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ABSTRACT

The ever-increasing need for wireless data transmission at a very high rate has resulted

in the study of systems that can occur in the 5G and 6G mobile networks with frequen-

cies up to over 60 GHz. A key feature of the millimeter frequency bands is that, due to

the severe path loss, the channel is very sparse, not only in time but also in the frequency

and angular space, and the received signals at the antennas are correlated. High attenua-

tion and high sensitivity to blocking require architectures and protocols to address these

challenges. Hence, massive hybrid antenna arrays have been proposed in the relevant

literature for transmitting these signals. Their hybrid structure seems to be necessary

since a purely digital structure has high implementation costs and power consumption

in massive MIMO antenna arrays. This structure consists of an analogue and a digital

part, which, in the transmitter, is called precoder and, in the receiver, combiner. The

basic architectures for implementing the analogue part of the hybrid antenna systems

are divided into fully or partially connected and sub-connected (the antennas are orga-

nized into non-overlapping groups), which can be implemented through either phase

shifters or switches. Channel knowledge is required for the design of these structures.

For this reason, this thesis focuses on channel estimation techniques to identify open is-

sues and propose new approaches. The application of conventional channel estimation

techniques is prohibitive due to the large number of transmitter-receiver antennas and

required training symbols due to the high bandwidth and low SNR before transmitter-

receiver alignment.

The channel estimation in the mmWave spectrum can be achieved either by scanning

the angle space (e.g., through an exhaustive, hierarchical search) to find the best pair of

beams between transmitter-receiver or by formulating a sparse recovery problem. The

propagation environment is typically modeled by employing a geometric channel model

that includes the path loss and angles of departure (AoD) and arrival (AoA) on the

transmitter and receiver sides, respectively. The basic idea of parametric modeling is to

estimate the involved angles and the corresponding attenuations rather than estimating

the entire impulse response of the channel.

In array signal processing, various AoA estimation algorithms have been designed

for classical ULAs and are of particular interest to researchers for several decades in,
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e.g., radar and smart antennas. In the first part of the dissertation, assuming a hybrid

architecture antenna array at the receiver, a novel preprocessing scheme is suggested

which enables the full snapshot recovery as if we had a ULA, using measurements

from the radio-frequency (RF) chains of the hybrid structure. Then, any classical high-

resolution power spectrum technique can be employed to estimate the involved AoAs

and thus the channel.

Also, a plethora of efficient sparse coding approaches have been suggested to di-

rectly estimate the geometric parameters by taking advantage of the sparsity properties

of the mmWave channel to reduce the computational cost of the spatial scanning meth-

ods. Moreover, given that 5G networks will consist of small and dense cells, cooperative

communication among proximal devices that share similar channel characteristics will

be a promising technology. In wireless communications, sparse representations have

been utilized to efficiently model and estimate a device channel with the help of sparse

coding approaches, enhancing the spectrum and energy efficiency of fifth-generation

(5G) and Internet of Things (IoT) networks. Hence, the second part of this thesis fo-

cuses on joint sparsity models for the representation of the channels of proximal devices

and distributed sparse coding-based estimation methods to formulate a fully distributed

voting-based (adaptive weights) cooperative approach suitable for networks of multiple

tasks with partially overlapping parameters.

Keywords: 5G, 6G, MIMO, mmWave, Channel Estimation, MUSIC, H-MUSIC, Dis-

tributed Estimation, Sparse Representations/Coding, OMP.
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CHAPTER 1

Introduction

As the need for mobile broadband capacity increases dramatically every year, wireless

networks need to evolve to support better service for the ever-increasing volume of data

traffic [78], [76], [70]. This requires researchers to look for new systems with greater

capacity as well as methods for exploiting new areas of the wireless spectrum, in addi-

tion to those used in 4th generation (4G) systems and the developments in view of 5th

generation (5G). Therefore, this requirement paves the way for the development and

implementation of networks beyond the fifth generation (B5G). The use of millimeter

frequency bands (30-300GHz or 10-1mm wavelength) [78], [76], gives the prospect of

utilizing greater bandwidth and transmitting data at higher rates. However, existing ap-

proaches need to be reviewed and redesigned to meet the new requirements. It raises

many open issues for study in order to make the networks operational beyond the fifth

generation. These include the development of new techniques for assessing the status of

the involved channels, the efficient use of dense antennas with a large number of multi-

ple inputs and multiple outputs [96], [113] (Massive Multiple Input - Multiple Output,

Massive - MIMO), as well as the possibility of simultaneous multi-user service, in com-

bination with the oriented transmission methods of various formats, such as analogue,

digital, hybrid.

The development of wireless technologies in the last decade has led to a rapid ex-

pansion in the use of mobile devices. Users also expect that all their devices will be able

to be online simultaneously to access data and new services. Therefore, wireless service

providers seek new technologies to meet the need for even greater data volume, higher

quality services and lower latency. To achieve these goals, several techniques have

been developed that make the best use of the limited available frequency range. How-

ever, it is now undeniable that the scope for spectacular improvement is very limited.

1



Chapter 1 Section 1.0

Thus, a wide-ranging debate has recently begun on the need to extend to frequencies

far beyond those currently in use. Internationally, there is a belief that the millimeter

frequency spectrum will play an important role in the 5G and B5G cellular systems

[76]. In combination with the lack of spectrum, [70], it is of great scientific and tech-

nological interest to study it. Some of its characteristic advantages are the following.

First, the use of frequencies in the range of 30-300GHz allows for larger bandwidth

channels compared to current 4G systems and the planned 5G [78], [76]. Thus, the

available frequency spectrum can be up to 200 times larger than the total spectrum used

in 4G systems. There is a great interest in the researchers, and for this reason, relevant

experiments have already been carried out to test, in principle, the feasibility of using

these frequency bands. These experiments were conducted in densely populated urban

and suburban areas to confirm the propagation characteristics of these frequencies. The

signals experience significant path loss [30], as well as attenuation either due to adverse

weather conditions or because they are blocked by buildings, or by the human body

moving between transmitter and receiver [78], [76], [102].

In a wireless telecommunication network, data is transmitted via electromagnetic

waves with a bandwidth depending on the wireless channel and the desired transmis-

sion rate. Its basic parts are separated into layers to ensure a more efficient design and

implementation of a telecommunication system. In this research study, we are inter-

ested in the so-called physical layer, in which the way the transmitter and receiver are

connected plays an important role. The transmitted signal, as it travels from the trans-

mitter to the receiver through the air, is subject to a rate of attenuation influenced by the

channel characteristics. Many factors affect the transmission of a signal. A key factor

is the path loss [88] which is associated with the gradual attenuation of electromag-

netic waves as they propagate through space. The phenomenon of attenuation is further

affected by the terrain: hills, vegetation, buildings, etc., which is called shading. In

addition, weather conditions (rain, snow) [78], [76], [102] as well as building materials

and surfaces play an important role. The frequencies in the mmWave spectrum will

meet the users’ demand for a larger volume of data. However, experiments have proved

its high sensitivity to the above factors limiting the transmission range.

Hence, it has been raised the need for advanced signal processing techniques [40],

new antenna architectures and transmission methods to address the attenuation that sig-

Page 2



Chapter 1 Section 1.0

nals at mmWave confront, as well as intermittent operation through these channels.

Systems with dense, high-gain multiple antennas and high-directional transmissions

are required to meet these challenges. Specifically, massive MIMO antenna systems

of various arrays (e.g., linear, spherical, distributed) [113] is a very promising solution

that appeared in the literature, either in the transmitter or in the receiver. It can serve

many users simultaneously and improve the bandwidth efficiency through the high gain

of multiplexing it offers, as well as the reliability of the transmission due to the many

degrees of freedom, reducing the interference between the users due to the small trans-

mission beam. The short wavelengths of these frequencies will allow the use of multiple

antennas in a limited space and, in combination with beamforming techniques [81], will

direct the beam energy in a specific direction to mitigate the path loss [14], [88]. The

beamforming techniques are analogue, digital, and hybrid and implemented through

precoding methods.

This doctoral dissertation focuses on the physical layer and suggests new estima-

tion techniques for the mmWave channel based on power spectrum methods, sparse

representation/coding theory and distributed optimization. It is expected that the pro-

posed study will have a significant impact and potential contribution to the achievement

of high-speed wireless communication between devices, whose interaction is critical,

given that we are in the age of the IoT.

The core subject of this dissertation is the channel estimation for MIMO antenna

systems operating in the mmWave frequency spectrum, the so-called 5th generation

and beyond mobile networks (5G and B5G). The research is divided into two parts.

The main research topics and the basic techniques studied and developed in each part

of the doctoral dissertation include i) Multiple Antenna Systems of Hybrid Architec-

ture and Power Spectrum Estimation Techniques for finding the Angles/Direction of

Arrival (DoA or AoA) and ii) Sparse Coding techniques with predefined dictionaries

combined with distributed adaptive methods for the estimation of the sparse channel

representation.

The key research results of the dissertation are summarized as follows:

• The problem of DoAs (or AoAs) estimation on hybrid antenna arrays is studied

using power spectrum techniques. More specifically, an efficient pre-processing

scheme, called PRE+MUSIC, is proposed to retrieve the received signal as if a
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conventional (non-hybrid) antenna array is used.

• The efficiency of the proposed scheme is compared with the conventional MUSIC

algorithm and its hybrid version (H-MUSIC).

• The DoA estimation problem is studied for two types of architectures (sub-connected

and fully-connected) of hybrid antennas on the receiver side, where the hybrid ar-

chitecture exploits in a new way all the antenna elements of a uniform linear

arrangement.

• The pre-processing scheme has been appropriately extended to be applicable in

cases of non-constant signal sources (which occur when, for example, there is

amplitude variation within a symbol period).

• Also, the estimation problem is tackled in the angular domain taking advantage

of the fact that the channel matrices of neighboring users show a common sparse

structure due to the common scatterers on the side of the Base Station in a multi-

user scenario.

• The involved users collaboratively estimate their channel support sets before in-

dividually estimating channel complex values, assuming that there are global and

common support subsets. We initially considered single-antenna users, and the

performance of the proposed WDiOMP algorithm was compared with the already

established method DiOMP, the local OMP, and a centralized solution based on

SOMP in terms of support set recovery error in various experimental scenarios.

The distributed schemes, WDiOMP and DiOMP, are the first to be applied to a

channel estimation problem. The effectiveness of WDiOMP is verified in differ-

ent scenarios, considering that the support set structure is unknown.

• The WDiOMP algorithm has been extended to be functional for MIMO systems.

Its main feature is that each user locally exploits the measurements from all its

antennas while performing SOMP from which the distributed WDiSOMP ver-

sion emerged. Respectively, DiOMP was extended to DiSOMP, and centralized

SOMP (SSOMP) was extended to simultaneously utilize the multi-antenna mea-

surements of multiple users knowing the channel sparsity structure.
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• It has been proposed an adaptive weights scheme where the desired weights can

be estimated in two ways i) at the support set level as a single entity and ii) per

index. These weights are involved in the majority voting part of the WDi(S)OMP,

through which the joint support set is estimated from each device locally. The

second scheme was proposed to increase the efficiency of channel evaluation in

cases where there are users in the network whose support set is partially common

with different user groups, known as multi-tasking.

• The transmission overhead (or communication cost) of the distributed and cen-

tralized methods for the channel estimation was captured as a function of the

problem parameters (i.e., the number of devices, training symbols, receiving an-

tennas, sparsity level, dictionary atoms) and was evaluated under different param-

eter settings. Finally, the efficiency of the methods was validated by exploiting

the oracle LS estimator, which helped us determine the lower performance bound.

The structure of the dissertation is as follows. In Chapter 2, we present the evolu-

tion of mobile networks, from 1G to 5G and 6G. Chapter 3 presents the key enablers

of 5G, focusing on the mmWave spectrum, the beamforming and full-duplex technolo-

gies, the MIMO antenna systems, and the respective architectures (analogue, digital,

hybrid) and their structural elements. Also, the main parts of a hybrid MIMO system

and the mmWave channel model are described. Chapter 4 treats the mmWave channel

estimation as a DoA estimation problem assuming a hybrid architecture receiver. In

the following, Chapter 5 tackles the channel estimation problem via a cooperative dis-

tributed approach whose aspects will be analytically presented in this chapter. Finally,

Chapter 6 summarizes the conclusions and future directions of the dissertation.

The following notations are used in this dissertation. Uppercase bold letters are ma-

trices, lowercase bold letters are vectors, letters with a hat are estimations, (·)T denotes

the transposition, (·)H denotes the complex conjugate transposition, E[·] means statisti-

cal expectation, Tr{.} denotes the trace of a matrix and I is the identity matrix, λmin(·),

λmax(·) are the minimum and maximum eigenvalue of a matrix; supp(h), supp(H) are

the index set of the non-zero entries of vector h and the non-zero entries columns of ma-

trix H, respectively; AS denotes the sub-matrix formed by collecting the columns of A

whose indexes are in set S;∥A∥F , ∥A∥ and ∥a∥ denote the Frobenius norm, spectrum

norm of A and Euclidean norm of vector a respectively.
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CHAPTER 2

Mobile Networks-Evolution

Up to date, four generations of cellular communication systems have been adopted,

while we are going through the era of fifth-generation systems [78].

2.1 1G Networks

First generation mobile networks were deployed in the 1980s. Their operation was

based on analogue technology for voice-only services with data rates up to 2.4Kbps.

Specifically, it was used FM (Frequency Modulation), FDMA (Frequency Division

Multiple Access) and FDD (Frequency Division Duplex enabling two-way communi-

cation).1G systems included Advanced Mobile Phone Systems (AMPS), Total Access

Communication System (TACS), and Nordic Communication System (NMTS) [18].A

limitation of the 1G systems was that they did not provide secure transmission, due to

the application of analogue technologies.

2.2 2G Networks

In 1990, 2G cellular networks were first launched to the Global System for Mobile

Communications (GSM) standard and supported, along with voice services, Short Mes-

sage Service (SMS) and basic email service. 2G systems have been established on

multi-access digital technology and make use of TDMA (time division multiple ac-

cess) and CDMA (code division multiple access). TDMA allows many users to share

the same frequency channel by dividing the signal into different time intervals. With

CDMA, several transmitters can send information simultaneously through a commu-

nication channel. Hence, multiple users can share a frequency band either by code

division (CDMA) or by division of time (TDMA). Standards which were developed for

the 2G networks were the IS-136 (TDMA), IS-95 (CDMA) [17], e.t.c.
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The 2G networks provide wireless data transmission and voice speed thanks to the

highest quality spectrum and advanced roaming services. It is characterized by three

times higher capacity and better voice quality than the 1G. In addition, it offers higher

security for communication thanks to encrypted information.

The advances in digital technology paved the way to the 2.5G systems with data

rates up to 384 Kbps. 2.5G systems included General Packet Radio Service (GPRS), En-

hanced Data GSM Evolution (EDGE). 2.5G systems use the switching packet technique

and is the primary difference between GPRS and GSM, which is a circuit-switching

system, thus achieving higher rates for data transfer. The 2.5G CDMA standard is the

IS-95B, while the TDMA standards for improving cellular systems are the HSCSD

(High Speed Circuit Switched Data), GPRS and EDGE (Enhanced Data rates for GSM

Evolution also termed as Enhanced GPRS). The GPRS which uses switching protocols

resulting in the freezing of network resources only when needed to send data. In the

HSCSD standard, the user can operate consecutive slots for data transfer connection.

Its basic disadvantage is the waste of network resources due to the use of switching

circuits [18].

2.3 3G Networks

The 3G mobile networks are wireless communications systems with voice and data

capabilities. Unlike systems in previous generations, it is the first international stan-

dardized system to come out on the market by International Telecommunication Union

(ITU). 3G takes advantage of Wideband Code Division Multiple Access (WCDMA)

multi-access technology using 5MHz bandwidth and High Speed Packet Access (HSPA).

The WCDMA is a radio spectrum modulation technique that exploits channels with a

bandwidth much larger than what is needed for transmission data. WCDMA channels

share a very large band that meets the estimated maximum data rate instead of having

an exclusive frequency band. It also can work with Time Division Duplex (TDD) and

Frequency Division Duplex (FDD) techniques.

