvement is limited since
OMP can only generate discrete estimates. In addition, CP-OMP also has a much
higher complexity than our algorithm, as analyzed in Section 5.5.4. Fig. 5.4(c) shows
that the methods applying coherent wideband signal preprocessing outperform those
employing incoherent wideband preprocessing, in terms of delay estimation, because
the former fully exploits the high temporal resolution offered by wideband mmWave

systems.

Fig. 5.5 shows the RMSEs versus the number of receive antennas under -5

dB SNR. It is seen that the RMSE of the estimated parameters approaches the
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CRLB, as the number of antennas increases. However, when the number of antennas
is not very large, e.g. less than 100, the algorithms, including T-CTLS, T-CTL,
and M-CTLS, cannot achieve accurate azimuth angle estimation, as shown in Fig.
5.5(a). The reason is that the conditions of Theorem 2 may not be met, and thus
the approximation in (5.6) becomes inaccurate. Nevertheless, when the number of
antennas is large, the RMSEs of these three algorithms decrease fast, and T-CTLS
rapidly outperforms the others. By comparing Figs. 5.4 and 5.5, we also see that if
the proposed spatial smoothing technique is not applied, the estimation accuracy of
the proposed algorithm decreases noticeably. This is because two coherent signals
are decorrelated, the signal and noise subspaces can be incorrectly decoupled without
spatial smoothing, and the parameters of the coherent signals cannot be precisely

estimated.

In order to validate Theorem 2, Fig. 5.6 plots the RMSE of the parameter
estimation versus the highest order, P, with different numbers of horizontal array
steering vectors. The SNR is -5 dB. We see that when P is less than 10 or the
number of the horizontal array steering vectors in (5.5) is 20, the algorithms applying
Theorem 2 to design the hybrid beamformers (i.e., T-CTLS and M-CTLS), cannot
achieve satisfactory estimation, because the number of the transformed beamspace
vectors (5.6) is not sufficient to represent the array response vectors. When P > 12,
regardless of the number of array response vectors, increasing the beamspace vectors
has little impact on the estimation. By exploiting this property, we can reduce the

number of required RF chains and, in turn, the hardware cost.

Fig. 5.7 shows the RMSE of the estimated azimuth angles, elevation angles, and
delays, with an increasing number of received paths. T-CTLS and M-CTLS are
tested. We set SNR to -5 dB and M; = 8. We observe that the performance gap
between the matrix and tensor forms of the proposed algorithm, i.e., M-CTLS and

T-CTLS, decreases with the increasing number of received paths. This is because the
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noise components which can be suppressed by using the tensor-based algorithms in
the first, second, and third modes of ), depend on the difference between the number
of paths and the tensor dimension in each mode of ). As the number of received
paths increases, the gain of the tensor-based algorithm, T-CTLS, diminishes. The
performance gap remains consistent in Fig. 5.7(a) though. This is because, despite
the number of paths increases, the dimension in the first mode of Y, i.e., M,q =
2P + 1, is still much larger than the number of paths. Moreover, we estimate the
azimuth angles with tensor-MUSIC in (5.50). The method involves peak search,
and is hardly affected by the number of paths. In conclusion, the new tensor-based
algorithm, T-CTLS, can achieve much better performance than its matrix-based
counterpart, especially under B5G settings where the number of received paths is

small due to the sparsity of mmWave propagation.

5.7 Summary

In this chapter, we have presented a new tensor-based multi-dimensional channel
parameter estimation algorithm for wideband directional hybrid UCyAs. By exploit-
ing the multidimensional structure of the received signals, the algorithm suppresses
the noises across all domains of the received signals, improving estimation accuracy.
Specifically, we have designed the hybrid beamformers, which maintains the angu-
lar resolution and suppresses the beam squint effect. We have also formulated the
received signals in the tensor form. We have shown that by applying tensor signal
processing and developing the new HOSVD model, the noise in all the domains can
be suppressed, and the shift-invariance relations can be revealed for parameter esti-
mation. Given the relations, we have designed the new tensor-based TLS-ESPRIT
algorithm, which can accurately estimate the channel parameters from both co-
herent and incoherent signals. By applying the channel parameters presented by

3GPP TR 38.901 [121], simulations have shown that, in the RMa scenario of future
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5G/B5G systems, the proposed tensor-based algorithm can accurately estimate the
multi-dimensional parameters in typically used mmWave channels, and can achieve

much better performance than its matrix-based counterpart.
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Chapter 6

Nested Hybrid UCyA Design and DoA
Estimation

This chapter is devoted to sparse array-based hybrid beamforming and its corre-
sponding angle estimation algorithm for mloT networks, as illustrated in Fig. 6.1.
Specifically, we propose a new nested massive hybrid UCyA design and the corre-
sponding tensor-based angle estimation algorithm for of mloT networks. By ex-
ploiting the sparse array techniques, the proposed hybrid antenna array enables the
BS to estimate the DoAs of a large number of devices with much fewer RF chains
than antennas. As a result, the massive access requirement of mloT can be met,
with significantly reduced hardware cost and network overhead. Tailored for the
new hybrid UCyA array, we also propose a new tensor n-rank enhancement method
and a new tensor-based 2-D DoA estimation algorithm. The algorithm suppresses
the noise components in all tensor modes and operates on the signal data mod-

el directly, hence improving estimation accuracy with an affordable computational

Figure 6.1 : The research scenario studied in Chapter 6.
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complexity. Corroborated by a CRLB analysis, simulation results show that in the
mloT networks, the proposed hybrid UCyA array and the DoA estimation algorithm

can accurately estimate the 2-D DoAs of a large number of [oT devices.

6.1 Motivation and Overview

MIoT networks, which enables to connect a large number of IoT devices to an
internet-enabled system [84,85], require to reduce cost and power consumption while
maintaining a high network access capability. Hybrid beamforming is a cost- and
energy-efficient architecture to meet the requirement, but most of them apply RF
networks to directly combine the received signals from multiple antennas, which

would penalize system DoF and channel estimation accuracy [18,38].

In this chapter, we apply the sparse array technique to design the hybrid beam-
forming, which enables the DoAs of a large number of devices to be estimated with
a marginal accuracy loss while significantly reducing the number of required R-
F chains. The details of the proposed hybrid beamforming design are presented in
Section 6.3, where we design the hybrid beamforming based on the 2-D nested array.
Compared to other sparse arrays, such as minimum redundancy array (MRA) [88],
minimum hole array (MHA) [89] and coprime array [90], nested arrays can generate
larger hole-free difference coarrays than coprime arrays under the same setting, and
have simple closed-form expressions for a large number of elements, which cannot
be achieved in MRA and MHA. In particular, we first design the phase shifter ma-
trix to transform the nonlinear phase of the UCyA steering vectors to be linear to
the element locations, so that the horizontal symmetric structure of UCyA can be
preserved. We then flatten the 3-D RF-chain connection network of UCyA into a
2-D plane, and design the sparse RF-chain connection network developed from the
“Configuration II” nested array [48]. By deploying the proposed sparse RF-chain

connection network, we show that the proposed network can provide larger DoF
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than the fully connected beamforming array.

To improve the accuracy of channel parameter estimation, we formulate the
received signals in the tensor form and propose a spatial smoothing-based method
to enhance the n-rank of the constructed the second-order statistics of the signal
tensor model. In Section 6.4, we verify that we can build a signal tensor model
that provides a large enough rank in each mode to perform the DoA estimation
of all the devices, even when all the received signal powers, i.e., the second-order
statistics of the signals, are equal. A new tensor-based subspace 2-D DoA estimation
algorithm for the designed nested hybrid UCyA is developed in Section 6.5, where
we combine the tensor tool with ESPRIT to estimate the elevation angles, and
substitute the estimated elevation angles to derive the azimuth angles by using
tensor MUSIC. The hardware and software complexity of the proposed tensor-based

parameter estimation algorithm is also analyzed in 6.5.3.

In Section 6.6, we provide simulation results to evaluate the performance of our
proposed algorithm in the mloT networks. We show that although our proposed
tensor-based algorithm provides a better parameter estimation accuracy than its
matrix-based counterparts, because it can suppress much more noise components,
it cannot achieve the same accuracy as the CP-based algorithms. However, the
performance gap is small and the CP-based algorithms have much higher compu-
tational complexities than our algorithm, as discussed in Section 6.5.3. We also
compare the proposed algorithm with the tensor-based 2-D MUSIC algorithm, and
show that the performance degeneration of the tensor-based 2-D MUSIC is larger
than the proposed algorithm when SNR decreases. This is because the 2-D MUSIC
uses signal covariance tensors for the 2-D DoA estimation, and its MUSIC spectrum
is a product of multiple separable second-order mode-n spectra, which results in

undesirable cross-terms [94] and compromises the estimation accuracy.
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6.2 System Model

In this chapter, we consider a BS equipped with an Ms-antenna large-scale
hybrid mmWave UCyA consisting of M, vertically placed UCAs. Each of the UCAs
is on a horizontal plane with M), elements, and M, = M,M,,. Let r be the radius of
the UCyA, and h be the vertical spacing between any two adjacent vertical elements.
We assume that there are K IoT devices, each equipped with a single antenna'. Each
device has a dominating path and different devices have separable and resolvable
paths. Hence, K signal paths are received by the BS. The received signal sample at

the m¢-th time frame (my = 1,..., M;) can be expressed as [122]

K
Xmy = Z smt,kBHabs(gbk, Gk) + Ny, (61)

k=1
where ¢, and 0, are the azimuth and elevation DoAs of the k-th device, respectively;
aps(¢r, Ox) € CMs*1 denotes the steering vector of the hybrid UCyA; s, is the
received symbol of the k-th device at the my-th time frame; n,, € CM»*! denotes

the AWGN; B € CMvs*Misa jg the hybrid beamforming matrix; and My is the

number of data streams.

Given the structure of the UCyA, the array steering vector aps(¢g,0) can be
written as aps(Pk, k) = ay(0r) ® an(Oy, ¢x), where a () and ay(bk, ¢x) are the

vertical and horizontal array steering vectors with their elements given by

[y (Ok)] 1, = Qvm, (O1) = \/% exp (—j%rh(mV —1) cos(@k)> : (6.2)

[an Ok, Dx)],,,, = @y, Ok, Pk

= Jlﬁh exp (j277r7‘ sin () cos(py — gOmh)) , (6.3)

IThe proposed technique can be readily applied when multiple antennas are deployed at a device.
In that case, the paths originating from different antennas can be distinguished by transmitting

different pilot signals.
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where A is the wavelength, m, = 1,..., M, and my, = 1,..., My. @n, = 27(my —
1) /M, is the difference of the central angles between the my,-th antenna and the first
antenna of each UCA. In this chapter, the antenna array can be reasonably treated
as a phased array because the signal bandwidth B is much smaller than the carrier

frequency f,i.e. B < f?, and the signals are narrowband.