UMTS (Universal Mobile Telecommunications System) is a standard of 3G that has

prevailed in European countries and was developed by the 3rd Generation Partnership

Project (3GPP). It is about the evolution of the 2G mobile networks in capacity, speed

of data transmission and existence of new services. UMTS uses multi-access radio
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technology (W-CDMA) to provide higher spectrum performance and bandwidth to mo-

bile operators. Due to the high speeds offered by UMTS, it provides access to internet

services. The most serious disadvantage is that UMTS has higher power consumption

compared to GSM networks.

CDMA-20001 is a family of 3G mobile technology standards for sending voice,

data, and signalling data between mobile phones and cell locations. It was developed

by 3GPP2 as a compatible with the previous 2G CDMAONE system (IS-95). 3.5G tech-

nology included protocols High-Speed Downlink Packet Access (HSDPA), High-Speed

Uplink Packet Access (HSUPA), and 3.75G the High-Speed Packet Access (HSPA+)

which were introduced in 3G networks to increase data rates up to 2 Mbps [9].

2.4 4G Networks

The increased use of mobile devices and consequently the large volume of transmission

data led to the development of technologies and the next generation mobile communi-

cations with very high and reliable prerequisite speeds.

In March 2008, the ITU-R defined a set of requirements for 4G standards called In-

ternational Advanced Mobile Telecommunications Advanced (IMT Advanced). These

standards determine the cutting edge requirements for 4G services at 100 Mbit/s for

high communication mobility (such as cars) and 1 Gbit/s for low mobility communica-

tion (such as pedestrians and regular users). The primary purpose for the development

of 4G networks is high efficiency and reliable communication. The general character-

istics that are consistent with this purpose are the comparatively higher rates of data

transmission with a high level of Quality Of Service (QoS) and lower costs. At the

same time, the spectrum distribution is such that high transmission rates are allowed on

medium-sized cells. Networks serving such purposes consist of switching circuits, and

all their components are digital. The 4G mobile telephony networks apply the LTE and

WiMax technologies. LTE (developed by the 3GPP) is orthogonal frequency-division

multiplexing (OFDM)-based radio access technology that supports multi-antenna trans-

mission and bandwidth up to 20 MHz. Multiple-Input Multiple-Output (MIMO) is a

key technology for high-speed wireless LAN, 3G and 4G mobile systems to enable

multi-stream transmission with high spectrum efficiency [78].

1https://en.wikipedia.org/wiki/CDMA2000
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2.5 5G Networks

Now, we have entered the first era of 5G. By 5G we refer to the 5th generation of wire-

less mobile networks, which are a significant development of today’s 4G LTE networks.

They are designed to meet the vast data growth and connectivity of modern society on

the internet as over time and due to complex human needs, there will be billions of

devices connected to it. In the first phase, 5G will operate in conjunction with existing

4G networks, before evolving into a fully standalone network.

The standards family that characterizes the 5G networks is IMT-2020, issued by the

ITU. Apart from ITU, there are other bodies responsible for the development of fifth-

generation networks. 3GPP and IEEE are the parties that will play an important role.

In addition to the existing bodies, the most important and largest is the 5G PPP (5G

Public-Private partnership), which has been created and operates in Europe in collabo-

ration among companies operating in the telecommunications sector, either as service

providers or as manufacturers.

A characteristic advantage of 5G, except for providing faster connections and greater

capacity, is the quick response time and minimization of latency. Latency is the time it

takes for devices to respond to each other over the wireless network. 3G networks had a

standard response time of 100 milliseconds, 4G reduced the time to about 30 millisec-

onds, and 5G is said to have a latency of as low as one millisecond. Essentially, 5G will

be a new ecosystem that will make possible the fully connected world.

The 5G network will be highly heterogeneous with multiple access technologies,

such as WiFi and LTE networks, in both licensed and unlicensed spectrum, providing

an enhanced user experience. 5G networks will be more efficient than previous genera-

tions, as they are expected to be faster, offer higher data rates, and significantly support

more users and connected devices. Also, they will be able to provide customized real-

time services. In addition, the higher network coverage and the extended lifespan of the

connected devices are among the advantages of 5G networks which will play a key role

in transforming the current cities into smart ones and supporting the realization of fully

digital age with completely new services. The activation of Internet of Things (IoT) is

highly tied with the rise in the number of connected devices in combination with the

launch of the 5G cellular mobile communications [3] that are able meet the communi-
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cation needs of billions devices with improved performance and reliability by achieving

explosive speeds, eliminating latency and synchronization [31].

The constantly increasing use of smart devices and multimedia services, as well as

the demand for continuous and uninterrupted connectivity, high data rates, high energy

efficiency, low latency and high quality of service (QoS), have made fifth-generation

(5G) networks and beyond more imperative than ever. 5G networks address the emerg-

ing challenges by considering i) massive MIMO systems in the mmWave range, ii)

full-duplex (FD) transmissions, iii) Device-to-Device (D2D) communication protocols

and iv) network densification with heterogeneous networking architectures, where vari-

ous types of cells (e.g., small, large) and access technologies are expected to coexist. In

the near future, direct D2D communication is regarded as essential and promising tech-

nology, e.g., for extending capacity, enabling scalability and traffic offloading in vari-

ous short-range applications, including Internet-of-Things (IoT), Machine-to-Machine

(M2M) and emergency networks [8]. In the vision of 5G networks, users that are orga-

nized into small groups, will exchange information, e.g., about the network and channel

status, cooperate in various operations of common interest and employ new technolo-

gies in favour of coordinated communication [97].

Moreover, the incorporation of mmWave MIMO antenna systems in the physi-

cal layer of 5G networks [39] will increase their transmission efficiency (spectral and

power), throughput and network coverage ensuring the successful support of various

evolving technologies. The 5G systems are assumed to provide consistent coverage

and high-quality connectivity between various devices and behave well under multi-

ple network topologies (multihop networks, mobile networks), such as Vehicular-to-

Vehicular (V2V) or Vehicular-to-Everything (V2X), Device-to-Everything (D2E) com-

munication systems, Augmented Reality (AR), Virtual Reality (VR), Smart City, etc.

[84]. mmWave will be a key technology in the deployment of Heterogeneous Networks

(HetNets) in 5G IoT (such as smart homes, smart cities, e-health) [19].

All these technologies have set new prerequisites for 5G channel modeling [100]

to support broad channel bandwidths, mobility and beam tracking, spatial consistency

(namely, proximal located transmitters or receivers should have similar channel charac-

teristics) and be applicable in a wide range of scenarios such as indoor, urban, suburban,

rural areas, high-speed train scenarios, etc.. To exploit the full potential of the 5G capa-

Page 12



Chapter 2 Section 2.6

bilities and applications, channel knowledge is required among all the involved antenna

pairs of the participating devices. Also, motivated by the above aspects of 5G, the sec-

ond part of this dissertation proposes novel and efficient, fully distributed schemes that

enable D2D communication, where the devices cooperate for estimating the involved

channels.

2.6 6G Networks

The 6G [18] mobile networks are currently under development, and they will provide

incredible transmission speed in the terabit range. This technology would require smart

antennas, large memory in mobile devices, and optical networking. The 6G networks

will be cell-free, and it would enable the incorporation of artificial intelligence (AI) in

wireless networks. 6G will be associated with a much higher frequency in THz bands

(300 GHz to 3 THz) to increase the required data rate. The commercial use of the THz

spectrum for 6G will become until 2030. Some of the applications for 6G networks are

connected robotics and autonomous systems, block-chain technology, multi-sensory

extended reality, tactile internet, and industrial internet. Some of the advantages of 6G

networks are:

1. Data rate is expected to provide data rate up to 10 Tbps, which is almost 100x

better than 5G networks.

2. Latency will provide as low as 0.1 ms compared to 1 ms latency provided by 5G

networks.

3. Efficient signalling for massive IoT connectivity and M2M communication.

4. User experience in extended reality, augmented reality, virtual reality, and artifi-

cial intelligence will be enhanced.

5. Spectral and network efficiency will be 10 x more compared to 5G networks.

6. Energy efficiency will be 100 times more compared to 5G network usage.

7. Ubiquitous Connection will allow huge broadcasting data, namely more than 1

million connections, which is almost 100 x more than 5G networks.
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Performance metric 4G 5G 6G
Peak data rate 100Mbps 10Gpbs upto 10Tbps
Latency 10ms 1ms upto 0.1ms
Energy Efficiency 1× 100× 4G 100× 5G
Spectral Efficiency 1× 100×4G 100× 5G
Spectrum Up to 6 GHz Up to 300 GHz Up to 3 THz
Mobility 200m/h 300m/h 600m/h

Connection Density 0.1 million
devices/km2

1 million
devices/km2

10 million
devices/km2

Artificial Intelligence No Partial Fully

Table 2.1 Performance comparison of 4G, 5G and 6G networks [18]

Finally, in Table 2.1, we present a comparison of 4G, 5G and 6G networks in terms

of various performance metrics in order to highlight the benefits that the last two provide

against predecessors.
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Key enablers for 5G: mmWave and massive MIMO

3.1 The mmWave Spectrum

The millimeter wave (mmWave) spectrum plays a key role in the implementation of 5G

(and upcoming generations) communication systems. The available bands are between

30 GHz and 300 GHz (i.e., wavelengths between 1 mm to 10 mm), and the large un-

occupied frequencies in these bands can be exploited to meet the increasing demand

for transmission capacity [6, 109, 40, 4]. Although, from theoretical viewpoint, the

mmWave provides potentials for extremely high data rates, the transmitting signals in

the mmWave bands confront high attenuation, restricting the communication range [4].

Hence, there are several key technical challenges for the application of 5G in mobile

networks. Massive Multi-Input, Multi-Output (MIMO) and directional beamforming

(facilitated by the short wavelength of mmWave signals) have been leveraged in the

relevant literature to moderate this loss and ensure reliability in communication.

On one hand, the large available bandwidth at mmWave will provide substantial

throughput gains and low latency. On the other hand, mmWave channels exhibit reflec-

tion and losses in absorption and poor diffraction, severe pathloss, high penetration loss,

high power consumption, blockage due to shadowing, hardware impairment, etc. As a

result, the mmWave channel experiences much higher channel correlation, sensitivity to

blockage and signal attenuation. In the following, we will briefly present the last topics.

3.1.1 Types of Attenuation

3.1.1.1 Pathloss

In free-space transmission, the power of the received signal can be determined by Friis

transmission formula
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Pr(d) = PtGtGr

(
λ

4π

)2

d−n, (3.1)

where Pt is the transmit power and Gt and Gr are the antenna gains of the transmitter

and receiver, respectively. Furthermore, λ, d are the wavelength, transmission distance,

and the path loss exponent n ∈ [2, 6]. In free space n = 2 n but yet it can be smaller

than 2 in indoor environments [105].

Without directional antennas, mmWave propagation would confront a higher path

loss relative to conventional microwave frequencies (e.g., below 6GHz), assuming that

all other conditions including the antenna gains are the same. However, due to smaller

wavelength more antenna elements can be fit in the same physical area, and thus, the

maximum directional gains scaling as Gr, Gt ∝ 1
λ2 , for a given physical antenna aper-

ture, compensates for the increased free-space path-loss at mmWave frequencies. The

compensation of path loss with directional transmissions and high-dimensional antenna

arrays is a fundamental characteristic of mmWave communication that ensures reliable

communication a few hundreds of meters or even a few kilometers. At this point, it

should be noted that directional antennas demonstrated 10km communication ranges

under clean air conditions [40].

3.1.1.2 Rain, Atmospheric and Foliage Attenuation

The rain attenuation and atmospheric/molecular absorption increase the pathloss and

limit the communication range [78]. For wireless communications signals operating

above 10 GHz, rain attenuation is usually the dominant propagation impairment since

the size of the raindrops is approximately identical to wavelength at mmWave frequen-

cies inducing scattering effect on the propagating signal. Transmission loss is also in-

duced when mmWave signals traversing through the atmosphere are absorbed in the air.

Moreover, attenuation induced by foliage is one of the critical impairments in mmWave

propagation [98].

3.1.1.3 Penetration Loss

The pathloss presupposes line-of-sight (LoS) communications, but the high penetration

loss is exacerbated in non-line-of-sight (NLoS) scenarios. In indoor areas, the penetra-

tion losses may stemmed from buildings, human body and trees. For 28 GHz signals,
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the losses for clear glass and dry walls are relatively low compared to microwave bands,

while the penetration losses for brick and tinted glass are high (approximately 28 dB

and 40 dB), which is much higher than in microwave bands. Materials such as brick

can attenuate mmWave signals by as much as 40 to 80 dB and the human body itself

can result in a 20 to 35 dB loss. Penetration losses are usually higher at higher frequen-

cies. The human body (depending on the material of the clothing) and most building

materials are reflective. This allows them to be important scatterers to enable coverage

via NLOS paths for cellular systems. For example, measurements in New York City

[78] confirm that even in extremely dense urban environments, coverage is possible up

to 200m from a potential cell site. This is feasible since diffraction is not significant at

mmWave frequencies, even if it is a primary means of coverage in sub 6 GHz systems.

Moreover, the degree of penetration loss imposed by a tree depends both on its type and

the vegetation density which changes with seasons (e.g., summer, winter).

3.1.2 mmWave Modelling

Since the wavelength at mmWave is shorter than the one in microwaves, material pene-

tration will incur greater attenuation, thus increasing the significance of Line-Of-Sight

(LOS) propagation and reflection. Due to severe path loss, a few reflecting paths could

arrive at the receiver [109]. In this case, the channel is strongly sparse in the angle

domain. The high propagation attenuation, the increased sensitivity to blockage, and

the possible mobility of users, require mature signal processing techniques and novel

insights in architectures and protocols to combat these challenges. Hence, severe prop-

agation losses occurring at the mmWave band could be balanced by hybrid precoding

(combining) techniques using massive MIMO technology, in order to provide high an-

tenna array gain, through narrow directional beamforming, and sufficient spatial cover-

age [105].

The mmWave propagation environment is typically modeled via a geometric chan-

nel model which involves the Angles of Departure (AoD) and the Angles of Arrival

(AoA) at the transmitter and receiver sides, respectively. It is noted, here, that the prob-

lem of estimating of AoD/AoA in the frame of array signal processing is closely related

to the problem of channel estimation and beamforming in the frame of mmWave wire-

less communications. The core idea of parametric massive MIMO channel modeling is
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to estimate the involved angles and the respective complex factors, instead of estimat-

ing the channel impulse response (communication viewpoint). The AoA estimation has

been of particular interest to researchers for several decades and still remains an active

area in wireless and mobile communication (e.g., radar, smart antenna) [54].

3.2 Beamforming

Beamforming [18] or spatial filtering is a signal processing method which adjusts the

signal amplitude and phase (beam steering), to form a powerful beam toward a specific

direction. There are three beamforming techniques, depending on the implementation

method adopted. These are the analog, digital and hybrid techniques. It can be applied

to either the transmitter or receiver. As for the base station (BS), it allows to find the

appropriate path to transmit data to a user, the so-called beam alignment [36], which is

quite challenging due to the very low signal-to-noise ratio available before beamform-

ing. This technique will be quite beneficial for 5G networks and beyond. In massive

MIMO systems, it helps to increase spectral efficiency. In this case, the base station can

transmit data to the user from different paths and beamforming coordinates this trans-

mission so that BS can transmit data simultaneously to more users. Also, beamforming

increases the received signal strength, which allows for an increase in the transmission

rates through the use of better (for each case) modulation techniques. At the same time,

it helps the base station to find an appropriate path to transmit the data reducing inter-

ference with nearby users along the path. Radio waves in the mmWave spectrum cannot

penetrate through natural obstacles, while, at the same time, they are characterized by

a large propagation loss due to their short wavelength. Beamforming communication

allows the user to receive a stronger signal without interference, reducing the relevant

attenuation that could be subjected to due to the transmission environment.

3.3 Full Duplex Technology

Full duplex communication is the simultaneous transmission and reception of informa-

tion using the same frequency band. Usually, downlink channels and uplink channels

are separated into either the frequency domain or the time domain to produce orthog-

onal signals that do not interfere with each other. This is because, until recently, fully
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Fig. 3.1 Beamforming [18]

duplex communication wasn’t considered viable due to the strong interference caused

at the emission stage due to the high power of the signal emitted compared to what is

ultimately received by the receiver [58].

Recent developments in the field of self-interference cancellation, which is a signal

processing technique that allows simultaneous transmission and reception on a chan-

nel, have made full-duplex communication at an acceptable cost attractive. The ben-

efits offered are significant. In particular, there may be an increase in data rate and a

reduction in latency, up to 100%, compared to conventional non-void communication,

which allows communication in both directions but not simultaneously. For this reason,

full-duplex communication technology will play an important role in the 5G networks

and beyond [18].

3.4 MIMO Antenna Systems

Massive Multiple-Input-Multiple-Output (MIMO) radio systems have become a nec-

essary communication solution for the implementation of 5G and B5G networks. A

higher number of antenna elements (six and above) are required to achieve high mul-

tiplexing and spatial diversity, and benefit from the high bandwidth and data rate that

5G technology provides. Here, our aim is to introduce the basic concepts around the

fundamentals of MIMO systems and their potentials in 5G and B5G networks.
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3.4.1 General Characteristics

The capacity of a system can be further increased if we use an antenna arrangement

not only in the base station, but also in the mobile device. In this case, a Multiple

Input Multiple Output (MIMO) telecommunication system consists of Nt antennas in

the transmitter and Nr antennas in the receiver. MIMO wireless channels have signifi-

cantly higher capacity than SISO channels. The basic idea is to reuse the same physical

channel, creating multiple virtual and independent subchannels, so that we can trans-

mit different data streams in parallel. Therefore, through a MIMO structure, we can

significantly increase the capacity of a wireless channel.

Multiple antennas can be used to increase the rate of transmission through multi-

plexing or to improve system performance through diversity. The term diversity refers

to techniques that utilize variants of the same transmitted signal in order to improve

the quality of the received one. Diversity techniques are used to reduce distortions that

occur even in flat attenuation channels. Multiplexing utilizes the channel coefficients

matrix to acquire independent transmission paths of the signal that can be used to trans-

mit independent data. Also, MIMO systems enhance spectrum efficiency. In order to

achieve the aforementioned gains, it is often necessary to know the channel matrix co-

efficients in the receiver and sometimes in the transmitter as well. Diversity techniques

take advantage of the random nature of wireless propagation environment, finding at

least highly uncorrelated signal paths for communication. In almost all applications,

diversity is exploited by the receiver.

Among the diversity techniques (in space, frequency and time), spatial diversity

techniques are the most popular ones in wireless communication systems. In classic

cellular wireless systems, BS is located at elevated positions and mobile devices are

located close to the ground. There is no guarantee that there will be a direct path be-

tween the transmitter and receiver antennas, and the signal attenuation due to scatterers

surrounding a mobile device is usually Rayleigh modeled. The base station antennas

must be relatively far away for receiving uncorrelated signals.

Conventional systems can ensure that different data streams will be transmitted in

different intended users, with minimum interference from the other data streams, by

combining multiplexing in time and frequency (namely, TDM and FDM).

MIMO antenna systems are classified as [61]:
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1. Point to Point MIMO: A base station (transmitter) equipped with an antenna

array of Nt elements serves a user equipped with an antenna array of size Nr.

Different users are served over different time/frequency blocks.

2. Multi-User (MU) MIMO: It is equivalent to a Point-to-Point MIMO, breaking

the single the Nr antennas user into Nr independent single-antenna users.

3. Massive MIMO: A base station equipped with an antenna array serves multiple

users with Nr elements antenna array through precoding methods.

From now on, we will focus on Massive MIMO as it will be a key enabler for 5G

networks.

3.4.2 Massive MIMO Potentials in mmWave

Massive MIMO is an important asset for the standarization and successful operation of

5G networks under mmWave, as conventional MIMO technology has proven unable to

deliver the spectral efficiency that 5G applications demand.

Actually, the wide use of multimedia services has led to the demand for high data

rates to ensure low latency and reliable communication in a wireless communication

system. To satisfy these demands, the so-called Massive-MIMO or Large-scale MIMO

systems [80], where several transmitting and receiving antennas are employed, have

been suggested to exploit the spatial diversity for data transmission with improved

throughput and performance.

The application of Massive MIMO may benefit systems operating at millimeter-

waves, especially when these ones should support multi-user communication in poten-

tially NLoS scenarios. The main benefits are the following [58]:

• Array Gain: MIMO technology can be used to direct the signal power spatially,

leading to an array gain and providing the flexibility of spatial multiplexing.

• Spectral efficiency (SE): Massive MIMO systems achieve higher spectral effi-

ciency with the ability to focus narrow beams on a user. In a Massive-MIMO

communication system, the base station (BS) consisting of hundreds of anten-

nas can simultaneously serve multiple users (MU-MIMO) on the same time-

frequency resources and multiple data streams can be sent between the BS and

each user improving SE.
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• Energy efficiency (EE): When the beams focus on a small specific area, less

radiant energy is required, which reduces the energy requirements. Moreover, the

transmit power is essentially decreased when the number of transmit antennas is

increased.

• High data rates: The antenna gain and the multiplexing gain of massive MIMO

systems increase the data rates and the capacity of the wireless systems.

• User tracking: As massive MIMO systems direct narrow signal beams to the

users making their tracking more reliable and accurate.

• Less attenuation: The large number of antennas in the receiver makes this tech-

nology more tolerant of attenuation effects [68].

• Low latency: Massive MIMO reduces latency at the air interface [42].

• Reliability: A large number of antennas offer significant diversity gain that in-

creases the link reliability and elasticity against fading.

• Robustness: Massive MIMO systems are more robust against internal interfer-

ence. Also, they have the ability to avoid antenna failures as a result of large

number of antennas.

• Security: The massive MIMO offers enhanced security at the physical layer

against hackers and passive eavesdropping attacks due to the orthogonal chan-

nels and narrow beams [18].

• Signal processing: Unlike conventional MIMO, Massive-MIMO systems allow

for linear processing approaches such as Matched Filter (MF), Zero Forcing (ZF)

and Minimum Mean Squared Error (MMSE) precoding/combining [113].

Massive MIMO uses spatial-division multiplexing such that the different data streams

occupy the same frequencies and times. A key element to performing spatial multiplex-

ing is an array of independently-controlled antennas. Under LoS propagation condi-

tions, the data streams are transmitted via directed beams by increasing the number of

antennas. However, in a scattering propagation environment, the data streams can arrive

from many directions simultaneously. To carry out the multiplexing, the array needs to
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know the time or frequency response of the propagation channels between each of its

elements and each of the users. The channel state information (CSI) can be acquired

operating in either Frequency Division Duplex (FDD) or Time Division Duplex (TDD)

mode. The latter is considered a good alternative to FDD since uplink/downlink reci-

procity can be exploited to estimate the CSI and control the beamforming operation

[37].

MIMO beamforming is feasible in mmWave communications, particularly since the

short wavelength at mmWave frequencies makes it possible to fit more antennas into a

small area. For sub 6 GHz systems, MIMO arrays are fully digital, where each antenna

requires a dedicated radio-frequency (RF) chain including power amplifier (PA), low

noise amplifier (LNA), data converter (ADC/DACs), mixer, etc. However, the imple-

mentation of a fully digital MIMO at mmWave frequencies is a non-trivial task, using

current circuit design technology [40]. The LoS channels in mmWave networks can

be estimated using the direction of arrival (DoA) of incident waves. Massive MIMO

indirectly offers highly directional and adaptive transmissions required for enhancing

signal power and eliminating the interference in the blockage-sensitive environments at

mmWave bands.

3.5 MIMO Architectures

Current standards in WLAN (IEEE 802.11n/ac) and cellular (IEEE 802.16e/m, 3GPP

cellular LTE, and LTE Advanced) systems at sub-6GHz frequencies [49], [55] have al-

ready standardized MIMO technology. These standards support a small number of an-

tennas, with two be the common case and eight be the maximum. However, at mmWave,

the antenna arrays need more elements than the ones the lower frequency systems con-

sider (the common number of elements is 32 to 256), but still occupy a small physical

size due to the small wavelength.

MIMO communication at sub-6GHz is characterized by important architectural dif-

ferences with the corresponding at mmWave bands. The operation of MIMO at conven-

tional (lower) frequencies is subjected to fully digital signal processing at baseband. For

mmWave communication with many antennas and high bandwidth, the conventional

fully digital MIMO architecture requires many energy-consuming RF chains, leading

to a prohibitive energy consumption and hardware cost. Therefore, alternative archi-
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Fig. 3.2 Fully Analog and Fully Digital [40]

tectures are required for the successful establishment of the emerging mmWave mobile

networks [105].

Despite the advantages of Massive MIMO antennas, the increased cost, the space

and power consumption requirements of the circuits of additional antennas (especially

on small devices), and the additional complexity of multi-dimensional signal processing

should be taken into account. At higher carrier frequencies and signal bandwidths,

there are several hardware constraints that may prohibit or complicate their practical

implementation due to the existence of individual RF chain and data converter for each

antenna. The hardware constraints have led to several mmWave MIMO architectures

where the signal processing is conducted in analog and digital domains or both of them.

In the next section, several MIMO architectures for mmWave systems will be presented

[40].

3.5.1 Analog and Digital

Analog beamforming is the simplest technique for applying MIMO in mmWave sys-

tems. It is a solution supported in the IEEE 802.11ad wireless networking standard,

and can be applied at both the transmitter and receiver. Analog beamforming is often
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Fig. 3.3 Hybrid Architectures in transmitter and receiver side [40]

implemented using a network of digitally controlled phase shifters. In this configura-

tion, several antenna elements are connected via phase shifters to a single RF chain, as

illustrated in Figure 3.2. The phase shifter weights are adaptively adjusted using digital

signal processing using a specific strategy to steer the beam and meet a given objective,

for example to maximize received signal power.

The performance of analog beamforming based on phased arrays is limited by the

use of quantized phase shifts and the lack of amplitude adjustment. This makes it more

challenging to finely tune the beams and steer nulls. The power consumed by the phase

shifters also depends on the resolution of the quantized phases.

As for the fully analog architecture, it is characterized by low hardware cost and

power consumption. Nonetheless, there are several implications of using analog beam-

forming for mmWave MIMO. Analog beamforming utilizes one RF chain and a single

beamformer can be designed, thus it can only support single-user and single-stream

transmission. This means that it is impossible to realize multi-stream or multi-user

MIMO systems and achieve the multiplexing gain to improve spectral efficiency. Beam

steering is not trivial, especially when a communication link has not yet been estab-

lished. This leads to the need for beam training algorithms and techniques for channel

estimation. In general, to achieve the highest performance, the wireless protocol should

be designed to support beam steering [105].

3.5.2 Hybrid

The implementation of a conventional MIMO with a large-scale antenna array and a

full digital precoding (combining) approach is still prohibitive. This is because each

antenna element in the transmitter (receiver) is connected to a digital (analog) to analog

(digital) converter and an Radio Frequency (RF) chain of analog elements. Such an

option brings high implementation cost and large power consumption at mmWave band
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when the antennas are too many. A key solution to jointly balance the benefits of fully

digital or fully analog architectures, new MIMO architectures have been designed for

their deployment in 5G and B5G communication systems.

Also, hybrid analog/digital architectures are an alternative approach to reduce the

number of RF chains, where the processing is split between an analog and a digital part.

The analog part of a hybrid precoder (combiner) can be implemented by employing

elements such as phase shifters, switches or lens antenna [29], [87], to name some of the

most common proposed in the literature. Depending on the involved elements different

hardware constraints arise [40]. In the literature, two main MIMO architectures have

been proposed [59], [108] for the RF precoding (combining) matrix. In both cases,

the aim is to find the optimal number of RF chains thus optimizing the cost, energy

consumption and complexity. The first one is called fully-connected architecture, where

each of RF chains is connected to all antenna elements. While, in the second one, the

so-called partially-connected, the involved RF chains are associated with unique non-

overlapping sub-groups of antenna elements [62].

Assuming a network of phase-shifters, the main characteristics and differences be-

tween these architectures are the following [105]: (i) A fully-connected network pro-

vides full precoding (combining) gain, achieves highly directive transmissions by ad-

justing the phases of the transmitted signals in all antenna elements with constant mod-

ulus phase-shifters, but it has high complexity. (ii) In a partially-connected network,

for each RF chain, only the transmitted signals on the corresponding subset of antennas

can be adjusted. For practical reasons, the partially-connected structure is often prefer-

able, although it achieves reduced array gain and directivity, proportional to the number

of subarrays. Also, it imposes the analog precoder (combiner) to be a block diagonal

matrix of unit magnitude nonzero elements. Additionally, it has lower hardware com-

plexity at the cost of beamforming gain, as compared to the fully-connected structure.

The authors in [2] claim that there is no distinct solution for the hybrid structure that

can offer the best trade-off between complexity and performance. Hence, a dynamic

structure is needed depending on the application and channel conditions.

The hybrid architecture extends the fully analog architecture to the multi-stream

scenario. The key idea is to divide the processing into two parts: an analog one which

is realized by analog circuits and a reduced dimension digital which constitutes the
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Fig. 3.4 Analog part with Phase shifters ((a) fully- and (b) sub-connected) and Lens
antenna array [40]

precoder, in transmitter side, and combiner, in receiver part. The number of data streams

determines the minimum required number of RF chains Lt which in hybrid architectures

can be significantly reduced, leading to reduced cost and energy consumption [64].

Also, due to the low number of effective scatterers at BS side, only a few significant

paths exist. Hence, the MIMO channel at mmWave is sparse with the corresponding

matrix be low rank. The implementation of analog structure of the hybrid architecture

can be made by different circuit networks (phase-shifters, switches), leading to different

hardware constraints. The switching network is a low-cost low-complexity alternative

[62]. In the Figures 3.4, 3.5, 3.6 are illustrated some implementation networks .

3.5.2.1 Fully-connected network

Each RF chain is connected to all antennas via phase-shifters and switches, as shown

in Figure 3.4(a), 3.5(a). A highly directive signal can be achieved by adjusting the

phases of transmitted signals on all antennas. By employing a phase-shifters network,

all elements of the analog precoder/combiner have the same fixed amplitude.

3.5.2.2 Sub-connected network

Each RF chain is only connected to a subarray via phase-shifters and switches, as shown

in Figures 3.4(b), 3.5(b). As for the phase-shifters, they adjust only the transmitted sig-

nals on a subset of antennas. Compared with the previous architecture, it achieves
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Fig. 3.5 Analog part with switches (a) fully- and (b) sub-connected antenna array in
receiver side [40]

Fig. 3.6 Analog part with phase shifters and switches in receiver side [62]

reduced array gain and directivity proportional to the number of subarrays. Moreover,

the network of phase-shifters imposes two hardware constraints i) the analog precoder/-

combiner should be a block diagonal matrix and ii) all the nonzero elements of the

analog precoder/combiner have the same fixed amplitude.

3.6 Hybrid MIMO Systems and Channel Estimation

We assume a mmWave cellular system with a BS of Nt antennas and Lt RF chains

that communicates with a user with Nr antennas and Lr RF chains [5], as illustrated in

Figure 3.3. The BS transmits Ns data steams to a user for which hold that Ns ≤ Lt ≤ Nt

and Ns ≤ Lr ≤ Nr. The transmitter applies a hybrid precoder F to the symbol vectors

s ∈ CNs×1 with E[ssH ] = 1
Ns
I. The hybrid precoder F = FBBFRF is analyzed to

an analog FRF ∈ CNt×Lt and a baseband precoder FBB ∈ CLt×Ns . The discrete-time

transmitted signal is given by x = Fs.
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We adopt a narrowband frequency-flat channel model and assuming perfect syn-

chronization, the received signal can be written as

y = HFs+ n, (3.2)

where n ∼ N (0, σ2I).

The matrix H ∈ CNr×Nt captures the mmWave channel. Correspondingly, at the

receiver’s side, the combiner is composed of the RF and baseband combiners (where

W = WBBWRF ) which processes the received signal y acquiring the following

r = WHHFs+WHn. (3.3)

Since mmWave channels are expected to be sparse due to limited scattering at the

BS side, the geometric channel model is adopted. Each scatterer may contribute a single

or multiple propagation paths between the BS and a user.