6.3 Proposed Nested 3-D Hybrid UCyA

In this section, we design the hybrid beamformer B for performing channel esti-
mation. B = BBy, € CMesXMosa can be decoupled between an analog beamforming

MyexMvsa  Here
* )

matrix B,y € CM*Mit and a digital beamforming matrix By, € C
M;¢ is the number of RF chains. We first briefly review the concept of difference
coarray and sparse array, which are heavily used in this chapter. Then, we introduce

the B design process in detail.

6.3.1 Review of Sparse Arrays

Definition 1 (Difference Coarray): For an antenna array with N elements, w,
is the position of its n-th element, n = 1,2,..., N. Let w,, € C3**! denote the 3-D
coordinate of the n-th antenna array element. The locations of all array elements
are collected in the set D,, i.e., D, = {w,}. The difference coarray of the antenna

array is an (virtual) array with element positions given by the set Dygc:

Ddcz{wm—wm}, an,n2:1,2,...,N. (64)

According to (6.4), the element positions of the difference coarray are the (self)

differences between the locations of original physical antenna elements.

2Much smaller is defined by |(f = B)/f| = 1. When f = 60 GHz and B < 2 GHz, it has
|(f £ B)/f| €[0.97, 1.03].
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Figure 6.2 : An example of (a) coprime array, which is composed of two sparse
subarrays: one with N = 3 elements and separation M = 2, and another one with
2M — 1 elements and separation N; (b) nested array, which is composed of a dense
subarray with N; = 3 elements and separation 1, and a sparse subarray with Ny = 3
elements and separation N; + 1; and (c¢) 2-D nested array, which is composed of a

3 x 3 dense subarray and a 5 X 2 sparse subarray.
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Based on the definition of difference coarray, we can define a cross difference
coarray, which corresponds to the cross differences between the element locations of

two arrays with NV and M elements:
Dege = £{w,, — Wy}, Vn=1,2,.... N, m=1,2,..., M. (6.5)

According to (6.4) and (6.5), we can see that the concept of difference coarray arises
naturally in the second-order statistics of the impinging signals. For example, we
consider that a signal x,,, € CV*! is received at the n-th element of an antenna
array. The cross-correlation between the signals received at the ni;-th and no-th

elements of the array is given by
E {an xH } = Rew, —wi) €CVY W w,, €D, (6.6)
1 ng ny ng

where R(w, —w,,) can be viewed as a signal sample received by a (larger) difference

coarray with virtual array elements located at (w,, — w,,) € Dq. [87].

By adequately designing the element locations, i.e., D,, we can increase the num-
ber of virtual elements in the difference coarray after computing the autocorrelation.
If we use the samples from the difference coarray to perform spectral estimation,

the parameters of much more targets can be estimated.

We proceed to introduce the concept of sparse array. An array is said to be
sparse if the spacing between a majority or all of adjacent elements is more than
one (half-wavelength) [87,90]. By applying the concept of sparse array to antenna
design, we can significantly improve the number of distinguishable targets using
a small number of physical antenna elements [123]. Some well-known 1-D sparse
arrays include MRA [88], MHA [89], nested arrays [87], and coprime arrays [90].
With O(N) physical array elements, both MRA and MHA can construct difference
coarrays with the size of O(N?). However, their geometries need to be constructed by

using searching algorithms, e.g., integer programming [89,124]. Nested and coprime
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arrays were proposed in [87,90] with closed-form expressions for element locations,
and both of them can construct difference coarrays with the same DoF as MRA
and MHA. An example of nested and coprime arrays, and their difference coarrays
are shown in Figs. 6.2(a) and 6.2(b). Nested arrays can offer larger difference
coarray than coprime arrays, as shown in Fig. 6.2(b), where both of them have six
physical elements. In addition, the difference coarrays of nested arrays consist of
evenly spaced virtual elements with no holes, so that the subspace-based estimation
algorithms, such as MUSIC and ESPRIT, can be utilized on the coarray domain
without creating ambiguities [124]. For the details of these arrays, interested readers

can refer to [87-90].

In the next subsection, we design the phase shifter matrix B,s. B¢ can transform
the UCyA steering vectors from the element space into a phase space, where the
phases of the array steering vectors are linear to the element locations. From (6.6),
we see that if we want to construct a difference coarray with a similar geometry
to that of the original array, e.g., the UCyA in our system, the phase of the array
steering vectors should vary linearly with the element locations. However, due to the
special geometry of the UCyA, if we directly calculate the cross correlation of the
array steering vectors, it would generate a virtual non-UCyA composed of multiple
non-UCAs [92], leading to an increased computational complexity and degraded the

estimation accuracy.

6.3.2 Phase-Space Transformation

X M,

The analog beamforming matrix B,s = BBy € CMvsxMer ig composed of a

phase shifter matrix By, € CMosxMose and an RF-chain connection matrix B, €
CMosrxMri - wwhere My, is the number of output ports of the phase-shifter matrix.

An illustration of the RF front-end structure is shown in Fig. 6.3. Here, we design

B, based on circular phase-space transformation [110], to transform the nonlinear
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Figure 6.3 : The block diagram of RF front-end structure.

phase of UCyA steering vectors to be linear to the element locations.

We decouple Bs between the vertical and horizontal planes, i.e., Bps = Byps ®
Bips with By, € CM*Mer and By, € CMixMur -and thus My = M, M, where
M, and My, are the number of the phase-shifter output ports along the vertical and
horizontal directions, respectively. According to the phase-space transformation of

_2r(mp—1)

UCAs [110], we design Byps as [Bups) = e My " wwhere My, =

mp,mp,+P+1
2P+ 1, my, = —P,—P +1,...,P, and P is the highest phase-space dimension.
Thus, the Mp-dimensional array steering vector ay, (0, ¢x) can be transformed into
a (2P 4 1)-dimensional phase space, i.c., anps(0k, dr) = BIL ay (0x, ¢p,) € CEPHIXL,

The value of the highest phase-space dimension, P, can be configured based on the

following theorem.

Theorem 4. Suppose that My, > |4nr/X]|. If the highest phase-space dimension, P,
is larger than |27r /] and smaller than My, /2, then the elements in the phase-space

response can be approximated by

Ahps,p 9]{27 ¢k \/ j J eXp( ]p¢k) ) (67)
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where y(0y) = 2nrsin(0y) /N, p = —P,—P +1,..., P, and J, (v(0y)) is the Bessel

function of the first kind of order p.

Proof. See Appendix E.1. m

We set Byps = Iy, to preserve the recurrence relations among UCAs. According
to Theorem 4, the array steering vectors aps(6y, ¢y ) after the hybrid beamformer is

given by

apa(Or, o) = B ap, (0, i)
= (BrfBbb)H aps (Ok, 1)
= ((vas ® Bhps)BrfCIMbsr)H abs<9k7 (bk)

= Bgc (vas ® Bhps)H abs(0k7 ¢k)v (68)

where By, is a diagonal matrix used to guarantee the power constraint [125]. With-
out loss of generality, we set By, = Iy, _, in this chapter. According to two properties
of the Khatri-Rao product: (A®@B)# = A @B and (A®B)(C®D) = AC®BD

[119], (6.8) can be rewritten as

abd(9k7 ¢k> = B (B\I/}r)s ® Bhps) (aV(Qk) ® ah(eku (bk:))

= Bii, [(Bipsav(tk)) @ (Bipean(h, o1))]
= B, [avps(6k) @ anps 0k, o1)] , (6.9)

where aps(0r) € CMx1ay (O, ¢r) € CMuxL M = M, and My, = 2P + 1.

According to Theorem 4, we have

Avps(Ok) = ay(01) = Tar,ay(61), (6.10)

Ahps,my,, (an ¢k) = [Blis} My P+1,: Qka ¢k V ]mhr My )) €Xp (_]mhr¢k> .
(6.11)
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From (6.10) and (6.11), we see that, through the proposed By, the phases of the
array steering vectors become linear to the element locations. This is important to
exploit the property of the sparse array theory to design the RF-chain connection

matrix Bg.

6.3.3 RF-Chain Connection Network Design

In this subsection, we apply the sparse array technique to design B¢, which
enables the DoAs of a large number of devices to be estimated with a marginal
accuracy loss while significantly reducing the number of required RF chains. We
aim to use as few RF chains as possible to achieve the same, or even larger, DoF
than the fully connected beamforming array®. This objective is different from the
previous sparse array researches, which have typically focused on maximizing the
size of difference coarrays under the constraint of a fixed number of physical antenna

elements.

We first flatten the 3-D RF-chain connection network of UCyA into a 2-D plane,
as shown in Fig. 6.4, by disjoining the RF-chain connection network at the first
column phase shifters of every UCA. Different from typical 2-D arrays, due to the
periodicity of UCAs, the first and the last phase-shifter output ports of every row in
the flattened 2-D RF-chain connection network are identical, as shown in Fig. 6.4,

where the dotted circles denote the last-column phase shifters.

After the flattening processing, the 3-D RF-chain connection network becomes a
quasi-2-D rectangular array with size of (M, +1) x M,,, where the increased dimen-
sion is due to the repeated phase-shifter output ports, as shown in Fig. 6.4. The idea

of 2-D sparse arrays can be applied to design a 3-D RF-chain connection network of

3Due to the use of phase shifter network, the antenna DoF of UCyA depends on the scale of
the phase shifter network. Thus, if we use a fully connected beamforming array, (2P + 1)M, RF
chains are needed, which can provide O(PM,) DoFs.
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Figure 6.4 : An illustration of unfolding phase-shifter output ports of a 3-D UCyA

to be a 2-D array.

UCyA*. In this chapter, we design the RF-chain connection network based on a 2-D
nested array. This is because (1) a nested array can generate larger hole-free differ-
ence coarrays than a coprime array under the same setting, as discussed in Section
6.3.1; and (2) it has simple closed-form expressions for a large number of elements,
which cannot be achieved in MRA and MHA. There are also some other frequently-
used 2-D sparse arrays, e.g., hourglass arrays and open box arrays (OBAs) [124,126].
We will compare the RF-chain connection networks designed based on those array

geometries with our design in Section 6.6.