The matrix channel H is assumed to be a sum of the contributions of Ncl scattering

clusters, each of which contribute Nray propagation paths. Assuming multi-antenna

users the channel can be expressed as [95], [62]

H =

√
NtNr

NclNray

Ncl∑
l=1

Nray∑
m=1

αl,mar

(
θl,m

)
aH
t

(
ϕl,m

)
, (3.4)

To construct the precoding and combining matrices, channel estimation is required,

which, in mmWave systems, is difficult due to the use of massive MIMO antenna arrays.

The leverage of traditional techniques (such as LS, LMMSE) that estimate the chan-

nel response matrix is quite prohibitive, as the training overhead is high to estimate the

channel. Also, the high bandwidth at the mmWave communication channel increases

noise power and makes the received SNR very low before beamforming design. To

tackle this problem, the base station and mobile device employ training beamforming

and combining vectors in the channel estimation phase.

The mmWave channel characteristics can be leveraged to develop efficient training

and estimation algorithms using hybrid precoding/ combining architectures [6]. In the

angular domain, the mmWave channel is sparse in nature, due to limited scattering on

the BS side, and it can be alternatively defined in terms of the AoA/AoD and com-
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plex gain of each path. Hence, mmWave channel estimation is equivalent to estimating

these parameters. In [26], a challenging DoA-based channel estimation method is sug-

gested for a hybrid MIMO planar array at the BS, exploiting 2D-DFT. Moreover, using

sparse representation theory, a channel estimation approach can be formulated using

basis pursuit (BP) or matching pursuit approaches. From the matching pursuit meth-

ods, OMP for single antenna users or SOMP for multiple receiving antennas, and their

variants can be utilized [40]. Also, an adaptive compressive sensing-based channel esti-

mation is suggested in [5] with a multi-resolution hierarchical codebook for the training

beamforming vectors. In these cases, the channel estimation is tackled in single user

scenarios.

As we see, researchers have posed significant effort to develop effective (namely,

low training overhead and/or complexity) and robust mmWave channel estimation al-

gorithms that take into account the sparse nature of the mmWave channel. In the fol-

lowing chapters, we will focus on channel estimation H with i) Power Spectrum Esti-

mation Techniques for finding the Angles/Direction of Arrival (DoA or AoA) assuming

multiple antenna systems of hybrid architecture in the receiver side and ii) Sparse Rep-

resentation techniques with predefined dictionaries combined with distributed adaptive

methods for the estimation of the sparse channel representation. The second part of

this thesis aims to develop an efficient multi-user channel estimation algorithm, ex-

ploiting distributed joint sparsity models and sparse representation methods to design

algorithms that let all users cooperatively estimate the channel with reduced training

cost. This method constitutes a promising solution due to the D2D capability that 5G

networks provide.
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mmWave Channel Estimation with Direction-of-Arrival Estimation
Techniques for Hybrid Architectures

4.1 Introduction

The efficient operation of mmWave massive MIMO systems is interwoven with the

employment of hybrid architectures where the analog part is implemented by sub-

connected and fully-connected antenna networks (e.g., phase-shifters, switches). To

fully benefit from the massive MIMO techniques in mmWave communication systems,

the accurate channel state information (CSI) estimation is necessary. mmWave channel

estimation is equivalent to the accurate estimation of the involved angles information.

Here, we will focus on the angles of incoming signal in the receiver side via the em-

ployment of DoA estimation techniques.

In array signal processing, many high-resolution subspace-based angle estimation

algorithms, such as multiple signal classification (MUSIC), estimation of signal param-

eters via rotational invariance technique (ESPRIT), and their variants have been widely

used due to their high-resolution angle estimation. Their application in massive MIMO

systems and full-dimension MIMO systems for azimuth and elevated angles estima-

tion have been extensively studied. However, they have been designed for the classical

ULA antennas assuming that the source signals impinging on the receiver array are

uncorrelated. If the latter property doesn’t hold, spatial smoothing techniques should

be employed before applying DoA estimation methods. The work of Chuang et al.

[20] was the first that studied and designed the hybrid version of them, the so-called

H-MUSIC and H-ESPRIT, to operate for 1-D and 2-D hybrid structure MIMO antenna

systems. Moreover, several other methods were developed for DoA estimation in hy-

brid antenna systems [101], [87], [69], [110], [73] and [86]. In [71], the authors apply a

preprocessing step with algebraic manipulation, which transforms the DoA estimation
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problem with hybrid beamforming into that of digital beamforming. Hence, a low-

complexity subspace-based algorithm is presented for unambiguous DoA estimation

that is applicable to multiple signal classification (MUSIC) and its variant. Moreover,

beam sweeping algorithms (BSA) have been considered for effectively reconstructing

the spatial covariance matrix. In [107], an enhanced BSA method is suggested. Both

these methods can then apply any subspace method to estimate the desired DoAs.

In this chapter, we will present the DoA estimation methods for the classical ULA

and hybrid structure antenna arrays. Also, we will show the proposed preprocess-

ing scheme that helps recover the full snapshot based on which any traditional DoA

method can be applied to estimate the angle of arrival in receiver side. In the context of

this dissertation, we study the reconstruction of the initial ULA snapshot, the so-called

full snapshot, in hybrid antenna array structures that are utilized in mmWave commu-

nication systems. The proposed methodology enables the recovery of the snapshots

that would have been obtained if a conventional (non-hybrid) Uniform Linear Antenna

(ULA) array was employed. The problem is considered at the receiver side where the

hybrid architecture exploits in a novel way the antenna elements of a uniform linear

array. To this end, the recommended scheme is properly designed so as to be appli-

cable to overlapping and non-overlapping architectures. Moreover, the full snapshot

recoverability is addressed for two cases, namely, for time-varying and constant sig-

nal sources. Simulation results are also presented to illustrate the consistency between

the theoretically predicted behaviors and the simulated results, and the performance of

the proposed scheme in terms Angle-of-Arrival (AoA) estimation, when compared to

the conventional MUSIC algorithm and a recently proposed hybrid version of MUSIC

(H-MUSIC).

The chapter is organized as follows: In Section 4.3, the system model is defined

for both the conventional ULA and the hybrid structure receiver cases. In Section 4.4,

the problem formulation for the full snapshot recovery is developed, along with the

design issues of the analog combiner in the hybrid structure, investigating the issue for

two different phase-shifter architectures. In Section 4.5, we show experimental results

for the evaluation of the performance of the proposed scheme. Finally, Section 4.6

concludes the chapter.
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4.2 Our Contribution

The main contribution of this chapter of the dissertation is as follows

1. An efficient preprocessing scheme is developed that leads to the acquisition of

the baseband snapshot irrespective of the hybrid antenna array architecture, as if

a non-hybrid antenna array was employed.

2. The new scheme is studied for two typical hybrid receiver architectures imple-

mented through a network of phase shifters that are employed in order to create

suitable combinations of the received signals from which the baseband snapshot is

retrieved. By maximizing the Signal-to-Total-Noise-Ratio (STNR) of the restored

snapshot, i.e., a signal dependent noisy term, the proposed scheme determines the

optimal values of the phase shifters.

3. The full snapshot recoverability problem is treated for both cases of time-varying

and constant source signals during sub-snapshots collection time. A different

combiner matrix is applied for each sub-snapshot acquisition.

4. The theoretical findings regarding the proposed optimal reconstruction schemes

are verified by extensive simulation experiments.

5. As already mentioned, once the full snapshots are reconstructed via the proposed

schemes, then any suitable AoA estimation algorithm can be applied. The co-

herent case, commonly encountered in multi-path channel environments, can be

treated by employing appropriate techniques (e.g., spatial smoothing-based algo-

rithm).

4.3 The System Model

Let us consider a ULA in which L far-field, narrowband, bandpass signals impinge on.

The L signals arrive at the array from L different directions. Moreover, the antenna

array size N is larger than the number of source signals, i.e. N > L [83]. The spatial

sampling depends on the wavelength of carrier frequency. In that case, to avoid spatial

aliasing, the inter-element spacing should satisfy the condition d = λc

2
= c

2fc
, where c is

the propagation speed and λc, fc are the carrier wavelength and frequency. Furthermore,
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each source signal i is associated with an AoA denoted as θi, where i = 1, 2, . . . , L and

θi ∈ [−π, π]. We assume that AoAs do not change during snapshots collection time.

Thus, the signal array on the time instant t can be written as

x(t) = A(θ)s(t) +w(t), (4.1)

where x(t) = [x1(t), x2(t), . . . , xN(t)] is a N × 1 vector with the signals received

by the N array elements, θ = [θ1, θ2, . . . , θL]
T is an L × 1 vector with the AoA’s,

s(t) = [s1(t), s2(t), . . . , sL(t)]
T is an L × 1 vector containing the source signals and

w(t) = [w1(t), w2(t), . . . , wN(t)] is the N × 1 noise vector. Finally, A(θ) is the N ×L

array response matrix

A(θ) =

[
a(θ1) a(θ2) · · · a(θL)

]
, (4.2)

where

a(θi) =
1√
N

[
1 ej

2dπ
λc

sin θi · · · ej
2(N−1)dπ

λc
sin θi

]T
, i = 1, 2, . . . , L. (4.3)

The sampled version of x(t) is usually utilized either by a conventional receiver, where

each antenna element is connected to an RF chain (see Figure 4.1), or by a hybrid

structure receiver, where the signals of groups of antenna elements are, first, combined

and the resulting signal is passed via an RF chain (see Figures 4.2, 4.3). These two

cases are analyzed in detail in the following subsections.

RF Chain

RF Chain

RF Chain

...

ADC

ADC

ADC

...

1

2

x(t) x(n)

N

Fig. 4.1 The receiver in the conventional case.
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4.3.1 The classical ULA case

Each received signal is processed by an individual RF chain, where, among other, is

downconverted, and, then, is sampled by the corresponding Analog-to-Digital-Converter

(ADC). At discrete-time n, the baseband signal, called full snapshot, is

x(n) = A(θ)s(n) +w(n), (4.4)

where x(n),w(n) ∈ CN , s(n) ∈ CL and w(n) ∼ CN(0, σ2I), while E[w(n)wH(k)] =

0, for n ̸= k and Rs = E
[
s(n)sH(n)

]
the source signals autocorrelation matrix.

4.3.2 MUSIC - A Conventional ULA DoA Estimation Method

MUSIC is a high-resolution direction-finding algorithm based on the eigenvalue de-

composition of the covariance matrix observed at a ULA array. The angles at which

the pseudospectrum of MUSIC has finite peaks are the desired directions of arrival. It

belongs to the family of subspace-based direction-finding algorithms.

Let Rx be the correlation matrix of the received vector x(n) Then,

Rx = E{x(n)xH(n)}

= E{A(θ)s(n)sH(n)AH(θ)}+ E{w(n)wH(n)}

= A(θ)RsA
H(θ) + σ2

wI,

(4.5)

where I is the identity matrix and Rs the source signals correlation matrix. Note that

the rank of A(θ) is L, so is that of A(θ)RsA
H(θ).

Conducting the singular value decomposition (SVD) of Rx, we can have

Rx =

[
Us Un

] Σs 0

0 Σn


 UH

s

UH
n

 (4.6)

where Σs ∈ RL×L and Σn ∈ R(N−L)×(N−L) are diagonal matrices with elements that

correspond to the L largest and remaining N − L (σ2) eigenvalues of the Rx, respec-

tively. The columns of the submatrix Us ∈ CN×L consist of the eigenvectors of the L

largest eigenvalues spanning the signal space, while those of Un ∈ CN×(N−L) span the
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noise subspace, which is orthogonal to the signal subspace.

The spatial power spectrum of MUSIC algorithm is captured by

P (θ) =
1

aH(fc, θ)UnUH
n a(fc, θ)

. (4.7)

The L AoAs in θ correspond to the L largest peaks of the power spectrum estimated

via the employment of P (θ). The maximum detectable number of the AoAs is N − 1

since Un must contain at least one column. To use the MUSIC algorithm, we need to

know the number of AoAs. In this dissertation, we assume that L is known a priori.

RF Chain

RF Chain

...

ADC

ADC

M

1
x(t)

r(n)
...

N

N-M+1

...

...

...

X

X

X

X

+

+

subarray 1

subarray Lr
... ...

r(t)

B(t)

...

...

Fig. 4.2 The receiver in the partially connected hybrid case.

4.3.3 The hybrid case

We assume an antenna array with N elements which can be organized into Lr groups

considering two widely-used analog beamforming architectures, as shown in Figures

4.2, 4.3. In the partially-connected one, each group, called subarray, consists of M

antenna elements and connects to one RF chain, where N = MLr. Furthermore, in

the l-th group (l = 1, 2, . . . , Lr), the i-th received signal (i = 1, 2, . . . ,M ) is, first,

processed by a phase-shifter by ejϕli(t), ϕli(t) ∈ [−π, π], and, then, all of them are

added up. In the fully-connected one, all antenna elements form Lr different antenna

groups each of which connects to an RF chain. Similarly, each received signal at each

antenna element is processed by a phase-shifter, and then, all of them are added up. In
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1 RF Chain

Lr RF Chain

...

ADC

ADC

1
x(t)

r(n)

N

N-1

...

...

X

X

X

X

+

+

...
...

r(t)

B(t)

2

Fig. 4.3 The receiver in the fully connected hybrid case.

both architectures, the matrix B(t) of size Lr × N , known as analog combiner in the

relevant literature [6],[25], constitutes the analog part of the hybrid structure, as well as

the involved operations (depicted in Figures 4.2, 4.3).

The receiver first processes the received signals using an Lr × N combiner, B(t),

implemented using phase shifters such that |[B]i,j| = 1. Therefore, the matrix B(t)

maps the received signal x(t) to a reduced size signal vector r(t), namely, Lr × 1,

where

r(t) = B(t)x(t). (4.8)

Finally, as in the classical case, r(t) passes through the available RF chains and the

corresponding ADCs and the resulting baseband signal can be written as

r(n) = B(n)x(n), (4.9)

or according to (4.4) in the following compact form,

r(n) = B(n)A(θ)s(n) +B(n)w(n). (4.10)

Inspecting (4.9), the reconstruction of the full snapshot in (4.4) depends on the in-

vertibility of matrix B(n). However, it is non-square with Lr < N , i.e., it has more

columns than rows, and thus, it is singular. In this case, the initial ULA snapshot x(n)
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cannot be restored. Hence, in the following section the adopted methodology for the

full snapshot recovery is presented in detail.

4.4 Recovering the Full Snapshot

In this section, the problem of full snapshot reconstruction of the baseband signal in

(4.4) is described. The adopted methodology consists of two parts: i) the problem for-

mulation for the full snapshot estimation and ii) the appropriate RF combiner design

assuming both cases of time-varying and constant source signals for the hybrid archi-

tectures described previously.

4.4.1 Description of the procedure for recovering the full snapshot

Because of the hybrid architecture, as explained in the previous section, at discrete

time n, we obtain a sub-snapshot r(n) of size Lr instead of the desired one in (4.4).

To reconstruct the full snapshot of (4.4), a number of sub-snapshots r(l) are collected

and utilized. In the following, the description of this collection, which will permit

the reconstruction of the full snapshot, will be presented. As it will be shown, the

reconstruction accuracy depends, among other, on the variability of the source signals
1 that impinge on the antenna array, which signals will be denoted as sv(l) from now

on. Both cases of time varying and constant source signals will be considered in the

performance analysis, where the optimal design of the respective combiners will be

discussed.

In more detail, let us assume that T signals

r(l) = B(l)A(θ)sv(l) +B(l)w(l) (4.11)

are collected at time instants l = n, n + 1, . . . , n + T − 1, which will be referred to as

sub-snapshots in the following. By concatenating the T sub-snapshots into the TLr × 1

vector
1In many radio communication standards the involved signals exhibit fluctuations [24]
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r̄(n) =


r(n)

r(n+ 1)
...

r(n+ T − 1)


, (4.12)

the input-output relation can be formulated as

r̄(n) =


B(n)A(θ)sv(n)

B(n+ 1)A(θ)sv(n+ 1)
...