Our proposed sparse RF-chain connection network is developed from the “Con-
figuration 11”7 nested array [48]. In the general “Configuration II” nested array,
when there are Ngepse = Nya/Nng — 1 and Ngparse = NysNis elements in the dense
and sparse subarrays, respectively, the constructed hole-free difference coarray has
Naec = NyacNnae = (2Nyq Nys—1) Npa Vi elements [48], as shown in Fig. 6.2(c). Here,

Nyq and Npq are the numbers of elements in the dense subarray along the vertical

4Although the RF-chain connection network actually does not have the exact shape, according

to the array steering vectors in (6.10) and (6.11), we can also regard the network as an UCyA.
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and horizontal directions, respectively; N,s and Ny are the numbers of elements in
the sparse subarray along the vertical and horizontal directions, respectively; and
Nyge and Npq. are the numbers of elements in the difference coarray along the ver-
tical and horizontal directions, respectively. We wish to find the distribution of the
RF chains between the sparse and the dense arrays that use as few RF chains as

possible to achieve the same DoF as the fully connected beamforming array.

Due to the above-mentioned periodicity of UCAs, when we apply the sparse
array technique into our hybrid front-end design, two cases need to be considered
for UCyAs. Fig. 6.5(a) shows the first case, where the first and the last columns
of the difference coarray overlap. From Fig. 6.5(a), we can see that because one
column (first or last) of the difference coarray is redundant, two elements of the
sparse subarray can be omitted to reduce the element number. A drawback is that
this case requires My, = (Nps — 1) Npq, which would impose a strict requirement on
the number of phase shifters on the horizontal plane. The second case is shown in
Fig. 6.5(b), which requires the constructed difference coarray to be larger than the
original UCyA, to achieve the same DoF as a fully connected beamforming array on

the horizontal space. In this case, NyqNns > My > (Nps — 1) Npa /2.

In our system, due to the new phase shifter network designed in Section 6.3.2,
we have My, = 2P + 1 (which is an odd number). Since in the Configuration II
nested array, the dense and sparse subarrays are symmetric, i.e., both Nyg and Nypq

are odd, we have (Nps — 1)Vpq is even, and only the above-mentioned second case
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needs to be considered in our system. We formulate the optimization problem as

min Mrf = Ndehd + stNhs -1 (612)
Nvdythvas,Nhs€Z+

S.t. (Cl): QNVdes —1 2 Mvru
(CQ) thNhs Z Mhr7
(C3): Ny, Nna > 1,

(C4): Nypqis odd and Nyg/Npq € Z7.

(C1) and (C2) guarantee the DoF requirements for the constructed difference coar-
ray of the RF-chain connection network. (C3) avoids solutions that degenerate to
1-D arrays. (C4) is due to the fact that the dense array in Configuration IT is
symmetrical, and Npq and Nyq are invariant factors [93] of the array distribution

matrix.
The solution for (6.12) can be obtained by adopting the following strategy. Ac-

cording to (C1) and (C2), since Nys, Nps € ZT, we can obtain Ny = [(My, — 1)/2Nyq]

and Nyps = [ My, /Nua]. The optimization problem (6.12) becomes

. (Mvr - 1)/2 Mhr
My = Ny N 6.13
Nvd,Ilr\}}l.dDGZJr ! A [ Nya Nha ( )

s.t. (C3) and (C4)

Given M., and Mjy,, we see that (6.13) exhibits the form of y = z+ 2, where a > 0 is
a constant and y = x + ¢ > 2/a. Because y = 2y/a iff z = 2, the minimum M, can
be obtained when the difference between NyqNng and [(Myy — 1)/2Nya]| [ Mpy/Nua |
is the smallest. Since Nyq, Nnq, Nvs, Vs € Z7, we can determine the approximate
value ranges of NyqNpq and [(My, — 1)/2Nyq] [ Mpr/Nua], and (6.13) is an inte-
ger programming problem. According to (C3) and (C4), the optimal solutions of
Nud, Nng, Nys, and Ny to (6.13) can be obtained by using brute-force search with

the value range between NyqNpq and [(My, — 1)/2Nyq]| [ Mpr/Nual-
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In the proposed sparse RF-chain connection network, the RF chains only need
to connect the phase shifters located in the dense and sparse subarrays. Based
on the calculated values of N,q, Nng, Nvs, and Npg, now we provide the element
locations in the dense and sparse arrays. For illustration convenience, we define the
overlapping point of the sparse and dense arrays as the origin of the nested array®.
Let mgp, = (My_sp, Mi_sp) and Mye = (My_de, Mn_qe) as the locations of elements in the

dense and sparse arrays (to which the RF chains connect), respectively. We have

My_sp = Vd(nVS - 1)7
(6.14)
M sp = Nud(—Nis/2 + nis — 1/2),
My de = —LVvd + Nd;
(6.15)
Mhde = —(Nna — 1)/2 + npg — 1,
where ny = 1,2,..., Nyg; nps = 1,2,..., Npg; Nyg = 1,2,..., Nyg; and npq =

17 27 SRR Npa. Let Mipq = {mv,de ® mh,de} and M = {mvjp ® rnh,sp} denote

the sets of the RF-chain connection points in the dense and sparse arrays, respec-

ax1

tively. m, g0 € C™ and my, g0 € CMa*! are the element locations of the dense

Nysx1 and

array along the vertical and horizontal directions, respectively. m, g, € C
my, € CV=*1 are the element locations of the sparse array along the vertical
and horizontal directions, respectively. The set of RF-chain connection points is

M, = {Myrq UM} . The constructed RF-chain connection matrix By is given

by
4

1, if mps € Mg and

[BrfC]mbsr,mrf [Brfc]mgsrimbsnmrf = [Brfc]mbsnm;ﬁémrf = 0, (616)

0, otherwise.

\

5Because the parameter estimation depends on the difference between array elements, the

changed absolute positions of array elements does not effect the estimation performance.
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By deploying the proposed sparse RF-chain connection network and using the
second-order statistics of the received signal for channel estimation, the DoF of the
proposed network is O((2NyqNys — 1) X My;). In other words, according to [93], we
can estimate the channel parameters of (Nyq. — 1)(Nnge — 1) devices by using the
proposed hybrid front-end. Because there is an overlapping point at the origin, the
total number of RF chains required in our network is M,y = NygNng + NysNps — 1, as
shown in (6.12)%. Due to the periodicity of UCAs, there are only up to Nyge = My,
virtual elements on the horizontal plane of the constructed 3-D difference coarray
of the RF-chain connection network. Along the vertical direction, the number of

virtual elements is Nyq. = 2NyqNys — 1.

According to the element locations of the dense and sparse arrays in (6.14) and
(6.15), we also provide the element locations of the constructed difference coarray.
Let mg. = (My_qc, My_dc), where my_q. and my,_g. correspond to the locations along

the vertical and horizontal directions, respectively. We have

My dec = _(Nvdc - 1)/2 + Nyae — 1=-— Vdes + Nyvdc, (617)
Mh_de = _(thc — 1)/2 —|— Nhde — 1 = —P —|— Nhde — 1, (618)
where nyqge = 1,2, ..., Nyge and npge = 1,2, ..., Npae. The shape of the constructed

3-D difference coarray RF-chain connection network is the same as the UCyA, but

the former has a larger DoF'.

The signals through the proposed RF-chain connection network are given by

K
Xsn,my — Z Smt,kasn(qbka Hk) + Ngn my (619)

k=1

6Tt can also be proved that the phase shifter at this location is useless and does not need to
be connected [48]. However, for ease of description, here we assume that this phase shifter is

connected in our network, which does not affect the results in this chapter.
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where

S11,S 79 SHSVQ S11,S. Q?
o (60, B0) = asns( Ok, Or) _ | 2 (0k) ® agysn(Ok, 1) . (6.20)

asn.d(Pk, Ok) Asn dv(Ok) @ asn an(Ok, k)
The elements of ag, < (0r) € CM*! and ag, o (Or, dx) € CM*1 are ag, svne. (Ok) =
ysmysp (Ok) AN G shny, (Ok, Ok) = Ansmy, ., (Ok, dx), respectively, where aysm, ., (0k)
and apgm, ., (Or, dx) are the array steering vectors of the sparse subarray along the
vertical and horizontal directions, respectively. The elements of the array steering
vectors of the dense subarray, i.e., ag 4v(fr) € CMa*1 and ag, qn(0k, ox) € CNoaxt)

Mrf><1

can be written in the same way. Here, ng,,, € C is the noise component

through the RF-chain connection network.

The signal model (6.19) can also be rewritten as
Xsnvmt = Asnsmt + nsn,mta (621)

where Asn = [asn(¢1, 01)7 asn(¢2a 02)7 sy asn(¢K7 QK)] € CMerK and Smy = [smt,h Smy,25

T Kx1
---73mt,K] eC .

By calculating the autocorrelation of Xgy ,,, we have

Rsn,mt =E {Xsn,mth}I{’mt} = AsnRss,mt SI_III + Rnn,mta (622)

2

— i 2
where Ry ,,, = diag (Us,mt,lv s O K

— 2 2
) and Ry, ,,,, = diag (O’n’mt’l, o ,an’mt’K) are

the autocorrelation matrices of s,,, and ngy, ,,,,, respectively.

We vectorize Rqy 1, as
Vorme = VeC(Ranm,) = [AL, © Agn] din, + vec(Runim, ), (6.23)

where [dmt]k;,l = Ug,mt,ka

and o7, . is the power of the k-th signal. The k-th colum-
n of the matrix [Af ¢ Ag,| contains elements representing the cross-differences be-

tween sparse and dense subarrays, i.e., aZ, ¢ (O O)asn.a,my. (95, Ox) and ag, ¢ 1, (9,

*

Ok)asn.d,mg, (Pk, O ), and the self-differences of sparse and dense subarrays, i.e., ag, s 1 |



147

(¢k7 ek)asn,&msp,g (¢ka ek) and a;kn,d7mde’1 (¢k’7 ek)asn,d,mde,g (¢k7 ek) Here, Mgy and Mgy 2
denote that aen s m,, , (Pr, Or) and aen s m., . (Ok, Oi) are different elements in the sparse
subarray, and mqe,1 and mge o denote that as dmg,, (9r, Ok) and asn d,my. , (k. Or) are

different elements in the dense subarray.