B(n+ T − 1)A(θ)sv(n+ T − 1)


+


B(n)w(n)

B(n+ 1)w(n+ 1)
...

B(n+ T − 1)w(n+ T − 1)


(4.13)

or, in a more compact form,

r̄(n) = B̄(n)Ā(θ)s̄v(n) + w̄(n), (4.14)

where

B̄(n) =


B(n) 0 . . . 0

0 B(n+ 1) . . . 0
...

... . . . ...

0 0 . . . B(n+ T − 1)


, (4.15)

Ā(θ) =


A(θ) 0 . . . 0

0 A(θ) . . . 0
...

... . . . ...

0 0 . . . A(θ)


(4.16)

and

s̄v(n) =

[
sTv (n) sTv (n+ 1) . . . sTv (n+ T − 1)

]T
. (4.17)
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In the following, the vectors sv(l) involved in (4.17) are modeled as the sum of a

constant signal s(n) and a non-constant signal snc(l), i.e., sv(l) = s(n) + snc(l), for

l = n, n + 1, . . . , n + T − 1. Actually, it is practically infeasible to acquire constant

source signals when operating at very high data rates (i.e., multiple Gbps depending

on the mmWave carrier frequency), without oversampling. Therefore, here, the general

case of non-constant signals is considered, as, the assumption of constant ones in a full

snapshot period (usually encountered in the relevant literature [20]) can be treated as a

special case, where sv(l) = s(n) for l = n, n+ 1, . . . , n+ T − 1.

Specifically, the source signals vector in (4.17) can be rewritten as

s̄v(n) ≡


s(n) + snc(n)

s(n) + snc(n+ 1)
...

s(n) + snc(n+ T − 1)


(4.18)

Hence, by substituting (4.18) in (4.14) a collection of sub-snapshots of the hybrid

array can be obtained as follows

r̄(n) =


B(n)A(θ)s(n)

B(n+ 1)A(θ)s(n)
...

B(n+ T − 1)A(θ)s(n)


+


B(n)A(θ)snc(n)

B(n+ 1)A(θ)snc(n+ 1)
...

B(n+ T − 1)A(θ)snc(n+ T − 1)


+


B(n)w(n)

B(n+ 1)w(n+ 1)
...

B(n+ T − 1)w(n+ T − 1)


(4.19)

or, in a more compact form,

r̄(n) = B(n)A(θ)s(n) + B̄(n)Ā(θ)̄snc(n) + w̄(n), (4.20)
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where

B(n) =
[
BT (n) BT (n+ 1) . . . BT (n+ T − 1)

]T
(4.21)

and

s̄nc(n) =

[
sTnc(n) sTnc(n+ 1) . . . sTnc(n+ T − 1)

]T
. (4.22)

The value of parameter T (i.e., the number of sub-snapshots) is selected such that

the TLr×N matrix B(n) is invertible, thus, TLr ≥ N should hold. To ensure low sub-

snapshots collection overhead the minimum value T = N
Lr

is chosen, where the number

of antenna elements N and the number of RF chains Lr are considered to be powers of

two, i.e., N = 2i and Lr = 2j , where i, j are integers. By applying different matrices

B(l) for each l, linear independent r(l)’s are collected. Due to the fact that B(n) is

designed to be rectangular and full rank, its pseudo-inverse matrix B†(n) is reduced to

B−1(n). In the following, from (4.20) an estimate x̂(n) of the full snapshot x(n) can be

acquired as

x̂(n) = B−1(n)r̄(n). (4.23)

Hence, from (4.23) and as outlined in Algorithm 1, we can fully recover the full

snapshot as

x̂(n) = A(θ)s(n) + B−1(n)w̄(n)

+ B−1(n)B̄(n)Ā(θ)̄snc(n).
(4.24)

According to (4.24), the x̂(n) is hindered by a term associated with the additive

noise and an additional term which depends on the time variability of the received

source signals. As it will be observed in the following, the variability in the source

signals is treated as a noise term. Hence, in this case, the total noise term is

w′′(n) = B−1(n)w̄(n) + B−1(n)B̄(n)Ā(θ)̄snc(n). (4.25)

Considering now the special case of constant signals, namely, sv(l) = s(n), for
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l = n, n+ 1, . . . , n+ T − 1, s̄v(n) is simplified to

s̄v(n) =


s(n)

s(n)
...

s(n)


. (4.26)

Hence, r̄(n) can be written as

r̄(n) = B(n)A(θ)s(n) + w̄(n) (4.27)

and the restored full snapshot in this case is given as

x̂(n) = A(θ)s(n) + B−1(n)w̄(n), (4.28)

where the total noise term w′′(n) in (4.25) is reduced to

w′′(n) = B−1(n)w̄(n). (4.29)

Algorithm 1: Proposed Scheme for the full snapshot reconstruction
1: Input:Number of antennas N , Number of RF chains Lr

2: Input:SNR values, Number of sub-snapshots T

3: Output: Recovered snapshot x̂(n)

4: Collect T sub-snapshots from Lr RF chains by applying T different phase-shifter

matrices B(l), for l = n, n+ 1, . . . , n+ T − 1, to formulate r̄ in (4.12)

5: Apply matrix B−1 to (4.23)

6: Recover the full snapshot x̂ as shown in (4.24) and (4.28), respectively

From (4.24) and (4.28), it is evident that the matrix B(n) has an impact on the power

of the noise terms thus affecting the subsequent utilization of the recovered signals, i.e.,

in AoA estimation. Hence, the matrix B(n) should be determined appropriately so

that it is invertible and well conditioned and, at the same time, it doesn’t increase the

power of the noise term. Such a discussion and the relevant analysis are presented in

the following section.
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4.4.2 Problem formulation for the RF combiner design

In this section, the analysis focuses on the appropriate design of the RF combiner B(n)

matrix, i.e., the analog part of the hybrid structure for the minimum value of T = N
Lr

.

The problem of interest in this section is to design the B(n), i.e., the analog part of

the hybrid structure, such that the Signal-to-Total Noise-Ratio, after the application of

the preprocessing scheme, to be maximized. The STNR is defined as

STNR =
Tr{C}

Tr{Cw′′}
, (4.30)

where the power of the signal component of ULA snapshot x(n) in (4.4), defined as

Tr{C} = Tr{A(θ)E
[
s(n)sH(n)

]
A(θ)H}

= Tr{A(θ)RsA(θ)H},
(4.31)

is kept constant and identical to the one in the reconstructed full snapshot. Hence, the

STNR maximization is equivalent to the minimization of the total noise power Tr{Cw′′}

which entails that the total noise term

w′′(n) = B−1(n)w̄(n) + B−1(n)B̄(n)Ā(θ)̄snc(n)

in (4.25) and the noise term in (4.4) have equivalent statistical properties (e.g., as to

covariance matrix).

It is noted, here, that in the special case of constant signals, w′′(n) is equal to

B−1(n)w̄(n). The desired minimization problem, which lies in the minimization of

the power of the total noise term w′′(n), is written as,

min
B(n)

Tr{Cw′′}, subject toB(n) ∈ S, (4.32)

where Cw′′ = E{w′′(n)(w′′(n))H} is the covariance matrix of the noise term in (4.24)

and S denotes the feasibility set of B(n), namely, all matrices with elements being equal

to exponentials that denote the phase-shifting operation of the hybrid architecture (either

fully- or partially-connected). In particular, the set S consists of all N ×N matrices, of

the form of (4.21).
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The form of sub-matrices B(n) in (4.21) captures both the structure and the opera-

tions, described in Section 4.4.1, and will be elaborated in the following. If the hybrid

architecture is organized into non-overlapping sub-arrays as depicted in Figure 4.2, in

(4.21) the sub-matrices are of the form

B(l) =


bT
l1 0 . . . 0

0 bT
l2 . . . 0

...
... . . . ...

0 0 . . . bT
lLr


(4.33)

where blj is an M × 1 vector with the phase-shifters’ values to be used by the jth

subarray at time l = n, n+1, . . . , n+ T − 1. Assuming a fully-connected architecture,

as in Figure 4.3, the sub-matrices in (4.21) are of the form

B(l) =


bT
l1

bT
l2

...

bT
lLr


(4.34)

and blj is an N × 1 vector with the exponentials to be used by the jth subarray at time

l = n, n+1, . . . , n+T − 1. Here, it should be noted that, the same notation blj for two

different sized vectors is utilized so as to keep the symbols simple and the dimension is

implied by the context.

In the following, the minimization problem of (4.32) will be solved for the two

architectures (Figures 4.2 and 4.3) under study and the two signal cases (i.e., for con-

stant and non-constant signals described in (4.26) and (4.18), respectively). As it will be

shown later, when constant signals are considered, the problem can be solved optimally,

whereas for the non-constant signals the selection of the appropriate design becomes a

more intriguing task.

4.4.2.1 Constant Source Signals

First, the special case of constant source signals will be considered. Under this case,

the noise term w′′(n) is equal to B−1(n)w̄(n), as shown in (4.28), and the covariance
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matrix can be written as Cw′′ = E{B−1(n)w̄(n)(B−1(n)w̄(n))H}. In order to solve

the problem in (4.32), first, Cw′′ is written in the following equivalent form,

Cw′′ = B−1(n)E{w̄(n)(w̄(n))H}(B−1(n))H . (4.35)

In the following, using (4.35), (4.32) will be solved for the two hybrid architectures.

First, the partially-connected case will be treated.

In the partially-connected architecture, it can be proved, by employing (4.21), (4.33),

that E{w̄(n)(w̄(n))H} = σ2MIN×N , and, thus, Cw′′ is written as

Cw′′ = σ2M
(
BH(n)B(n)

)−1

. (4.36)

Moreover, the following inequality will be used for determining a lower bound for the

cost function in (4.32),

Tr{A−1} ≥
∑
i

1

[A]ii
, (4.37)

where [A]ii is the ith diagonal element of A and the equality holds when A is diagonal

[1]. By substituting (4.36) in (4.32) and applying (4.37), the following lower bound can

be derived,

Tr{Cw′′} ≥ σ2M
N∑
i=1

1

[BH(n)B(n)]ii
= σ2N. (4.38)

Inspecting (4.38), the lower bound is independent of the unknown B(n) we are look-

ing for. Therefore, any B(n) ∈ S can be considered as the optimal solution in (4.32).

In our case, an optimal choice of B(n) is the one for which the following condition is

fulfilled

BH(n)B(n) = MI, (4.39)

which subsequently makes the covariance matrix Cw′′ diagonal and equal to the one of

the noise term in (4.4), i.e., Cw′′ = σ2I (as observed by 4.36). In the following, such

an optimal, in this setting, matrix will be described.

In order to determine a suitable B(n) ∈ S, first, BH(n)B(n) is written in the follow-

ing more convenient form

BH(n)B(n) = BH(n)PTPB(n), (4.40)
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where P is an N ×N permutation matrix that changes the position of the rows of B(n)

in the following manner. The first row of each B(l) goes at the top (see (4.21), (4.33)).

Then, the second row of each B(l) follows and so on. This matrix can be created from

the identity matrix if its rows are moved similarly. The matrix PB(n) can be written as

PB(n) =


F1 0 . . . 0

0 F2 . . . 0
...

... . . . ...

0 0 . . . FLr


, (4.41)

where Fi, i = 1, 2, . . . , Lr, is an M × M matrix with its lth row equal to bT
li , l =

n, n+ 1, . . . , n+M − 1.

After substituting (4.41) in (4.40), BH(n)B(n) is a block diagonal matrix, as shown

in (4.42), with the ith diagonal element being FH
i Fi, i = 1, 2, . . . , Lr.

BH(n)B(n) =


FH

1 F1 0 . . . 0

0 FH
2 F2 . . . 0

...
... . . . ...

0 0 . . . FH
Lr
FLr


(4.42)

Thus, the desired condition depicted by (4.39) can be fulfilled if equivalently FH
i Fi =

MI.

An appropriate choice for the Fi’s, i = 1, 2, . . . , Lr, could be based on the Fourier

matrix FN×N , whose (p, q)th element is given as [F]p,q = e−j2πpq/N . Then, only the

first M columns are kept and the resulting matrix is denoted as FN×M . Finally, rows of

Fi, i = 1, 2, . . . , Lr, are set equal to the rows i, Lr + i, 2Lr + i, . . . of FN×M . These

matrices fulfill the desired condition, namely, FH
i Fi = MI. Hence, by utilizing these

matrices, the phase shifters of the receiver in the partially-connected, hybrid case can be

determined. It is noted, here, that the Fi’s are actually the beamforming matrices used

by H-MUSIC in [20] in order to obtain the overall received vector, assuming T = M ,

e.g. rectangular beamformers. It is worth mentioning that H-MUSIC can work with

non-rectangular beamformers Fi’s, i.e. with T < M , thus, with smaller size sub-

snapshots and snapshots whose size will be less than the so-called full snapshot.

Here, the case of the fully-connected architecture is investigated. In order to solve
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the problem in (4.32) by employing (4.34), it can be shown that E{w̄(n)(w̄(n))H} =

σ2D(n), where matrix D(n) is block diagonal with diagonal elements of the form

B(l)BH(l) for l = n, n+ 1, . . . , n+ T − 1. Using above, the trace of Cw′′ in (4.35) is

written in the following equivalent form,

Tr{Cw′′} = Tr{σ2B−1(n)D(n)
(
B−1(n)

)H}
= Tr{σ2D(n)

(
B−1(n)

)H B−1(n)}

= Tr{σ2D(n)(B(n)BH(n))−1}

= Tr{σ2(B(n)BH(n)D−1(n))−1}.

(4.43)

By substituting (4.43) in (4.32) and applying (4.37), the following lower bound can

be derived,

Tr{Cw′′} ≥ σ2

N∑
i=1

1

[B(n)BH(n)D−1(n)]ii
= σ2N, (4.44)

where, for deriving the last equality, [B(n)BH(n)D−1(n)]ii = 1, ∀i, is used, which

can be proved by employing (4.21), (4.34) and observing the diagonal elements of the

result.

Observing (4.44), any matrix could be utilized for deriving the lower bound. How-

ever, in this case, the matrix B(n) is designed based on the Fourier matrix FN×N , as

this one has the properties imposed by S. Then, submatrices of F of size Lr ×N can be

used for the design of the B(l)’s for l = n, n + 1, . . . , n + T − 1 comprise the matrix

B(n) in (4.21). Hence, by utilizing these matrices the phase shifters of the receiver in

the fully-connected, hybrid case can be determined, as, in this case, the minimum value

in (4.38) is satisfied.

4.4.2.2 Non-constant source signals

In this sub-section, the case of non-constant source signals will be elaborated. In order

to solve the problem defined in (4.32), the covariance matrix, Cw′′ , for the noise term
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w′′(n) = B−1(n)w̄(n) + B−1(n)B̄(n)Ā(θ)̄snc(n) can be written as

Cw′′ = E{w′′(n)(w′′(n))H}

= σ2B−1(n)B̄(n)B̄H(n)
(
B−1(n)

)H
+

B−1(n)B̄(n)Ā(θ)Rs̄ncĀ
H(θ)B̄H(n)

(
B−1(n)

)H
= B−1(n)(σ2B̄(n)B̄H(n)+

B̄(n)Ā(θ)Rs̄ncĀ
H(θ)B̄H(n))

(
B−1(n)

)H
.

(4.45)

By substituting (4.45) into the cost function of (4.32), the following equation can be

written as

Tr{Cw′′} = Tr{B−1(n)U(B−1(n))H}, (4.46)

where U = σ2B̄(n)B̄H(n) + B̄(n)Ā(θ)Rs̄ncĀ
H(θ)B̄H(n) and Rs̄nc the non-constant

signals correlation matrix of size TL× TL.

For the full snapshot reconstruction the preprocessing matrix B(n) in (??) should

not change the noise power, thus, the set of solutions S is further restricted into a new

set that consists of only unitary matrices, i.e., B−1(n) = BH(n). Hence, the trace of

(4.46) can be further simplified as

Tr{Cw′′} = Tr{BH(n)UB(n)}

= Tr{UB(n)BH(n)}

= Tr{U}

= Tr{σ2B̄(n)B̄H(n)

+ B̄(n)Ā(θ)Rs̄ncĀ
H(θ))B̄H(n)}

= Tr{B̄(n)(σ2ITN + Ā(θ)Rs̄ncĀ
H(θ))B̄H(n)}

= Tr{B̄(n)VB̄H(n)},

(4.47)

where V = σ2ITN + Ā(θ)Rs̄ncĀ
H(θ). Next, according to [1], the lower bound of

(4.32), when the cost-function has the form of (4.47), can be written as

Tr{Cw′′} ≥
N∑
i=1

λi(V), (4.48)

where the λi’s, for i = 1, 2, . . . , TN , are the eigenvalues of the matrix V.
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Irrespective of the hybrid architecture, the minimum value in (4.48) is attained when

the matrix B̄(n) equals the matrix of eigenvectors of V that correspond to the N small-

est eigenvalues, sorted in an ascending order. It is noted, here, that Ā(θ)Rs̄ncĀ
H(θ) of

size TN × TN is a matrix of rank equal to TL. If the number of antenna elements N

and the number of sources L satisfy the condition TN−TL > N this entails that the N

smallest eigenvalues are equal to σ2, and so the minimum value in (4.48) can be written

as minTr{Cw′′} = σ2N .

The solution in (4.48) that minimizes the problem in (4.32), does not have the de-

sired phase shifters’ matrix structure because of the term Ā(θ)Rs̄ncĀ
H(θ) in matrix V,

which depends on the unknown AoAs.

Under the assumption of a low SNR regime, in the involved cost function in (4.47),

the dominant term would be the one related to the additive noise, especially when the

time variations of the source signals are not strong enough. Hence, in this case, (4.47)

can be approximated by Tr{σ2B̄(n)B̄H(n)}. To design the B(n), for either partially-

connected or fully-connected architecture, a similar process as the one followed in case

of constant signals can be employed. As it has been already proved in the previous

section, the Fourier matrix is an appropriate choice for the design of matrix B(n) for

both hybrid architectures, as this one has the properties of S (i.e., all matrices with

elements being equal to exponentials that denote the phase-shifting operation of the

hybrid architecture) and satisfies the minimum value σ2N in (4.48).

Finally, in the medium to high SNR regime, the dominant term in matrix V is

Ā(θ)Rs̄ncĀ
H(θ). Hence, the solution to the minimization problem in (4.32) is a matrix

which actually depends on the unknown AoAs, which constitutes this case intractable,

and the statistical properties of the time varying signals snc(l). Since, in this case, the

solution to the minimization problem under study is related to the unknown AoAs, any

predefined matrix is expected to lead to a floor at the cost function of (4.47). This floor

depends on how powerful the time-varying nature of the source signals are (namely,

on the values of the covariance matrix Rs̄nc , if one considers the model that is adopted

here). A simple model for the time-varying signals snc(l) is adopted. Specifically, they

can be modeled as discrete random variables of Gaussian distribution assuming that

their values are statistically independent of equal power, with known first and second

order statistics (i.e., snc(l) ∼ CN
(
0, σ2

ncI
)
). Under this model, the noise power behav-
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ior in (4.47) is verified in the simulations.

4.4.3 Hybrid MUSIC (H-MUSIC)

Now, we proceed to an established method that extends the conventional MUSIC to

efficiently operate in the hybrid architecture antenna arrays. This method will be con-

sidered for comparison in the experiments.

Assuming that s(n) = s(n + 1) = . . . = s(n + T − 1), the measurement vector

rl(n) for the l-th subarray is defined as

rl(n) =


rl(n)

rl(n+ 1)
...

rl(n+ T − 1)


= BH

l A(fc,θ)F(l,θ)s(n) +wl,b(n)

(4.49)

where Bl =

[
bl,1,bl,2, . . . ,bl,T

]
(Lr × T ), F(l,Θ) is a phase-shift matrix that models

the phase difference between the first and the l-th subarray, and wl,b(n) = [bH
l,1wl(n),

bH
l,2wl(n+1) . . .bH

l,Twl(n+T−1)]T is the equivalent noise vector for the l-th subarray.

The matrix F(l,Θ)(L× L) is defined as

F(l,Θ) =


e−j2πfc((l−1)Md) sin(θ1)/c 0 . . . 0

0 e−j2πfc((l−1)Md) sin(θ2)/c . . . 0
...

... . . . ...

0 0 . . . e−j2πfc((l−1)Md) sin(θk)/c


.

(4.50)

Also, A(fc,θ)(M × L) is the response matrix at the l-th sub-array. Collecting all the

T × 1 received signal vectors from each RF chain into one vector, we obtain an overall

received vector, denoted by r̄(n), as
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r̄(n) =


r1(n)

r2(n)
...

rLr(n)


=


BH

1 A(fc,θ)F(1,θ)

BH
2 A(fc,θ)F(2,θ)

...

BH
Lr
A(fc,θ)F(Lr,θ)


s(n) +


w1,b(n)

w2,b(n)
...

wLr,b(n)


.

(4.51)

The correlation matrix of r̄(n) can then be calculated as

Rr̄ = E{r̄(n)r̄H(n)}

= Ā(fc,θ)RsĀ
H
(fc,θ) + σ2

v,bI
(4.52)

where σ2
w,b = E{wH

l (n)bl,ib
H
l,iwl(n)}, 1 ≤ l ≤ Lr, and 1 ≤ i ≤ T . Conducting the

SVD of Rr̄, we have Σs ∈ RL×L and Σn ∈ R(LrT−L)×(LrT−L) are diagonal matrices,

and [Us Un] is the matrix with singular vectors. The columns of the submatrix Us ∈

CLrT×L span the signal space while those of Un ∈ CLrT×(LrT−L) span its orthogonal

subspace. Using the MUSIC algorithm we find the AoAs as

P (θ) =
1

āH
(fc,θ)

UnUH
n ā(fc,θ)

(4.53)

where

ā(fc,θ) =


BH

1 a(fc,θ)

BH
2 a(fc,θ)e

−j2πfc(Md) sin θ/c

...

BH
Lr
a(fc,θ)e

−j2πfc((Lr−1)Md) sin θ/c


. (4.54)

We refer to this AoA estimation algorithm as H-MUSIC. The maximum detectable

number of the AoAs is LrT − 1. Note that the overall degrees of freedom is LrT . If

T = M , the full dimension of A(fc,θ) can be exploited. Note that T is the number of the

angles that the phase-shifters beamform. The larger the T , the longer the time we need

for the AoA estimation.
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4.5 Results and Discussion

In this section, simulations are carried out to demonstrate the performance of the pro-

posed scheme and verify its behavior under the various cases that have been studied

previously. To be more specific, the recoverability of the full snapshot is considered for

the problem of AoA estimation in 1D mmWave massive MIMO systems by employing

MUSIC. The combination of the proposed full snapshot reconstruction scheme with the

classical MUSIC algorithm is called hereafter PRE+MUSIC.

In the following, we assume that there are L = 4 signal sources. The constant part

s(n) of the source signals is assumed to be an i.i.d. sequence of Quadrature Phase Shift

Keying (QPSK) symbols. These signals impinge on the array with AoAs equal to 12.3◦,

28.1◦, 54.6◦, 62.8◦, respectively. The carrier frequency fc is selected in the mmWave

band and it is set to 30 GHz, which corresponds to a wavelength λ equals to 1 cm and

antenna spacing 0.5 cm. An N = 32 elements antenna array is deployed in receiver

side which, in the hybrid case, is grouped into Lr = 8 RF chains. In the following,

three experiments will be presented.

In the first experiment, we demostrate how well the theoretical analysis, presented

in Section 5.8, predict the performance of the proposed scheme for the full snapshot

reconstruction and validate the agreement between the computed theoretical minimum

of the total noise power Tr{Cw′′}, under the optimal DFT-based phase-shift combiner

matrix in the case of constant signals. Moreover, the performance improvement of the

proposed solution over the random phase-shift combiner matrix is also demonstrated.

In the following experiments we investigate the performance of the proposed snapshot

reconstruction scheme in the context of AoA estimation.

4.5.1 Noise Power in Reconstructed Snapshots

Let recall that, since the signal component power remains constant, the STNR values

in (4.30) depend only on the corresponding total noise power Tr{Cw′′}, which, in the

case of non-constant sources is dependent on the additive noise power σ2 plus a term

which depends on the non-constant signals power σ2
nc, treated as noise term, as well. In

the special case of constant sources, the total noise term constists only of the additive

noise. Hence, the power of the noise component (w′′(n)) in the reconstructed snapshot
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Fig. 4.4 Total Noise Power Evaluation for a Combiner Matrix based on i) DFT matrix
and ii) Random Phase Shifters for σ2

nc = {0, 0.01, 0.1}.

(see (4.25) for non-constant sources or (4.29) for constant ones) is depicted in Figure

4.4, versus the additive noise power σ2, for σ2
nc = {0, 0.01, 0.1} (denoting the power of

snc), when the Fourier matrix for the phase shifters is utilized, for the fully-connected

architecture. It is worth to mention that the behavior of the cost function remains the

same if, instead of the fully-connected architecture, the partially-connected architecture

is adopted in each case. Furthermore, the theoretical minimum value in (4.38), (4.44)

is also depicted in the same figure when the Fourier matrix is considered. Indeed, when

σ2
nc = 0 the Fourier matrix achieves the minimum value and constitutes an optimal

choice. As discussed in Section 5.8, the proposed phase shifters for both architectures,

in the case when σ2
nc ̸= 0, follow the minimum value at the low SNR regime. Addition-

ally, as σ2
nc increases, the floor of the cost function starts appearing in smaller values of

SNR. Also, inspecting Figure 4.4, when considering random phase-shifters combiner

matrices B(n) at the cost function in (4.46), it is observed that the theoretical mini-

mum value of σ2N can’t be achieved because the inequality here is strict. Moreover,

the use of random phase-shifters combiner matrix, shifted the total noise power values,

however, the form of figures remained the same. Note that, the resulted figures in case

of random phases combiner, illustrate the average values of Tr{Cw′′} for 500 different
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random combiners.

4.5.2 Application of Full Snapshot Reconstruction

In this section, the application of the proposed scheme, under the AoA estimation per-

formance, is evaluated versus the additive noise SNR (see Figures 4.5, 4.6) and the

number of required snapshots (see Figures in 4.7) for the covariance matrix estimation.

In the first two experiments, the proposed scheme, called PRE+MUSIC, will be com-

pared with H-MUSIC [20] in the same partially- and fully-connected hybrid antenna

arrays, when the Fourier matrix is utilized, and MUSIC when the conventional antenna

array is used. In the last experiment demonstrated in Figure 4.8, PRE+MUSIC perfor-

mance is evaluated for both DFT-based and exponentials with random phases combiner

matrix. It is interesting to note that, in the case of the PRE+MUSIC (as well as for the

H-MUSIC) a number of T sub-snapshots are needed in order to reconstruct a full con-

ventional snapshot as in (4.4). Thus, to make a fair comparison with the conventional

MUSIC, we have assumed in the experiments that the number S2 of snapshots collected

by MUSIC is T times the number of snapshots S1 used by the proposed scheme and

H-MUSIC.

The performance measure that is used, i.e. the RMSE (Root-Mean-Square-Error)

[79] of the estimated AoAs, is defined as

RMSE =

√∑Mc

mc=1

∑L
l=1(θ̂mc(l)− θ(l))2

LMc

, (4.55)

where θ̂mc(l) is the estimate of true AoA θ(l) in the mc
th Monte Carlo trial and Mc is the

total number of trials which is set to 500. Finally, all schemes, in order to estimate the

desired AoAs, are employed in the angular range from −90◦ to 90◦ which is discretized

with a 0.5◦ step.

In the context of the first two experiments in Figures 4.5, 4.6 and 4.7, first, it is

assumed that the full antenna array is organized into non-overlapping subarrays of the

same size M = 4 as in Figure 4.2. Specifically, we will demonstrate an experiment

assuming that T = M = 4, i.e., the number of sub-snapshots is equal to the number

of antennas in each subarray, and a second experiment considering the fully-connected

architecture, where all antenna elements contribute to each RF chain, as shown in Fig-
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.

ure 4.3. In the same experiments of this section, the fully connected architecture, as in

Figure 4.3, is considered as well, given that Lr = 8 and T = 4 the desired number of

sub-snapshots in order to construct a full snapshot N = 32. In particular, in Figures 4.5,

4.6 we demonstrate the RMSE of the three schemes (i.e., PRE+MUSIC, H-MUSIC and

MUSIC) versus the SNR for σ2
nc = {0, 0.01, 0.1} and S1 = 20, S2 = 80, respectively.

It can be observed that both schemes designed for hybrid antennas (i.e., PRE+MUSIC

and H-MUSIC) have almost identical performance, which attains that of MUSIC for

high SNR values. Also, MUSIC has the best performance at very low SNRs but, it is

noted that MUSIC is applicable only to conventional ULAs and, for the same observa-

tion time, it utilizes T times more full snapshots, therefore, it is able to have a better

estimation of the covariance matrix.

In the context of the second experiment in Figures 4.7, the RMSE performance ver-

sus the number of snapshots is also evaluated for σ2
nc = {0, 0.01, 0.1} and SNR =

20dB. Obviously, as illustrated in Figures 4.7, in the case of both architectures and

irrespective of the non-constant signals power σ2
nc, the classical MUSIC algorithm can

achieve better AoA estimation performance than the rest schemes, as, the number of

snapshots actually used is larger. Moreover, it is also observed that the RSME perfor-

mance is similar for all schemes for S1 ≥ 8 or S2 ≥ 32 despite MUSIC captures greater

number of snapshots than the hybrid schemes. Also, concerning the source signals

time-variations (in both architectures), it is observed that all schemes are not affected
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in terms of the AoA estimation and their behavior is approximately the same as in the

case of constant sources.

Additionally, in the last experiment in Figure 4.8 the focus is solely on PRE+MUSIC,

at which, it is depicted the impact of a random phase-shift combiner matrix in the AoA

estimation. Since, the proposed scheme performnace is slightly affected by the possible

time variations of the source signals and the hybrid architecture type, this experiment

is conducted assuming only the fully-connected architecture for constant value sources.

As it was expected, the design of the combiner matrix based on DFT optimized the

performance of PRE+MUSIC. Indeed, the cost function values and the lower bound

impacted by the use of a random phase-shift matrix (as demonstrated in Figure 4.4),

which impacted its performance under the AoA estimation problem, as well, as shown

in Figure 4.8. This relates with the fact that, in the reconstructed full snapshot the noise

term is not white if the B(n) is not unitary.

We should refer that the use of orthogonal beamforming matrices, e.g. the use of

the discrete Fourier matrix achieves the optimal behavior of the performance metric

(RMSE) in terms AoA estimation. Non-orthogonal beamforming matrices, e.g., ran-

dom beamforming matrices can be utilized as well. Notwithstanding, the performance

in terms of the AoA estimation accuracy may be considerably degraded in comparison

with its optimal behavior, as shown in Figure 4.8.

Ultimately, it should be noted that, irrespective of the adopted hybrid architecture

and the power of the non-constant signal component, the performance of PRE+MUSIC

in terms AoA estimation, is not affected by the floors that appear in the involved cost

Page 56



Chapter 4 Section 4.6

-10 -5 0 5 10 15 20 25 30

Signal-to-Noise-Ratio (dB)

10-3

10-2

10-1

R
oo

t M
ea

n 
S

qu
ar

e 
E

rr
or

 (
ra

d)

PRE+MUSIC DFT
PRE+MUSIC RANDOM

Fig. 4.8 RMSE of AoA estimation of PREMUSIC for a combiner matrix based on i)
DFT and ii) Random Phase Shifters, Mc = 500, S1 = 20, S2 = 80, λ = 1cm.

function in Figure 4.4, revealing that the discrete Fourier matrix is an appropriate choice

for the design of the RF combiner.