We sort the rows of yyr,, in the ascending order of their phases, and then
remove the redundant rows with the same phases. Then, we can obtain the array
steering vector of the difference coarray Agp € CNvachhaex1 from [AZ o Ag,]. We also

calculate and store the mean of the “nonzero” rows of vec(Rpm, )7, and obtain
Yatm, = Adrdm, + oleqs, (6.24)

where [Aqgl,, = aar(dr, k) = aarv(0k) @ agm(br, i) and eqr € CNvachnaexd g o
vector of all zeros except a “1” at the (P 4 1)N,qNys-th entry. The elements of

agee () € CMaexl and age, (O, o) € CNracx! are given by

1 27
Adfv gy, (Ok) = T P (—j Thmvfdc Cos(Qk)) , (6.25)
Qdfh,npgc (ek’v ¢k) = fmhfdc (ek) €Xp <_jmh,dc¢k) R (626)

where &, o (Ok) = Mnj"™= Ty o, (V(0k)) Iy oo (V(0k)) . and mpac = mnasy —
Mhds2 (Mhds1, Mhds2 € Mpas). Mias = {Mh.de, Mnsp} collects the horizontal
locations of the elements in the dense and sparse arrays. (6.24) can be viewed as

the signal d,,, received at an array with steering matrix Ags.

Now we formulate the received samples in the tensor form. We first decompose
Yat,m, into the vertical and horizontal domains (corresponding to the first and second

modes of the tensor model), as given by Y, = invec(yagm,) € C(2NvaNvs—1)x My

7All the rows of vec(Run,m, ) with nonzero value correspond to the phase difference of 0 in the
difference coarray, which are produced by the self difference of sparse and dense subarrays. Because
the noise is temporally and spatially white with power o2, by averaging the value of these rows,

2 _ K 2
we have o = >} 05 g
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Then, we collect Ygt,,, at all time frames, and store them in the time domain
(corresponding to the third mode of the tensor model). Thus, the received samples

can be expressed as
Var = [Yag1 Us Yaga Us ... Uz Yaear] = Agr X3 D 4+ Nyp € CNvaexNuaexMe (6 97)

where D = [dy,dy,...,dy,]T € CM>XK - Ay € CNvacxMnaexK g known as the
space-time response tensor [113], and Ny is the noise tensor model. Due to the
above-mentioned process (6.24)-(6.27), the elements of Ny are all zeros except o2

at (0,0,mq), my =1,2,..., M. In (6.27), Aqg¢ is obtained as

Age = [adfv(91) o adfh(91, ¢1) L3 adfv(92) o adfh(82a <Z52)

Ls...L3 adfv(QK) o adfh(HK, ¢K>] (628)
By substituting (6.28) into (6.27), we obtain
K
Yar = Z aare (0r) © aam Ok, 9r) © [D]. j + Nar = [Zas; Aare, Aam, D] + Nar, (6.29)
k=1

where [Ade]:,k = adfv(ek), [Adfh]:’k = adfh(Qk, qbk), and de € CKXKXK iS an order—3

identity superdiagonal tensor®.

Eq. (6.27) shows that the elements of the equivalent signal matrix D € CM<&
are actually the received signal powers due to the autocorrelation calculation (6.22).
To build a full-rank matrix D for DoA estimation, one would need to assume that
the received signal powers change over time, and the power of every signal is different
from each other, as assumed in [127]. However, such assumption is unrealistic in
practice. It is possible that the rank of the equivalent device signal matrix D is
smaller than the number of devices K, i.e., Rank(D) < K, which behaves as if

some of the received signals are coherent, leading to incorrect channel estimation.

8A tensor A € Cli>I2xxIN ig diagonal if a;,i,...;.n, 7 0 only if iy = iy = --- = ixy. When

I, =1,=---=1Iy, Ais called as superdiagonal.
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Prevent possible coherent signals, we propose a novel approach in the next section
to construct a signal tensor model with suitable n-ranks in all modes. This allows

us to estimate the 2-D DoAs of K devices.

6.4 Spatial smoothing-based tensor n-rank enhancement

In this section, we analyze the relationship between the rank of D and the n-rank
of V4. We propose a spatial smoothing-based method to enhance the n-rank of V.
By using the proposed method, we verify that one can build a signal tensor model
that provides a large enough rank in each mode to perform the DoA estimation of
K devices, even when the received signal powers of all the devices are equal. These

powers are steady temporally across all time frames.

As discussed in Section 6.3.3, the rank of D in (6.29) is typically smaller than the
number of devices, K, in practice. Based on the uniqueness condition of tensor CP
decomposition [75], we first provide the following theorem to evaluate the impact of

Rank(D) on the n-ranks of the tensor Vys.

Theorem 5. For Vi = [Za5; Augo, Aapm, D] + Nyp, if Rank(D) < K, the ranks of
the signal spaces of Yqr in all modes are smaller than the number of devices K, i.e.,
Rank(U,,) < K, n = 1,2, 3, where U,,, is the mode-n signal subspace of V4 with

Uv,l € CN“‘“’XK, UuQ € CN}“’Z‘XK, and UU73 € CMxK,
Proof. See Appendix E.2. n

According to Theorem 5, when the rank of D in (6.29) is smaller than the number
of devices K, we cannot decompose the tensor model (6.27) into the signal and noise
spaces in all modes. As a result, the subspace-based algorithms cannot be used to
estimate the angles of the devices. To enhance the n-rank of the signal tensor model,
we apply spatial smoothing techniques [72] to build up a sample tensor model whose

signal subspace is full rank in each mode.
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Figure 6.6 : An illustration of the proposed tensor n-rank enhancement method.
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We divide Vg in (6.27) into Njs identical subtensors in its first mode, as shown
in the left-hand side of Fig. 6.6. The n;-th subtensor (ni; = 1,2,..., Ni5) can be
constructed as

Vi) = Vg X1 Ty, € TN Nuaex M (6.30)
where Jss,nis = [ONssx(nis—1)7 INssa ONSSX(NiS—niS)] and Ngs = 2NyqNys — Nis.

We can see that
) = szfQ A(d?iVS),Adfh,Dﬂ + N (6.31)

where AG = T, Aary = Al QU € C K, Qu = diag (Gt dusos - i) €
CEXE | gp = el 3 heosln) and N0i) = Ny xq Jgg ., € CNes*NnaexMe i the selected
subtensor of the noise model. We can verify that only when Ny gNys — Ng + 1 <
nis < NyaNys, N) has 02 at the ng = (NygNys — nis + 1)-th entry of the first

mode, while npg. = P+ 1 and my = 1,2,..., M,. In all other cases, N ") = 0.

By concatenating the Njs identical subtensors yés” iS), nis = 1,..., Nis, as shown
in the middle block of Fig. 6.6, the spatially smoothed signal tensor model can be

constructed as

ySS — |: |_|3 ys(snls):| c (CNssXthcX(MtNis)’ (632)

nis=1,...,IV{
which has a rank large enough in each mode to perform DoA estimation of the K

devices.

Now, we proceed to verify the n-ranks of V. Define yg‘ is) Hde; A((i?if), A, Dﬂ .

We have

K
Vgw] = [Ag?j )] Al [Pl g

K
1 Nis—
- Z <|:A(dfz’i| Nee ke qSS,k‘ 1> |:-ZA-dfthnhdczk: [D]mt?k

S [al)

k=1

o
-

Attt (Dl a7 (6.33)

MNss,
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Hence,
Vi) = [[de; Agf“j),Adfh,Dﬂ = [Zas: Adrvo, Agm, DU] (6.34)

S8,S

where Agpo = A((ilf)V and D™s) = DQMs~1. Therefore, (6.32) can be rewritten as

Vs = [ 711J3 ysfsniS)} = [Za; Adtvo, Adn, Dss] + Nas, (6.35)
where
D, = [(D(l))T, (D®)" .. (D<Nis>)T]T € CMeNi)xK. (6.36)

and N = { L3 N(”is)] € CNss*Nnaex(MeNis) g g tensor of all zeros except o2
nis=1,...,Nis
at (nsmoamt)y Where Ngs = (Ndevs — Mg + 1)7 Mt(nis - 1) S mt S Mtni57 and

niszl,...,NiS.

An illustration of (6.35) is shown at the right of Fig. 6.6, where the recurrence
relations among the divided subtensors in the mode-1 is equivalent to those in the
mode-3. Agfl\if) and D™s) are the factor matrices [76] of mode-1 and mode-3, re-
spectively. This property can be used to enhance the n-ranks of the signal tensor

model.

We consider the extreme case where the received powers of all the devices are

equal, and these powers are steady temporally across all time frames, i.e., ag’mt’k =

o2, my =1,2,..., M, and k = 1,2,..., K. Then, D = 021,,«x. As a result, Dy,
can be rewritten as Dy = USQQSS ® 1y, where Qg = (15, Qss1,Qss2y - - - Ass N 1) 7 €

’ ’ / T

Nisx K _ s T s I
C . I qss,ngs - qssl,slaqssl,s%”'aqsslf[{ ) &Ild nis - 1727"'7Nis_ 1

Because the paths are from different directions, st is an N, x K Vandermonde
matrix and Rank(Qg) = min (Ny, K) . Rank(Qg) = K iff Ny, > K. According to
Theorem 5, Rankn(j)ss) = K, when Rank(Dy) = K. Thus, the signal and noise

spaces of YV in (6.32) can be decomposed in each mode.

We note that the number of ys(s” ) heeds to be larger than the number of devices,

ie., Ny > K, to guarantee that ) is full rank. Also, the system DoF available
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after spatial smoothing is proportional to the size of ys(ﬁ ) Since the total number
of elements in Yy is constant, increasing the number of ys(ﬁ is) implies that the
size of each y§£ ) g smaller, while a larger size of each ys(ﬁ ) means there is a
smaller number of recurrence shifts available. In this sense, the best strategy is

to minimize the difference between N, and Ng. Since in our system, we have

Nis + Nss —1= Nvdc = 2A]\/vvd]\fvs - 17 we set Nss = Nis = Ndevs-

Remark 2. After spatial smoothing, the system DoF becomes half of that in (6.12),

because we divide Vg into multiple yﬁ? is)

. Therefore, to prevent the system DoF from
decreasing and achieve the target set in Section 6.3.3, we modify (C1) in the opti-
mization problem (6.12) to NygNys > M,,.. Applying the analytical strategy developed

in Section 6.3.3, we formulate the modified optimization problem (6.12) as

. Mvr Mhr
M, = NN, .
NUdJH\}iiZ* A ’VNvd—‘ {th—‘ (6.37)

s.t. (C3) and (C4).

We see that the minimum M,y can be obtained when NyqNpg and [ My/Nyg| | Mpr/Npal
are close or equal. Because N,q, Npg, Nys, Nis € Z7F, the optimal value of Nyq, Npa, Nys,

and Ny, can be obtained.