4.6 Conclusions

In summary, we investigated the recoverability of a ULA snapshot applicable to sub-

and fully-connected hybrid antenna arrays. The proposed scheme is able to recover the

full snapshot as if we had a conventional antenna array either for time-varying source

signals or constant signals. The phase shifters of the hybrid antenna array were designed

with the aim to maximize the STNR of the restored snapshot. Finally, typical simulation

results have been presented for the AoA estimation problem, confirming the efficacy of

the proposed approach under the optimal solution.
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CHAPTER 5

mmWave Channel Estimation with Distributed Sparse
Representation Techniques

5.1 Introduction

The concept of sparsity in wireless channels isn’t new, but many research works have

been previously published. In [82], an efficient decision feedback equalizer appropri-

ate for channels with long and sparse impulse response was proposed. Subsequently,

in [99], a general framework was suggested for the sparse adaptive equalization prob-

lem, under the compressive sensing perspective, and a heuristic scheme was derived

assuming unknown the sparsity order.

In this chapter, the problem of sparse channel estimation is investigated exploiting

the spatially joint sparsity structure of the involved channels to formulate the channel es-

timation problem in the angular domain and solve it with the employment of a fully dis-

tributed approach. The devices collaboratively estimate their channel sparsity support

sets before the local estimation of the channel values, assuming the existence of global

and common support subsets. The combination of the proposed distributed scheme with

the classical Simultaneous Orthogonal Matching Pursuit (SOMP) algorithm is called

Weighted Distributed Simultaneous Orthogonal Matching Pursuit (WDiSOMP). The

performance of WDiSOMP is assessed under a multi-task scheme considering a new

weighted voting method. The new mechanism is applied at each support set index

and enhances its estimation accuracy and, thus, the eventual estimation of the overall

channel. The mean squared error (MSE) is utilized to derive the performance bounds

and assess the efficacy of the WDiSOMP estimator. Finally, the performance and the

theoretical findings are evaluated via the comparison of WDiSOMP with Distributed

Simultaneous Orthogonal Matching Pursuit (DiSOMP), local SOMP, and a centralized

approach based on Structured SOMP (SSOMP) in terms of the MSE.
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In practical scenarios, the mmWave (massive) MIMO channel is sparse in the an-

gular domain due to the narrow-angle spread and limited scattering in the propagation

environment at the base station (BS) side [77]. Thus, a few significant paths are actu-

ally active (and, essentially, fewer than the number of transmitting/receiving antennas)

and contribute to the transmission. In recent years, sparse coding techniques have been

widely used for channel estimation tasks [74], [37]. Sparse representation theory can

be leveraged to estimate the channel with reduced training overhead by identifying the

parameters involved in the commonly adopted geometric channel model (channel gains,

Angles of Departure (AoD) and Angles of Arrival (AoA)), related only to those paths,

rather than estimating the channel matrix. In the following, related works in the domain

of channel estimation with sparse coding-based approaches and the contribution of this

research will be described.

Numerous state-of-the-art solutions for mmWave channel estimation are outlined by

Hassan et al. in [37]. In the relevant literature, the problem is mainly addressed either

in point-to-point [77], [5, 89, 43] or in point-to-multiple points frameworks [21]. In

addition, the sparse channel recovery approaches [60] can be employed either individ-

ually [5], [51] or centrally (e.g., at the BS) [77], [28], [75]. In the centralized solutions,

the CS algorithms exploit the common sparsity patterns among the channels of nearby

devices that are manifested in their measurements due to the transmission environment

and, thus, enhance the estimation accuracy or reduce the training overhead. The down-

link pilot training overhead would be prohibitively in MIMO systems with large-scale

antenna arrays. Exploiting already established CS techniques and the hidden sparsity in

sparse channel matrices, efficient channel estimation can be accomplished with fewer

training symbols and improved performance due to the limited local scattering at the

BS.

More specifically, to further enhance the estimation performance and reduce pilot

demand, they leverage the so-called joint sparsity either among devices or among dif-

ferent sub-carriers of single devices due to the shared transmission environment. [77]

is one of the first works to establish this property with devices of multiple antennas.

In [28, 27, 43, 111, 48, 50], channel estimation algorithms exploit common sparsity

patterns via a distributed-aided approach employed over different orthogonal frequency

division multiplexing (OFDM) sub-carriers of single devices. It should be noted that
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in previous algorithms for channel estimation, such as in the Joint Orthogonal Match-

ing Pursuit (J-OMP) in [77] and the Distributed Sparsity Adaptive Matching Pursuit

(DSAMP) in [28], the term “distributed” refers to geographically distributed devices

that send their data to a central node for processing (e.g., the BS), or engage distributed

algorithms executed, however, locally over different sub-carriers of a single device.

Here, this term refers to a fully distributed channel estimation approach in which many

devices collaborate and exchange information with their neighborhood. Moreover, in

[22], Dai et al. impose a non-uniform size burst-sparsity structure in the sparse chan-

nel without considering any correlations among the channels of different users. They

propose a generic Sparse Bayesian Learning (SBL) framework that jointly detects un-

known outliers and bursts and estimates the channel. Furthermore, the authors in [21]

introduce a common sparsity model, where the individual non-zero values are treated

as outliers, and propose an SBL method that jointly estimates the channel and finds the

users’ groups. In [57], the authors exploit common sparsity to build a sparse Bayes

tensor and Direction of Arrival (DoA) tracking-based channel estimation algorithm for

V2X mmWave massive hybrid MIMO systems.

Recent studies see channel estimation as multi-task, which, however, is interpreted

differently from this study. Specifically, in [53], the MIMO channel prediction is based

on a multi-task least square support vector machine that exploits the spatial correlations

between the channels of different antenna pairs instead of predicting the channel per an-

tenna pair independently. Also, in [106], a joint channel estimation scheme is presented

for a reconfigurable intelligent surface-assisted mmWave communication system. In

particular, it estimates the direct and cascaded channels at the same coherence time in-

stead of learning them separately. Different from the above works, in [56], a multi-task

deep learning-based network is proposed to simultaneous design the hybrid precod-

ing and combining matrices under the geometric mmWave channel model. In Table

5.1, we demonstrate a brief comparative description of our work with recent previous

studies. The methods listed in this table are compared, focusing on some key traits,

i.e., the assumed properties of the channel, whether multi-task is considered from a

sparse representation perspective, the architecture and the type of processing (central-

ized, distributed, local). Our method is distinct from the sparsity-induced multi-task

and processing perspectives.
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At this point, we would like to mention that the term multi-task was originally ap-

peared in the relevant literature for distributed estimation as Node-Specific Parameter

Estimation (NSPE), where the devices are assumed to have partially overlapping but

different estimation interests. In particular, the devices are interested in estimating pa-

rameters of local, common and/or global interest. In [15],[72], adaptive LSM-based

filtering techniques were exploited to derive novel distributed estimation algorithms,

where the devices cooperate under either an incremental or a diffusion strategy to es-

timate the global and/or common interest parameters. This concept was also extended

and studied under a problem in which the devices in a network, each with different data,

are interested in computing a common dictionary that is suitable for the efficient sparse

coding of all their data [7].

A similar mutli-task framework is presented in the current chapter for the mmWave

sparse channel estimation. In this thesis, the multi-task term is employed to capture the

joint non-uniform sparsity manifested among the channel matrices of proximal devices,

which are impacted by the same scattering clusters and thus share the same AoDs or

support set indices. The AoDs and the respective support set of each device are divided

into globally and/or partially common. Therefore, devices cooperate by exchanging the

locally estimated support sets to jointly learn them and the respective part of the MIMO

channel.

In the distributed joint sparsity recovery literature [63], [37], several algorithms

have been developed for the joint sparsity models JSM-1 (common support and indi-

vidual values) and JSM-2 (common support), and their generalizations, which, first,

were introduced by Baron et al. in [10]. These algorithms either follow a greedy and

iterative process (e.g., OMP) or solve an optimization problem (e.g., Least absolute

shrinkage and selection operator - Lasso) to estimate the desired sparse vectors or ma-

trices. Here, we will focus on a greedy method, especially OMP, due to its simplicity,

fast implementation and lower computational complexity than optimization techniques.

However, other sparse coding algorithms can be used, such as matching pursuit (MP)

[112]. The distributed versions of subspace pursuit (SP) and orthogonal matching pur-

suit (OMP), the so-called DiSP and DiOMP, respectively, were first introduced in [90],

and they are applicable to both JSM-1 and JSM-2 models (assuming a priori knowledge

of the sparsity structure). Besides, two versions of Decentralized and Collaborative
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Table 5.1 Comparison with Previous Works

Work Channel
model

Multi-task
sparsity induced Architecture Processing

[22]
geometric,
clustered,
multi-path

no
MISO,

Multi-user local

[21]
geometric,
clustered,
multi-path

no
MISO,

Multi-user centralized

[57]
geometric,
clustered,

single-path
no

MIMO,
Multi-user local

[106]
geometric,
clustered,
multi-path

no
MISO,

Multi-user local

[56]
geometric,
clustered,

single-path
no

MIMO,
Single-user local

[53]
non-parametric,
MIMO channel

description
no

MIMO,
Single-user local

proposed
geometric,
clustered,
multi-path

yes
MIMO,

Multi-user
distributed

Orthogonal Matching Pursuit (DC-OMP1, DC-OMP2) for JSM-1 have been suggested

in [103], taking into account some communication constraints. Compared to DiOMP,

DC-OMP 1 recovers the support set with higher accuracy by utilizing a voting mecha-

nism incorporated in the iterations of the OMP. DC-OMP 2, which is based on SOMP,

is much more accurate than DC-OMP 1 but at the cost of a higher communication bur-

den. It is noted that in the framework of distributed collaborative algorithms, our recent

works [92], [93] (which will present in the following sections) constitute a state of

the art solutions for a multi-task joint sparse representation model. Compared to their

predecessors, they follow an adaptive process via the employment of adaptive weights

majority voting and only need to know the total sparsity level.

5.2 Motivation

The constantly increasing use of smart devices and multimedia services, as well as

the demand for high data rates, high energy efficiency, low latency and high quality
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of service (QoS), have made fifth-generation (5G) networks and beyond more impera-

tive than ever. 5G networks address the emerging challenges by considering i) massive

MIMO systems in the mmWave range, ii) full-duplex (FD) transmissions, iii) D2D

communication protocols and iv) network densification with heterogeneous networking

architectures, where various types of cells (e.g., small, large) and access technologies

are expected to coexist. In the near future, direct D2D communication is regarded

as an essential and promising technology, e.g., for extending capacity, enabling scal-

ability and traffic offloading in various short-range applications, including IoT, M2M,

and emergency networks [8]. In the vision of 5G networks, users organized into small

groups will exchange information, e.g., about the network and channel status, cooper-

ate in various operations of common interest and employ new technologies in favour of

coordinated communication [97].

A thorough search of relevant literature shows that the trend toward distributed and

cooperative schemes also emerges in the physical layer, with some indicative, yet no-

table, examples being beamforming [47, 12] and spectrum sensing [38, 91]. For the

first time, the present chapter focuses on the problem of fully-distributed channel es-

timation for mmWave MIMO systems and proposes novel and efficient schemes that

enable devices to cooperate for estimating the involved channels.

5.3 The main contribution

In this chapter, a fully distributed channel estimation algorithm is presented that effi-

ciently undertakes the multi-task commonalities among the sparsity patterns of adjacent

devices. In particular, the main highlights of this research are the following:

• A multi-task framework is elaborated under which the mmWave MIMO chan-

nel estimation problem is modelled and investigated. This framework exploits

the inherent similarities among the different tasks assuming collaboration among

the devices in the network. In particular, the joint channel sparsity among proxi-

mal devices surrounded by global and some common scattering clusters, is taken

into account to develop methods with improved channel estimation accuracy and

reduced training overhead.

• WDiSOMP has been enhanced in order to be more robust when non-uniform
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overlapping sparsity groups occur in the network, incorporating a new voting

mechanism. Each device applies the new adaptive weights mechanism in order

to create suitable combinations of the received support sets of its neighbors, from

which the final support set is retrieved. The employed mechanism estimates an

individual weight per support set index, not a global one [93]. Our prior scheme

determines the weight with which each neighbor participates in the combination

part of the mechanism, based on the total number of different elements among the

devices’ support set. Here, the updated mechanism finds the devices’ similarity

per index and, thus, can easily identify any overlaps that may occur among the

sparsity patterns of proximal devices in a multi-tasking scheme. Also, the deploy-

ment of the new voting mechanism in the proposed algorithm further improves

the channel estimation accuracy and reduces its uses for training by the BS. Due

to the adaptive weights voting, each device only needs to know the number of

departing paths or angles.

• The proposed approach’s required iterations and overall complexity are discussed,

analyzing the computational cost that arises at each stage of the algorithm per

communication round. This cost is compared with the algorithms’ considered in

the simulations.

• The novel approach trades off the efficient channel estimation due to collaboration

using an adaptive weights voting mechanism with a communication cost, in con-

trast to adopting centralized processing at BS. The transmission overhead of the

distributed schemes (W)DiSOMP, in relation to centralized SSOMP, is quantified

and demonstrated by simulation. This cost in the distributed and collaborative

methods depends on the AoDs dictionary resolution and the total sparsity level,

which, in the mmWave, is maintained low. On the other hand, the transmission

overhead of the centralized approach is subjected to the receiver’s antenna array

size, the training overhead, the number of devices and the feedback quantization

bits.

• We would like to note that from a transmission overhead perspective, the dis-

tributed approaches, such as the one presented here, might be preferable in many

cases encountered in practice (e.g., cases with low sparsity appearing in the mmWave

Page 64



Chapter 5 Section 5.4

range and / or multi-antenna end-users).

• A theoretical performance analysis is conducted where the MSE is analytically

computed, assuming an oracle estimator as a benchmark to evaluate how well the

suggested estimator behaves. Our purpose is to find the minimum error values of

that and identify the parameters that most affect our solution to attain it. Also,

given that an overcomplete basis is considered, we aim to determine the proper-

ties that impact its quality and, thus, the correct sparse channel recovery via the

proposed estimator. The latter analysis will help us to determine an upper error

limit, which, as it will be seen, depends on the mutual coherence of the involved

dictionary and measurement matrix and the total sparsity level.

• Also, the proposed algorithm is general-purpose since it can be applied to any

other estimation problem where the underlying joint sparsity can be exploited

(i.e., not only to the mmWave channel estimation).

• Finally, the evaluation of the algorithm is demonstrated via simulations, and it

turns out that it performs significantly better than the existing ones. Several ex-

periments have been conducted based on the elaborated multi-task sparsity model

to evaluate the channel matrix recovery performance in terms of the number

of measurements (i.e., training overhead) and noise conditions (i.e., Signal-to-

Noise-Ratio (SNR)).

The rest of this chapter is organized as follows. In Section 5.4, the data model is de-

scribed. In Section 5.5, the joint sparse channel model, under which our estimator will

be designed, is elaborated in detail. Then, Section 5.6 presents the problem formulation

for the mmWave channel estimation. In the following, Section 5.7 shows the proposed

distributed MIMO downlink channel estimation algorithm with the aid of the CS theory.

Moreover, Section 5.8 analyzes the computational complexity (i.e., the required itera-

tions) of the proposed method, the respective transmission overhead, and the impact

of support set and resolution on reconstruction quality. In Section 5.9, several experi-

ments are presented to verify the efficiency of the proposed approach, accompanied by

the appropriate discussion.
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5.4 The System Model

In this paper, we will focus on downlink transmission. BS of Nt antennas communi-

cates with K devices of Nr antennas to transmit (broadcasts) T training symbol vectors

which are concatenated in X ∈ CNt×T in T time slots via a narrowband, block-fading

mmWave MIMO channel.

5.4.1 Single Antenna Devices

In this subsection, it is provided the system model assuming K single antenna devices.

The downlink received signal yk ∈ CT×1 at the k-th device is given by

yk = XThk + nk, (5.1)

where hk ∈ CNt×1 and nk ∈ CT×1 stands for additive noise which is modeled as

random vector with elements being i.i.d (independent and identically distributed) as

complex Gaussian random variables with zero mean and variance equal to σ2.