6.5 2-D DoA estimation

In this section, the 2-D DoAs are estimated by developing a new tensor-based
subspace estimation algorithm. By exploiting the recurrence relations among the
UCAs, the elevation DoAs are estimated first, and then the corresponding azimuth
angles are estimated by using the tensor MUSIC. The hardware and software com-

plexities are analyzed in the end.
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6.5.1 Estimation of Elevation Angle

We first propose a tensor-based total least-squares (TLS)-ESPRIT algorithm to
estimate the elevation angle of each device. The HOSVD of the measurement tensor

Vs is given by
Vs = L %1 Ugpo x2 U X3 Ugs = [£; Uggeo, Uam, Ugs]) € CNo=xNuaex(MiNis) = (6 38)

where Ugpo € CNs*Nss Ugg, € CNoacxMuae  and Uy € CMeNis)x(MiNis) - are the
left singular matrices of the mode-n unfoldings of tensor ), and the core tensor
L € CNss*Nuaex(MiNis) ig obtained by moving the singular matrices to the left-hand
side of (6.38):

L= yss X1 Uﬁvo X2 Ufﬂq X3 Ug (639)

Define )755 = [Zas; Adtvo, Adm, Dss] , which contains the noise-free components
of V. By removing the noise subspace component in each mode, we obtain the
HOSVD model of Y, as given by

:)sts = £ss X1 UdeO,S X9 Udﬂl,s X3 Uss,s € CNSSXthCX(MtNiS): (640)

where Ugos € CV*K Uy € CMaeXE - and Uy, € CMeN)XE are the signal

CKXKXK i

subspaces in the first, second, and third modes, respectively; and Ly € S
obtained by discarding insignificant singular values of )V in all the modes.
Define the signal subspace as
Us = Los x1 Ugpos X Ugpys € CNos7Nhaex K (6.41)

Because ), can be rewritten as Vs = Ay X3 Dy with Ay = Z4r X1 Agreo X2 Agrn,
we obtain

Ass - Z/{s X3 Dss- (642)

where Dy, € CMiNis)xK g g full column rank matrix. According to the shift-

invariance relation among the subtensors in mode-1, we have

ASS X1 Jv2 - Ass X1 Jvl X3 6\/, (643)
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where ®V = dla‘g (e_jQTﬂhCOS(el)v ce 76—j27”hcos(9K))7 Jvl = [IMvr—17 O(Mvr—l)XI]u and

Jyo = [O(Mvr—l)thM\,r—l]- Let
Usy1 = Us X1 Jy1 and Usyz = Us X1 Jya. (6.44)

By substituting (6.42) into (6.43), we have Usyo = Usy1 X3 ¥, where ¥, € CEXE
is a full rank matrix. To obtain the estimate of W, we define X, = [Ty; Tyo| €
CE*2K_We now generalize the matrix TLS problem formulation [119] to the tensor

setting, as follows.

Y, = arg min U X3 Lot + Uso X3 oo (6.45)
st Y, YT =1k,
which finds a unitary matrix Y, with orthogonal submatrices to Us,1 and Usyo in
mode-3.

The mode-3 unfoldings of U, is given by
Ui = Ug) (T @ In,,)", (6.46)

where Ug(3) € CHEXMwMuMt jg the mode-3 unfolding of ;. The mode-3 unfoldings of
Usy> can be formulated in the same way. Since || Al = ||A, HF (n=1,2,...,N)[76],

we rewrite the tensor TLS problem (6.45) as

~

Y, = argmin
Yy

‘Tles@) (Tt @ Inye)" + TeaUss) (J12 @ IthC)THF

_ . T
= arg n}lvn HWVTV HF , (6.47)

where
W, = [(Ju1®Iy, ) Uy Jeely, ) Ul € C(Nss =) Niae x2K (6.48)

The SVD of WIW, is written as WIW, = U,A,V,, where U, € C**2K and

V, € C2Kx2K 16 the left and right singular matrices, respectively; and A, € C2*2K
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contains the singular values. We partition U, into four blocks:

. Ui Une c 2K 2K (6.49)

Uv21 Uv22

Let Ty = Ufm e CK*K and Y,y = U{m € CE*E_ According to the standard
TLS [119], the estimate of ¥, is given by U, = —YV1T;21, where the K eigenvalues
of U, ie., Uer, kK = 1,2,..., K, are sorted in descending order. According to
the array steering expression (6.2), the elevation angle of the k-th device can be

estimated as

0, = arccos (jAIn(Yyx)/(27h)) . (6.50)

6.5.2 Estimation of Azimuth Angle

We use the tensor-MUSIC algorithm [78] to estimate the azimuth angle of each
device. According to (6.40), we can discard the largest K singular values of the
mode-n unfoldings of )V and obtain the noise subspace in mode-2, Ugg, ,. Then, we
generalize the matrix-based MUSIC to the tensor, and the tensor MUSIC spectrum
of the azimuth angle can be defined as
‘—2

SPMUSIC((I)) = ||Ass X9 Uldqﬂhn‘ (651)

where ® = [¢1, Po, ..., 0k|. The mode-2 unfolding of Ay can be expressed as
Ag2) = AamnZase) Tarn, ® Adfv(])Ta (6.52)

where Zgs(o) is the mode-2 unfolding of Z4. According to a property of tensor
multiplication and unfolding: ||A| = ”A(")”F ,n=1,2,...,N, we can rewrite the
tensor MUSIC spectrum (6.51) as

-2

SPavsic(®) = || Utk o AdnZarz) (v, © Aaro)|| (6.53)

By substituting the estimated elevation angle of each device (6.50) into (6.53), the

corresponding azimuth angle ¢, can be estimated by searching the prominent peaks
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Algorithm 3 Tensor-based subspace estimation algorithm

e Input: The processed signal, )y, and the number of devices, K.

e Output: The estimated elevation and azimuth angles, ék and gigk, k =

1,2,... K.

e Take the HOSVD of Y and obtain Us, Usy1, and Uy according to (6.41) and

(6.44).
e Estimate ¥, by solving the tenosr TLS problem (6.45).

e (Calculate the eigenvalues of \ifv, ie, Yy k=1,2,..., K, and estimate ék by

using (6.50).

e Calculate Uy, and estimate gEk by searching the prominent peaks of (6.53).

of the tensor MUSIC spectrum (6.53). Algorithm 3 summarizes the procedure of

the proposed tensor-based subspace estimation algorithm.

6.5.3 Complexity Analysis

We analyze the hardware and software complexity of the proposed tensor-based

parameter estimation algorithm.

For the hardware complexity, the use of the proposed hybrid array reduces the
hardware complexity to O(M,f) = O(NyqaNna + NysNys), while a fully digital array
using the same number of antennas would have a hardware complexity of O(M,).
We compare the system power consumption between our system, and the systems

using hourglass arrays [124] and OBAs [126]°. According to [128], the power of a

9For a fair comparison, all these systems do not consider using spatial smoothing, and the

periodicity of UCAs is considered here.
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Figure 6.7 : Variation of the software complexity vs. DoF.

hybrid array is consumed by its RF chains, analog-to-digital converters (ADCs),
local oscillators, power amplifiers, and phase shifters. Since the proposed method,
and the methods using hourglass arrays and OBAs, are only different in terms of
the design of RF connection matrices, the numbers of required phase shifters, local
oscillators, and power amplifiers are the same across these three methods. As a
result, the difference of system power consumption between the methods depends
on the numbers of RF chains and ADSs. Also note that the number of RF chains is
equal to the number of ADCs. Assume that the dimension of phase-shifter output
ports is My, X My, = 29 x 17. In our system, only M.; = NygNpq + NysNps — 1 = 32
RF chains (and ADSs) are required by solving (6.12). However, in the systems
using hourglass arrays and OBAs, the numbers of required RF chains are 37 and 35,

respectively.

As for the signal processing complexity, we compare the computational complexi-

ty of the proposed tensor-based algorithm with its matrix-based counterpart, which
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formulates the signal model in the matrix form and uses matrix-based ESPRIT-
MUSIC algorithm for DoA estimation. For matrix-based algorithms, the compu-
tational complexity of performing SVD to the measurement sample matrix and
truncating its rank to K is O(NgNnacM;NisK). The complexities of estimating
the elevation and azimuth angles are O(K?® + NgNpge) and O(Npg K2 + N2 K D),
respectively. D is the size of search dimension. For the proposed tensor-based al-
gorithm, the computational complexity of taking the HOSVD of the tensor model
is O(NgNnac My NisK). The computational complexities of estimating elevation and
azimuth angles are O( Ny Npqge + K?) and O(Ng Nypae My Nis K + N2y K D), respective-
ly. The new tensor-based algorithm needs slightly more computations, but is in the

same order as its matrix-based counterpart.

We also compare our algorithm with the CP-based simultaneous-orthogonal
matching pursuit (S-OMP) algorithm [78]. The algorithm first applies CP decom-
position to decompose the received signal tensor model, and then applies S-OMP to
estimate the parameters. The complexities of the CP decomposition and S-OMP are
O(NgNpae My Nig K + Ny Npae K2 4+ K3) and O(Ngs Npae M Nis (N1 + No)), respectively,
where N7 > K and N, > K are the dimensions of the OMP grid. The complexi-
ty of CP-based subspace algorithm is much higher than that of our HOSVD-based

algorithm.

Note that all the operations in our DoA estimation algorithm are on the signal
data tensor model directly. If our algorithms operate on the signal covariance tensor,

we need to calculate the signal covariance tensor model [2,79,94]

MtNis
yss,m o ys*&m c CNSSXthCXNSSXthC7 (654)
m=1

1
B MtNis

RSS

where Yy, € CNeo*PMide g the m-th subtensor of Vs, m = 1,2,..., M; N, and
then, take the HOSVD of (6.54). The computational complexity of this process

is O(MNixN2ZNZ,. + N2N2,.K), which needs much more computations than our

S
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algorithms.

The results of the computational complexities of our algorithm, its matrix-based
counterpart, CP-based S-OMP algorithm, and the proposed algorithm operating on
the covariance tensor, as a function of the system DoF, O(NgNyq.), are presented
in Fig. 6.7, where M; = 20, N, = 20, K = 15, and N; = N, = 50. The figure
shows that our proposed algorithm requires more computations than its matrix-
based counterpart at the gain of significantly improved DoA estimation performance,
as will be seen in Section 6.6. However, compared to the other two algorithms, the

computational complexity of our algorithm is much lower.

6.6 Simulation Results

In this section, simulation results are provided to demonstrate the performance
of the proposed algorithm in the mloT networks. The system bandwidth is B =1
GHz. The number of time frames is set to M= 20. The reference radial frequency
f = 28 GHz. The vertical spacing between adjacent receiving UCAs is h = 0.5\
and the radius of the UCyA is r = 2), where A = ¢/f and ¢ is the speed of light.
The geometry parameters of the UCyA are M, = 25 and M, = 30. For the hybrid
beamforming, we set Nyg = 5, Npg = 5, Nys = 5, and Ny = 6, so there are

M;¢ = NyqNng + NysNps — 1 = 54 RF chains in our system.

Fig. 6.8 plots the root mean square errors (RMSEs) for the estimates of the
azimuth and elevation angles versus the average received SNR, where the DoAs
of K = 50 devices are estimated. By using the proposed nested sparse hybrid
beamforming, we compare the proposed HOSVD-based ESPRIT-MUSIC (HB-H-
EM) algorithm with its reduced version in the matrix form (HB-H-EM (M)), the
CP-based S-OMP (HB-C-SO) algorithm [78], the HOSVD-based 2-D MUSIC (HB-
H-2DM) algorithm [94], and the proposed algorithm but using OBA to design the

RF connection matrix (HB-H-EM (OBA)). We also apply the proposed algorithm
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for fully digital beamforming (DB-H-EM), and provide the CRLB [117] as a ref-
erence. We can see that all the estimated algorithms approach the CRLB, as the
average received SNR increases. Fig. 6.8 also shows that our proposed tensor-based
algorithm provides a better accuracy than its matrix-based counterparts. This is
because the tensor-based algorithm can suppress the noise components in each mod-
e of the signal tensor model, while the matrix-based algorithm can only suppress
the noise in the time domain corresponding to the third mode in this chapter. By
applying CP to decompose the signal tensor model, HB-C-SO achieves better esti-
mation performance than other HOSVD-like algorithms. However, the performance
improvement is limited because HB-C-SO uses S-OMP to estimate the parameters,
generating quantized estimates only. We also observe that the precision of the angle
estimation of our proposed algorithm is a bit lower than that of DB-H-EM. However,
both DB-H-EM and HB-C-SO have a much higher complexity than our algorithm,
as analyzed in Section 6.5.3. In addition, the estimation accuracy is nearly the same
between the proposed HB-H-EM and HB-H-EM (OBA). This is because the DoA
estimation accuracy depends on the dimension of the difference coarray, not the
dimension of the RF chain network, while the constructed difference coarrays of the

two methods are identical.

Fig. 6.9 shows the RMSEs for the estimates of DoAs versus the average received
SNR. The number of devices is K = 200. By comparing Figs. 6.8 and 6.9, we see
that for the fixed SNR and a fixed number of RF chains, the estimation accuracy
of all the tested algorithms decreases as K increases. This is because as K grows,
more signal components need to be estimated and distinguished. Compared with
Fig. 6.8, Fig. 6.9 also shows that the performance degeneration of HB-H-2DM
is larger than other algorithms. This is because HB-H-2DM uses signal covariance
tensors for the 2-D DoA estimation, and its MUSIC spectrum is a product of multiple

separable second-order mode-n spectra, which results in undesirable cross-terms [94]
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Figure 6.10 : 2-D DoA estimation by using the proposed algorithm for 100 devices.

and compromises the estimation accuracy.

Fig. 6.10 evaluates the performance of our proposed algorithm. Without loss
of generality, here we estimate the 2-D DoAs of K = 100 devices, where SNR = 5
dB. As seen from the results, the proposed algorithm can accurately estimate the
azimuth and elevation angles of 100 devices. All the estimates are well matched

with the actual values, while we only use 54 RF chains in our system.

6.7 Summary

In this chapter, we have proposed a novel sparse nested hybrid UCyA for mloT
networks. A corresponded 2-D DoA estimation algorithm has also been presented,
based on the second-order statistics of the received signals. We have shown that by
exploiting the difference coarray technique and tailoring for the UCyA, the designed

hybrid array only requires a small number of RF chains to achieve DoA estimation
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for a massive number of 0T devices. We have also proposed a spatial smoothing-
based method to enhance the n-ranks of the signal tensor model. By using the
method, a large enough rank in each mode of the signal tensor model can be pro-
vided for the DoA estimation of K devices. By processing the signals in the tensor
form and operating on the signal data tensor model directly, we have demonstrated
that the proposed DoA estimation algorithm can significantly improve the estima-
tion accuracy while reducing the computational complexity. We have also shown
via simulations that, in the mIoT networks, the proposed hybrid array system can

accurately estimate the 2-D DoAs of a large number of [oT devices.
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Chapter 7

Conclusion and Outlook

In this thesis, we investigated channel parameter estimation methods for mmWave
systems with large-scale UCyAs. To meet the different communication and de-
ployment requirements of various scenarios, namely, indoor, UMi, RMa, and mloT,
both digital and hybrid beamformers were considered. Our goal was to find ef-
fective solutions which can improve the accuracy of the estimation methods while
reducing the system complexity (in both hardware and software). We showed that
both mathematics-based and mmWave property-based means can be employed to
achieve the target. For example, we reduced the computational complexity of the
estimation methods by transforming the signals into a low-dimensional beamspace.
We also applied wideband signal-subspace methods to combine the signals across
the wideband, so that the high temporal resolution offered by wideband mmWave

systems can be exploited to improve delay estimation accuracy.

Chapter 3 was devoted to the channel parameter estimation for the indoor sce-
nario with digital UCyAs. To reduce the computational complexity of the estima-
tion method, we first exploited the sparsity and quasi-optical propagation mmWave
and proposed a novel channel compression technique. We showed that by proper-
ly quantizing and selecting the received signals, the proposed technique can remain
the necessary principal signal components, i.e., the LoS and single-bounce scattering
paths, and mitigate the useless secondary components. As a result, the dimension
of the received signal space can be reduced while improving the parameter estima-

tion accuracy. We also developed a joint RSS-AoA estimation algorithm, which
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exploits the different transmission power of paths to estimate the distance between
the BS and the MS, and is based on the beamspace transformation to estimate
the arrival angle of each paths. We showed that the beamspace transformation
can transform signal vectors in the element space to a low-dimensional beamspace,
so that the computational complexity of the parameter estimation can be further
reduced. We finally described a novel indoor positioning approach based on the
estimated parameters. We demonstrated that by exploiting the quasi-optical prop-
agation at mmWave frequencies, only a single BS is required to implement spatial
3-D localization. This is particularly applicable for the mmWave indoor scenario,
where high-accuracy parameter estimation and target localization are required in

limited spaces.

Next, we extended the channel parameter estimation to outdoor mmWave com-
munication scenarios, e.g., UMi and RMa, where hybrid UCyAs were considered.
The hybrid UCyAs have lower hardware cost and power consumption than the
UCyAs with digital front-end, as demonstrated in Chapter 4. We first designed a
new two-step wideband hybrid beamforming strategy for the UMi scenario. The
strategy reduces the dimension of received signals on the horizontal plane by ex-
ploiting the convergence of the Bessel function, and reduces the active beams in the
vertical direction through preselection. We showed that by using this strategy, we
can preserve the important recurrence relationship of the received signals needed for
subspace-based angle and delay estimation, although a dramatically small number of
RF chains is deployed. This is particularly useful for the UMi scenario, where large-
scale UCyAs are deployed and high costs caused by the beamformers need to be
reduced. Then, we generalized the conventional linear interpolation to reconstruct
the received signals of the hybrid beamformer. We showed that this method can
coherently combine the signals across the whole band and suppress the beam squint.

As a result, the subspace-based algorithms can be applied to estimate the angles
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and delays of the multi-path components. In Chapter 4, we also introduced a novel
multi-parameter matching method. Compared to conventional exhaustive search
methods, the proposed method only needs to add perturbation matrices to mitigate
the mismatch of the estimated parameters, which has a much lower computational

complexity.

In Chapter 5, we discussed the channel parameter estimation for hybrid di-
rectional UCyAs. We first designed a hybrid directional beamformer, which em-
ploys sweeping directional beamforming and exploits the convergence property of
the Bessel function. We showed that the designed hybrid directional beamformer
can deal with the severe free-space pathloss of mmWave links and maintain the
angular resolution of the hybrid UCyA with a reduced number of RF chains. We
then presented a new UCAMI to suppress the beam squint effect. We demonstrated
that the proposed new UCAMI only needs to optimize the focusing matrices in the
elevation angular domain, which has a much lower complexity than the convention-
al UCAMI [73], in which computationally expensive multi-dimensional optimization
problems need to be solved. In Chapter 5, we also introduced the tensor-based
signal processing method and employ it for the designed hybrid directional UCyAs.
We showed that by employing tensor signal processing for channel parameter es-
timation, the receiver noises in all dimensions (time, frequency, and space) can be
suppressed. As a result, the proposed tensor-based subspace estimation algorithm is
able to achieve substantially higher estimation accuracy than existing matrix-based

algorithms, with a comparable computational complexity in the RMa scenario.

In Chapter 6, we focused on the mloT networks. We studied the sparse array-
based hybrid beamformer and its corresponding 2-D angle estimation algorithm. We
first introduced the sparse array technique, which is conventionally used to improve
the system DoF with a limited number of antennas. We applied this technique to the

hybrid beamforming design, and showed that the designed sparse hybrid beamform-
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ing is capable of providing larger DoF than the fully connected beamforming array
with much fewer RF chains. We also employed tensor signal processing in Chapter 6
and proposed a new spatial smoothing-based method to ensure that the signal and
noise spaces in all modes of the signal tensor model can be decomposed. We evalu-
ated the impact of the rank of the signal power matrix on the n-ranks of the signal
tensor model, and verified that by using the proposed method, we can construct a
signal tensor model that provides a large enough rank in each mode to perform the
DoA estimation of all devices, even when the received signal powers of all the devices
are equal. Tailored for the new hybrid UCyA array, we then proposed a new tensor-
based 2-D DoA estimation algorithm, which is based on the second-order statistics
of the signals and operates on the signal data model directly. Corroborated by the
simulation results and the complexity analysis, we demonstrated that the algorithm
can improve the estimation accuracy with an affordable computational complexity.
This is particularly useful for the mloT networks, where the high network access
capability is required to support the connection of a large number of devices, and the
requirement of accurate channel parameter estimation is also needed to be achieved

while guaranteeing a low computational complexity.

Overall, this thesis provided practical design schemes for large-scale UCyAs and
proposed the corresponding efficient channel parameter estimation algorithms. The
presented hybrid UCyAs can significantly reduce the number of required RF chains
with a marginal accuracy loss, and the proposed algorithms are capable of accurately
estimating the channel parameters with low computational complexities. In this
thesis, there are also some important scientific-technical findings. For example, we
find that the number of required phase-mode vectors does not depend on the number
of array response vectors, which is important for hardware complexity reduction (see
Chapter 4). We also find that when emplying tensor signal processing, the ranks of

signal spaces in all dimensions are dependent on the rank of the received signal.(see
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Chapter 6).

The methods presented in this thesis have addressed the topics of high hardware
and software complexities in mmWave large-scale antenna array systems, but several
issues are yet to be considered and will be our future research directions. First of all,
it is necessary to investigate the proposed channel estimation and positioning meth-
ods in some more realistic scenarios. In this thesis, we only provide the numerical
simulations to demonstrate the proposed methods. We assume that the communi-
cation scenarios are simple, where all the transmitted signals can be received by the
BSs. However, practical scenarios are complicated and the antenna arrays are not
perfectly manufactured. In realistic scenarios, we cannot guarantee that the received
noises are AWGNSs, the transmitted signal power of the omnidirectional antennas
is the same, the beams of antenna arrays can be precisely controlled, and so on.
And regarding to NLOS paths, the single-bounce specular reflection components of
mmWave signals would not be specular reflections. To improve and evaluate the
practicalities of our work, we plan to construct testbeds and make experiments to
demonstrate the proposed methods in the future. Specifically, we will construct
a simple multi-antenna Universal Software Radio Peripheral (USRP) experimental
system firstly, and then, develop it by mmWave large antennas. To obtain the explic-
it estimates of channel parameters and target positions in practical NLoS scenarios,
some efficient and easy-implemented environment reconstruction methods will also

be investigated.

Secondly, finding effective ways to address the source enumeration problem is
important. The subspace-based channel parameter estimation algorithms, such as
ESPRIT and MUSIC [15,29-31], have a much lower computational complexity than
the ML-based estimation algorithms [36], and can also achieve attractive param-
eter estimation performance. However, the high accurate estimation provided by

the subspace-based channel parameter estimation algorithms relies on the correct
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decomposition of the signal and noise subspaces. The process of subspace decom-
position needs the a-priori knowledge of the dimensions of the signal and noise
subspaces, which depends on the number of incoherent signals. Currently, many
methods, based on Information Theoretic criteria, gerschgorin disks, matrix decom-
position, etc., have been proposed to determine the number of incoherent sources,
but these methods cannot achieve acceptable estimation performance in low SNR

regions. In this sense, effective source enumeration methods has been a necessity.

Finally, we also plan to extend our work to antenna arrays with arbitrary ar-
chitectures. In B5G and 6G wireless communication systems, cell-free and reconfig-
urable antenna arrays are promising for wide applications. To improve the practica-
bility and applicability of the proposed methods, we will design universal applicable
channel estimation methods adopted for B5G/6G mmWave communication systems

with general applicability to a wide range of antenna array types and specifications.
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Appendices

A Properties of Tensor Operation

The important properties of tensor operations used in this chapter are provided

below.

Property 1. The n-mode product satisfies the following properties:
Ax,Bx,C=Ax,(CB); (A.1)

Ax,Bx,,D=A4x,,D x, B, (A.2)

where A € Chxl2x-xIv "B ¢ C/h*In C e CE*In gnd D € C/*Im (n,m =

1,2,...,N and n # m).

Property 2. The Tucker decomposition decomposes a tensor A € Cl>*12xxIN jnto

(n) (n)

a core tensor G € CR<R2x xRy ltiplied by a factor matriz C™ = [c c

=15 “rp=27""">
Cf«:):Rn] € ClnxEn (cy(«:) € CIl gndn=1,2,...,N) in each mode, i.e.,
Ri Ro RN
A= Z Z . Z Grirpr (€D 0 ¢ 0o cM)
ri=1ro=1 ry=1
= [[Q; cH c® . C(N)ﬂ . (A.3)

The higher-order singular value decomposition (HOSVD) is a special case of the
Tucker decomposition, where the core tensor is all-orthogonal [76], and the factor

matrices are the unitary left singular matrices of the mode-n unfolding of A.

Property 3. The CANDECOMP/PARAFAC (CP) decomposition decomposes a

tensor A € ChixI2xXIN into a sum of rank-one component tensors b e Cl, as
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given by
R

AIZ)\rb(l)ob(z)O“b(N), (A.4)

r=1

where R = Rank(A) is the rank of A'. Following [76], CP can be viewed as the
special case of the Tucker decomposition, where the core tensor is superdiagonal.

Thus, the CP model in (A.4) can be rewritten as a multilinear product:
A=Dx; BY x, B? ... xy BM = [D;BY,B®, ... . BV, (A.5)

where B = bﬁ"),bg”, . ,bg)] € C/"*f s the factor matriz of b7(~n), and D €

ChxfxxR 4 q superdiagonal tensor® with d,. ... , = \,.

Property 4. The multilinear product of a tensor A € Cl>12XXIN with matrices
B e C/n*In n=1,2,..., N, is a sequence of contractions, each being an n-mode

product, 1.e.,
C= ./4 X1 B(l) X9 B(Q) e XN B(N) - (CJIXJQXWXJN. (A6)
Its mode-n unfolding is given by

C(n) — B(”)A(n)(B(”+1) @B g..oa BMgBY 9B? g...® B(n—l))T‘

(A7)

!The rank of a tensor, A, denoted Rank(A), is defined as the smallest number of rank-one

tensors that yield A in a linear combination [76].

2A tensor A € ChixI2xxIN ig diagonal if a;,i,...;.n, 7 0 only if iy = iy = .-+ = ixy. When

I, =1I,=---=1Iy, Ais called as superdiagonal.
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B Proofs and derivations for Chapter 3

B.1 Proof of the asymptotic property in Chapter 3 Section 3.4.2

Substituting (3.29)-(3.32) into (3.33), we have

N
Fos B ) = D ron T Eram@ i)

n=1

" eij%rh(kfl)cos(élr,é)‘ (BS)

When the number of antennas in each UCA tends to infinity, i.e., N — oo, (B.8)

is reformulated as

2m _ _
fM%JM:%/eWw@MWWHM
9 9 7-{- O

% e—j%h(k—l)cos(é;,é)dgp
. 2 . or i|pgY, . —Z=h(k—1) cos(FF,
=jvJ, (77‘81 ( l/,§>) e][p v k=) (1»5)]. (B.9)

Compared (3.36) with (B.9), it can be found that the residual term &, (37 sin(é{,é),

qgf,é) — 0, when N — oc.

B.2 Illustration of two likely positions of each path in Chapter 3 Section

3.5.1

Without loss of generality, we use the Fig. B.1, which is a top view of one of the
NLoS paths, for illustration. Based on the geometry between the positions of BS

and MS shown in Fig. B.1, we can establish the following equations

Y2+ 2% = 1"

(B.10)
y=Dtan¢ + (D — x) tan ¢

It is obvious that ' = cfsin(w — ér) and ¢ = 27 — ¢', where 6", ¢*, and d are the

results of ranging and angle estimation. Because there is a quadratic equation, we
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Figure B.1 : Top view of the MS and BS.

can have two solutions. From Fig. B.1, we find that both the MS and the MS’ have
the same ér, ggr, and r’, where ' is the horizontal distance between the MS and the

BS. Thus, the solutions of the above equations are given by

s 2D tan?(¢r)+14/d2 sin?(07) (tan?(¢*)+1)—4D? tan2($r)
MT tan2(qgr)+1 (B.ll)
o (2D—\/c22 sin?(9") (tan?($")+1)—4D? tan? (¢") ) tan(4")
Yur = tan2(¢r)+1
and
P —2D tan?($t)++/d? sin(6") (tan?(¢")+1)—4D? tan?(¢)
MT tan® (1) . (B.12)
. (2D+\/JQ sin? (0) (tan? (¢)+1)—4D? tan?(¢) ) tan(¢")
Yyt = tan2(¢)+1

It is obvious that we can obtain two likely positions, i.e., a “true” one and a “false”
one. Due to estimation error, all “true” positions have different but adjacent coor-

dinates. Finally, we use clustering algorithms to fuse the “true” positions.
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B.3 Derivation of the CRLB in Chapter 3 Section 3.6

The i-th array response vector of the k-th UCA in (3.29) can be approximated
as [129]

(¢[' & 6;, ) ~ e Tﬁ[TSin(E)Cos(ég_wn)—h(k—l)cos(éé)]

" ejQT”Aéz/ . [r Cos(é'g) cos@g—pn)—l-h(k—l) sin(ég)]

28 A - |—rsin(8t)sin P —pn
i Xy L@ sniG o] (B.13)

Using the above approximation, the covariance matrix of the received signal vector
n (3.27) can be calculated as
4
Ry =E{y(t)y"(t)} = Y _0iZ¢ + 0Ly, (B.14)

e=1

2 _ 2 2 = -
where o7 = oy, 05, . Z¢ can be written as

Ze = (a'(¢g, 05)a™ (¢, 0;)) © Be = DeBe D! (B.15)
where D, = diag (8" (¢}, 0;)). Each element of B is

272
[Bg]nrlynrQ = eXp ( AQ (Q£ Nr1,Nnr2 + Tgnrl nr2>) ) (B16)

where

vanrl,nlﬂ - Uér |:/r COS(Q_E) (COS(Q;E - gpnrl)

— coS(Qf — Pnyy)) + h(ky — k) sin(0)] | (B.17)

Yenmne = a¢rrsm(9r) (Slﬂ((b Onyy) — sin@g — gonr2)), nia = N(kp — 1) + ny,
and nyy = N(ky — 1) +ng. We have o3, = N, Zl, 1 ar ; ¢r = N, Zl, lAzr
€ /€

n=11,2...,N,n=12,....N, ky =12,... . K known as the azimuth and el-

evation angular spreads. By defining u £ [u oo Ug } , v =lo},... 0% 0%, where

Uy = [_ﬁ, b5, qgg, Q_SZ}Tand Uy = [5{, 05, 0_5, 0_2} , the Fisher information matrix can

be expressed as

Jead g = Titr (R ! S[R]y R, aa[R]' ) (B.18)
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where f and f' = 1,2,...,21. The partial derivatives in (B.18), i.e., 8Ry/8§52,
ORy /00, ORy/00f, and ORy/dol, can be obtained based on (B.14) and (B.15).
Juu , Juv, and Jy can be defined similarly to J, , as shown in (B.18) and they

are related as
Ju,u Ju,v
Jyx = ) (B.19)
Jz;,v JV,V

Invoking the block matrix inversion lemma, the CRLB concerning the covariance

matrix of the error of the estimated signal parameter vector u is obtained as

C=(Juu—Ju I3t I7 )7, (B.20)

v,v¥u,v

which implies

E{m—uxﬁ—uf}zc. (B.21)
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C Proofs and derivations for Chapter 4

C.1 Proof of Lemma 1 in Chapter 4 Section 4.3.2

According to the property of Bessel function, i.e., J_,(z) = (=1)"J,(x), we
have |J_,(x)| = |J,(2)|, so here we only use J,(z) with v € Z* for illustration
convenience. Let © = vp,p € (0,1]. The Bessel function, J,(z), whose order v

exceeds its argument, x, can be written in the form [109]

1 ™
Jy(vp) = %/ exp (—vF(9,p)) dd, (C.22)
0
where
¥+ /92 — p2sin® ¥
Fw,p)zlog< TV o s )
psin

— cot ¥4/ 192 — p? sin? . (C.23)

The partial derivative of (C.22) with respect to p is calculated as

0 v [TOF(Y,p)
sehvn) === [ S exp (<o (. p) do

= Wip i g(0, p) exp (—vF (9, p)) dv, (C.24)

where g(0, p) = (9 — p?sind cos ) /v/92 — p?sin®¥J. Considering that

Y — p?sindcos? _ 1 — sind cosV

g9(0, p) = >
(©.0) V2 — p2sin® o V2 — p2sin® o
> VoSt Ly (C.25)
92 — p?sin? ¥

we have 0.J,(vp)/0p > 0, and conclude that .J,(vp) is a positive increasing function

of p. Thus, J,(vp) < J,(v).

On the other hand, the partial derivative of (C.22) with respect to v is calculated

as

%Jy(w) = —% /07r F(9, p) exp (—vF (9, p)) d. (C.26)
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Because

9, (1 — pcotdd)? ,
—F(9,p) = +4/092 — p2sin®9 >0 C.27
591 (05 0) ey V2 —p (C.27)

and 0F(0,p)/0p = —/1 — p?/p <0, we have F (v, p) > F(0,p) > F(0,1) =0, and
hence 0J,(vp)/0v < 0. This means that J,(vp) is a positive decreasing function
of v, i.e., J,(vp) < Ji(p). Therefore, we have J,(vp) < J,(v) < Ji(1) =~ 0.44 with

p € (0,1] and v € Z*. When |v| > |z|, |/J,(x)| = 0, v € Z.

C.2 Proof of Theorem 1 in Chapter 4 Section 4.3.2

According to Lemma 1, we observe that J,(w,,;) cannot be omitted if [p| <
|@mi| = |27 frarsin(fry)/c| < 27 fr/c. Because fy < f,, and p € Z, we set the

highest order P = max(|p|) = |27 for/c].
On the other hand, in the case of @) # 0, because p € [P, P|NZ and Ny > 2P,

we have |p — QNy| > |wp,|. According to Lemma 1, we obtain

|ep.0(@mi, PrI)|
= ‘j(QNHip)J(QNH—p) (wm,) exp (j(QNg — p)¢R,z)|

= |- (@wma)| = 0. (C.28)

In this case, (4.17) can be approximated by

APM,p — /NH [ijp(wm,l)ejpd)R’l

+ Z Ep,Q (wm,la ¢R,l>]
Q

:_007Q3£0
~ \/ Nuj? Jp (@ ) e PR (C.29)

This concludes the proof of Theorem 1.
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D Proofs and derivations for Chapter 5

D.1 Proof of Theorem 2 in Chapter 5 Section 5.3
Let Yo (Ok,, ) = 2 fumrsin(bs,, ). The Q-DFT of apmgm, (O, » Pk, ) can be

expressed as

My 1 Y (Ok,,,. ) cos(é Omy) j%(mh—l)p
g E m km, km, —¥Fm -
aQDFT7p7mfvmb (ekmb ’ ¢k7nb) - —C f b b h e My,

vV My
_ 2r(mp—1)

M, -
= —1 ) Ja(Pkpm, —Pmy) j2mm
= ( ar S Uy g O, ) o —om) | 73

mp=1 q=—00

mh:1

m 1 - i _ ; _
= Z M, j (@M p)J(QMh—p)(’me<9kmb))6](QM} P) Py,

VAL,

© . . S
= My Ty (Yo (O ))e P+ > e 0 (Yne (O, )s Bn,)] (D.30)
Q=—00,Q#0
where
gp:Q (,ymf (ekmb )7 ¢kmb ) = j(QMhip) J(QMh —p) (,ymf (ekmb ))e](QMh _p)¢kmb ° <D3]')

In (D.30), (a) and (c) follow the important properties of the Bessel function, i.e.,
elreosy = N0 U Jy(x)e? and J_,(x) = (—1)"J,(x), respectively; (b) is obtained

by letting p + ¢ = QM,; and (c) stems from the property of the Bessel function
J_o(x) = (=1)"J,(x) [109].

Consider that the number of antennas per UCA, M,, is large, i.e, My > P.
Let My = aP and 7y (0k,, ) = BP, where a > 1 and 0 < 8 < 1. According
to [109], we have J,(vp) < J,(v) and J,, (vip) < Jy,(vep), where v; > vy and
p € (0,1). Since P > [27 f,,,,r/c|, we have Jiqm,—p) (Ve (Ok,, ) < Ja—1)p (BP) and
Jp (BP) < Jp(Vime Ok, ). Set a=3 and 8 = 0.5 for an example. In general, P > 3.

Hence, J,(Vm, (Ok,,, ) > J3(1.5) ~ 0.06 and

J(Q2Mh—P) (’ymf(ek'mb)) < J(Qth—P) <7mf <€kmb ))

< Tty Ve Ok ) < Jo (1.5) & 0.0002, (D.32)
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where Qo > Q1 > 1. Compared with J,(vm, (0, )), the amplitude of Jiqns,—p) (Vs
(0k,,)) is so small and can be omitted. We suppress €,q(Ym, (., ), Pk, ) and ap-

proximate (D.30) as

aQDFT,p,mf,mb (kab ) st'mb ) ~ \% thp Jp(,ymf (ekmb )) exp(_jp¢kmb ) . <D33)

This concludes the proof of Theorem 2.
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E Proofs and derivations for Chapter 6

E.1 Proof of Theorem 4 in Chapter 6 Section 6.3.2

Let v(0y) = 2mrsin(f;)/\. The phase-space transformation of ay,(6x, ¢x) can be

expressed as

My, *j2ﬂ(ml]71)p
npsp (O, B) = D (@, (O, dx)) €7

mp=1

_ 2m(mp—1)

My 1
= 3 (enoomeneny )
mp=1 Mh

3 (ﬁ > i, <v<9k>>ejq<¢k-%h>>

=

mp=1 g=—00
o €_j27r('r;,;}‘171)
»_ 1 5 (QMy—p)

—

C

VIR [ 3,000

N

+ Z Ep,Q(V(Hk)7¢k)] (E.34)
Q=—00,Q#0
where
ep@ (VO), dr) = 5P Jonn —py (7(0r)) €7 @MuTPI%%, (E.35)

In (E.34), (a) and (c) follow the important properties of the Bessel function, i.e.,
elreosy = %00 jUJy(x)e’™ and J_,(z) = (—=1)"J,(x), respectively. (b) is obtained
by letting p + ¢ = Q My, [109].

Let z = vp,p € (0,1) and v € ZT. The Bessel function, J,(x), whose order v

exceeds its argument, x, can be written in the following form [109]

Jy(vp) = %/OW exp (—vF(9, p)) dv, (E.36)
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where

/92 — 2 qin2
F(v,p) =log (ﬁ—i_ V% = pisin 19) — cot ¥4/ 92 — p?sin? 0. (E.37)

psin
The partial derivative of (E.36) with respect to p is given by

0 v [TOF(Y,p)
= —_— [ =225 —oF
8pJv(vp) 77/0 o exp (—vF (9, p)) dv

_ Wip 0” 99, p) exp (—vF (9, p)) o), (E.38)

where g(1, p) = (9 — p?sind cos V) /1/92 — pZsin® . Given that

¥ — p? sin cos ¥ ¥ — sin ¥ cos ¥

g(0, p) = >
(¥:¢) V2 — p? sin® 9 92 — p? sin® 1)
> ¥ —sind >0, (F.39)
92 — p2?sin? 9

we have 0.J,(vp)/0p > 0, and conclude that J,(vp) is an increasing function of p.

Thus, J,(vp) < J,(v).
On the other hand, the partial derivative of (E.36) with respect to v is given by

seton) === [P, p)exp (~oP (0. ), (E.40)

Because

1 — 2
%F(ﬁ,p) = (1 = peotv) = + /92 — pZsin® 9 > 0 (E.41)

2 — p?sin?

and OF(0,p)/0p = —+/1—p2/p < 0, we have F(9,p) > F(0,p) > F(0,1) = 0
and hence, 0J,(vp)/0v < 0. This means that J,(vp) is a decreasing function of
v, ie., Jy(vp) < Ji(p). Therefore, we have J,(vp) < J,(v) < Ji(1) ~ 0.4 with
p € (0,1) and v € Z*. For |v| > |z|, |J,(z)] = 0 with v € ZT. Based on this
property, , both €, (v(0k), ¢x) and J, (7(6x)) in (E.34) can be suppressed in the
case of |p| > P > v(0), since P > [27r/A\| > 2 and M,, > |4nr/A] > 2. When
Ip| < P, we can only ignore €, ¢ (7(6k), ¢x). Thus, (E.34) can be approximated by
(6.7). This concludes the proof.
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E.2 Proof of Theorem 5 in Chapter 6 Section 6.4

Define Yy = [Zar; Ay, Agm, D], which is the noise-free model of Yy Thus,

Vass consists of all the signal space components.

Because Agp, € CNvaexE and Agp, € CVraexE gre Vandermonde matrices, and in
our system, we have Nyq. > K and Npg. > K, according to uniqueness condition of
the CP decomposition, the n-ranks of Vg depends on the rank of D.

On the other hand, the SVD of the mode-n unfolding of Vs, Yasn), can be

H

vs,n’

written as Yagm) = UysnDvsn V where n = 1,2, 3, and we have Rank(Y ag(n)) =
Rank(Uys,,) = Rank(3.s,) = Rank(V,). When Rank(D) < K, we have Rank(Y ggs(n))

< K, and thus Rank(U,,) < K.

This concludes the proof of Theorem 5.
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