Assuming the Geometry-Based Stochastic Channel Model (GSCM) [23], after drop-

ping the index k for clarity, the channel can be written as

h =
Nc∑
c=1

Nc,s∑
s=1

γc,sa(ϕc,s), (5.2)

where Nc and Nc,s stand for the number of scattering clusters and the number of sub-

paths per scattering cluster, respectively, γc,s is the complex gain of the s-th sub-path in

the c-th scattering cluster, θc,s is the corresponding AoD. From now on, we denote the

true AoDs as θl, l = 1, 2, . . . , LAoD, with LAoD = NcNc,s.

The channel model is simplified to

h =

LAoD∑
l=1

γla(ϕl), (5.3)

where LAoD stands for the total number of departure paths, γl is the complex gain that

captures the attenuation due to scattering clusters of the l-th path, ϕl is the correspond-

ing AoD and

a(ϕl) =
1√
Nt

[
1, ej

2πd
λ

sinϕl , . . . , ej
2(Nt−1)πd

λ
sinϕl

]T
(5.4)
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is a steering vector, assuming a Uniform Linear Array (ULA).

The channel can be approximated by h ≈ Dth
v, where hv is a sparse vector and

Dt ∈ CNt×Gt is a sparsifying dictionary [23]. A typical Dt is the normalized square

DFT matrix which maps the spatial channel response to the angular domain. Alter-

natively, an overcomplete dictionary Dt can be employed via the overcomplete DFT

matrix, where Gt ≫ Nt is the number of atoms in Dt corresponding to the AoDs in a

finer grid. In this case, hv ∈ CGt×1 is able to approximate more closely the true angles

at ϕl. Thus, yk can be written as

yk ≈ Φhv
k + nk, (5.5)

where Φ = XTDt ∈ CT×Gt is the measurement matrix.

5.4.2 Multi-Antenna Devices

Each device k, with k = 1, 2, . . . , K, receives the signal

Yk = HkX+Nk, (5.6)

where matrix Hk ∈ CNr×Nt captures the mmWave downlink MIMO channel from the

BS to the k-th device and Yk ∈ CNr×T , Nk ∈ CNr×T denotes the concatenated received

signal and additive noise vectors, respectively. The elements of the latter are modeled

as random vectors with elements being i.i.d. and complex Gaussian distribution with

zero mean and variance equal to σ2.

Since mmWave channels are expected to have limited scattering on the BS side,

a geometric channel model is adopted where each cluster of scatterers is assumed to

contribute multiple propagation paths between the BS and the k-th device. Under this

model, the physical channel matrix H ∈ CNr×Nt between the BS and each device can

be given as [95]:

H =

√
NtNr

LAoDLAoA

LAoD∑
p=1

LAoA∑
q=1

αp,qar(θp,q)a
H
t (ϕp), (5.7)

where LAoD represents the number of AoDs each of which contributes LAoA arrival

paths on the device side, αp,q is the complex gain of the q-th path on the device side that

Page 67



Chapter 5 Section 5.4

departs from the p path on the BS side, ϕp, θp,q are the p-th AoD and its corresponding

q-th AoA, and at(ϕp), ar(θp,q) are the antenna array response vectors at the BS and

devices, respectively. The matrix form of the channel model in (5.7) can be written as

H = ArHaA
H
t , (5.8)

where At =

[
at(ϕ1), at(ϕ2), . . . , at(ϕLAoD

)

]
, Ar =

[
ar(θ1), ar(θ2), . . . , ar(θLAoA

)

]
,

Ha ∈ CLAoA×LAoD is a sparse matrix whose non-zero complex values are associated

with the channel path gains.

Assuming Uniform Linear Arrays (ULAs), the transmit response vector at(ϕp) is

defined as
1√
Nt

[
1 ej

2dπ
λ

cosϕp · · · ej
2(Nt−1)dπ

λ
cosϕp

]T
, (5.9)

while the receive response vector ar(θp,q) is given as

1√
Nr

[
1 ej

2dπ
λ

cos θp,q · · · ej
2(Nr−1)dπ

λ
cos θp,q

]T
, (5.10)

where λ is the signal wavelength at mmWave frequency and d the inter-element spacing.

Since the quality of CS-based channel estimation is limited by the quantization error

in the angular domain representation, the AoDs and AoAs (or the corresponding atoms)

are taken from high-density grids of Gr ≫ LAoA and Gt ≫ LAoD points, obtaining

overcomplete dictionaries Dt ∈ CNt×Gt , Dr ∈ CNr×Gr [95], correspondingly. Then,

the channel matrix H can be represented in terms of a non-diagonal sparse matrix Hv ∈

CGr×Gt , containing the path gains of the quantized angles, as follows

H = DrH
vDH

t . (5.11)

The representation in (5.11) constitutes a discretized approximation of the channel ma-

trix that can be exploited to cast the estimation of H to that of detecting some non-zero

coefficients in the sparse channel matrix Hv. Focusing on the rows of the channel ma-

trix Hv, they will contain only a few non-zero values corresponding to the AoDs, due

to the sparsity of mmWave channels on the BS side. Notice that the number of non-zero

values in each of those columns is exactly equal to LAoA. In the special case of ULAs,

with d = λ
2

and quantized AoDs and AoAs selected from uniform grids of resolution
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equal to transmitting and receiving antennas (Gt = Nt and Gr = Nr), respectively,

the dictionaries Dr ∈ CNr×Nr and Dt ∈ CNt×Nt result in unitary Discrete Fourier

Transform (DFT) matrices. This case is known as the Virtual Channel Model[62].

In the following section, a more general joint sparsity model than the one that has

been established in the literature will be elaborated on, before presenting the proposed

collaborative distributed approach. The elaborated model captures the different tasks

that occur in the network, which in [67] is called multitasking with overlapping param-

eters.

5.5 Joint Sparse Channel Modeling

A set of K geospatially distributed devices are interconnected by a graph G(V , E),

where V = {1, 2, . . . , K} is the set of devices (or nodes) and E = {(i, j) : Node

i ∈ V is connected with node j ∈ V}.

As illustrated in Figure 5.1, the scattering nature of the transmission environment

may lead to the devices grouping according to the scatterers getting involved in their

channels. As stated in [77], the devices that belong to the same group may face and thus

be affected by the same scatterer. It means that the sparse channel matrices Hv
k share the

same sparsity support set on the BS side, but the corresponding path gains may differ

due to the surrounding area of each device. To improve the downlink channel estimation

performance, we exploit the previously described relationship on the sparsity support

sets among the involved channels of the devices [77], [28].

More specifically, the scatterers on the BS side can be clustered into global and

common, from now on referred to as g and cj , which translates the corresponding AoDs

into global to all devices in the network and common to particular subgroups. From

this observation, we conclude that both the columns (otherwise atoms) of the employed

dictionary Dt are also global and common, respectively.

In the following, Ik is a set of indices j = {1, 2, . . . , J} indicating the maximum

number of common interest support sets per device k. Also, Ω = {1, 2, . . . , Gt} denotes

the set of atom indices (namely, the number of AoDs) in the overcomplete dictionary

Dt.
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Fig. 5.1 Downlink transmission scenario: C1 = {1, 2, 3, 4, 5, 6}, C2 =
{5, 6, 7, 8, 9, 10}[92].

5.5.1 Single Antenna Devices

Adopting the single antenna sparsity model, the sparse representation vector hv
k of de-

vice k can be formulated as

hv
k = hg

k +
∑
j∈Ik

h
cj
k , (5.12)

where hg
k stands for the sparse representation vector whose support set is globally

shared among all devices in the network and h
cj
k stands for the sparse representation

vector whose support set is commonly shared among devices in a particular group in

the network.

Moreover, it is assumed that hg
k of each device k consists of Lg non-zero parameters

and h
cj
k ’s consist of Lcj non-zero parameters. Hence, the sparsity profile of a device k

consists of global and multiple common interest support subsets.

Definition 5.5.1. (Global Interest Support Set): Let the globally shared sparse repre-

sentation vector hg
k with only Lg nonzero entries. The global interest support set is

defined as

Sg = supp(hg
m) = supp(hg

n),∀m,n ∈ V , (5.13)

where Sg ⊂ Ω and |Sg| = Lg (l0 sparsity).

Definition 5.5.2. (Common Interest Support Set): Let the sparse representation vector
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h
cj
k with only Lcj nonzero entries. The common interest support set is defined as

Scj = supp(hcj
m) = supp(hcj

n ),∀m,n ∈ Cj, (5.14)

where Scj ⊂ Ω, |Scj | = Lcj (l0 sparsity) and Cj a set of devices indices that are

impacted by the common scattering cluster cj , for j = 1, 2, . . . , J , and are concerned

about Scj .

The channel hk of device k is written as

hk = Dt(h
g
k +

∑
j∈Ik

h
cj
k ). (5.15)

5.5.2 Multi-Antenna Devices

Following [63], the physical channel matrix structural sparsity is discriminated into

1. Sparsity Support within Channel Matrix: The rows within Hv
k usually have

the same column sparsity support, namely there exists support set Sk in Hv
k, such

that Sk = supp(Hv
k), |Sk| = LAoD.

2. Global and Multiple Common Supports between Different Channel Matri-

ces: The channel matrices of different devices are correlated, especially when

the devices are physically close to each other. Based on this condition, different

devices and their respective (sparse) channel matrices tend to share some global

and, partially, common local scatterers on the BS part.

Based on the previously established sparsity cases, the sparse representation matrix Hv
k

of device k can be written as

Hv
k = Hg

k +
∑
j∈Ik

H
cj
k , (5.16)

where Hg
k represents the sparse matrix whose row support set is globally shared among

all devices in the network and H
cj
k captures the sparse matrix whose support set is

commonly shared among different subgroups of devices in the network.

Moreover, it is assumed that the rows of Hg
k and H

cj
k s of each device k share Lg

non-zero columns and Lcj non-zero columns, respectively. So, the sparsity pattern of a

Page 71



Chapter 5 Section 5.5

device k is divided into global and multiple common interest support sets. The column

sparsity is induced by the assumption that the resolution of the departing angular grid

points is much greater than the number of the active transmission paths, i.e., LAoD ≪

Gt.

In the following, some definitions will be provided.

Definition 5.5.3. (Global Interest Support Set): Let the sparse representation matrix

Hg
k, whose columns are globally shared with only Lg nonzero entries. The global inter-

est support set is defined as

Sg = {i ∈ Ω, s.t.supp(Hg
m) = supp(Hg

n)},∀m,n ∈ V (5.17)

where Sg ⊂ Ω and |Sg| = Lg (l0 sparsity).

Definition 5.5.4. (Common Interest Support Set): Let the sparse representation matrix

H
cj
k with only Lcj nonzero entries. The common interest support set is defined as

Scj = {i ∈ Ω, s.t.supp(Hcj
m) = supp(Hcj

n )},∀m,n ∈ Cj ⊂ V , (5.18)

where Scj ⊂ Ω, |Scj | = Lcj (l0 sparsity) and Cj a set of devices indices that are

impacted by the common scattering cluster cj , for j = 1, 2, . . . , J , and are concerned

about Scj .

Based on the previous definitions, the support set Sk of device k is formulated as

Sk = Sg ∪ {Scj
k }, for all j ∈ Ik, meaning that the joint sparsity LAoD,k ≤ Lg +∑

j∈Ik Lcj . Here, despite Sg being globally shared among all devices in the network

or Scj being the same among particular devices that are in the same subgroup Cj , this

doesn’t hold for the respective non-zero values of Hg
k and H

cj
k which remain individual

and possibly independent among the devices. Thus, taking into account the aforemen-

Page 72



Chapter 5 Section 5.6

Fig. 5.2 Sparse Channel matrices of the sided devices H̄v
1, H̄

v
2, H̄

v
7, H̄

v
8 and devices in

the overlapping area H̄v
5, H̄

v
6 assuming Nr = 2, Gr = Nr and Gt = 256 where red,

green and blue bins stand for the global and partially common atoms with total sparsity
level LAoD = 6.

tioned sharing of support sets, the channel Hk of device k can be written as

Hk = Dr(H
g
k +

∑
j∈Ik

H
cj
k )D

H
t

= (DrH
g
k +

∑
j∈Ik

DrH
cj
k )D

H
t

= ((H̄g
k)

H +
∑
j∈Ik

(H̄
cj
k )

H)DH
t

= (H̄v
k)

HDH
t

(5.19)

From (5.19), we see that the column sparsity in Hv
k translates into row sparsity in

(H̄
v
k)

H = DrH
v
k. According to the adopted formulation, Dr is hidden in the sparse

matrix H̄
v
k which will be the matrix of interest in the proposed algorithm. Here, the

columns of Dr are fixed to LAoA, namely, as if we had the receiver response matrix

Ar ∈ CNr×LAoA and the joint sparsity is only observed in the AoDs.

Considering a scenario of multiple devices, the AoDs of the devices’ channels im-

pacted by the same scattering clusters are similar [21], [77]. This means that they share

the same non-zero columns (i.e., global and common, respectively) in their sparse chan-

nels, as shown in Figure 5.2, which motivated us to investigate the channel estimation

via a distributed algorithm that estimates the shared support sets in a collaborative man-

ner.

In summary, considering (5.19), our aim is to exploit the joint sparsity sets of neigh-

boring devices to estimate the per device sparse channel in a collaborative and dis-

tributed manner. Such an approach will be elaborated on in the following.

Page 73



Chapter 5 Section 5.6

5.6 Multi-task mmWave Channel Estimation

In this section, the problem formulation for the multi-task mmWave channel estima-

tion will be presented. Given the geometric channel model representation in (5.19), the

problem of interest will be addressed as a sparse reconstruction assuming an overcom-

plete Dt for the AoDs sparsifying matrix.

Employing per device k the representation (5.19), we can rewrite the measurements

model in (5.6), in compact form, as

Ȳk = ΦH̄v
k + N̄k, (5.20)

where Ȳk =
[
ȳk,1|ȳk,2| . . . |ȳk,Nr

]
∈ CT×Nr , Φ = XHDt ∈ CT×Gt and N̄k = (Nk)

H .

Also, each column of Ȳk, which constitutes the Single Measurement Vectors (SMV)

analogue, is captured by

ȳk,r = Φh̄v
k,r + n̄k,r, r = 1, 2, . . . , Nr. (5.21)

According to the Multiple Measurement Vectors (MMV) model [66], in (5.20), each

device k exploits simultaneously the low dimensional measurement vectors, {ȳk,r}Nr
r=1,

from all antenna elements, that share the same measurement matrix Φ and sparsity

support sets Sk, to recover the high dimensional Gt × 1 sparse channel vectors between

all receiving antennas and BS.

Let {H̄v
1, H̄

v
2, . . . , H̄

v
K} be the collection of parameter matrices across the network.

Through (5.20), the objective of each device k is to determine the sparse AoDs, which is

equivalent to estimating the rows support set of H̄v
k ∈ CGt×Nr . Ignoring the joint spar-

sity channel modelling, each device k could minimize Jk(H̄
v
k) = ∥Ȳk −ΦH̄v

k∥2F on its

own, locally (without cooperation) or the aggregated optimization function
∑K

k=1 Jk(H̄
v
k)

could be used in a centralized manner as in [111]. However, there is a third direction

that leads to a fully distributed approach which we follow in this chapter. More specifi-

cally, by taking into account the joint row sparsity between the H̄v
ks of different devices,

individual but related cost functions Jk(H̄
v
k) can be adopted, thus, allowing us to for-

mulate the problem as a multi-task one [67]. The relatedness lies in the fact that the

support set of a device k is Sk = Sg ∪ {Scj
k }, e.g. with global and partially common
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elements. The common elements with the Sls of its neighborhood Lin
k will be taken into

consideration in the collaboration step of the proposed approach where the (joint) sup-

port set is estimated through adaptive weights voting. Hence, the optimization problem

can be formulated locally as

minimize
Sk,H̄

v
k

Jk(H̄
v
k) (5.22)

subject to Sk ∩ Sl = Sg ∪ Scj
k ,∀l ∈ Lin

k (5.23)

|Sk| = ∥diag((H̄v
k)

HH̄v
k)∥0 = LAoD (5.24)

Accurate retrieval of the sparse channel matrix H̄
v
k is only guaranteed when the

measurement matrix Φ satisfies specific properties from CS like the Restricted Isometry

Property (RIP) and mutual coherence. As this matrix is dependent on both the training

symbols and the transmit (overcomplete) sparsifying matrix Dt, the symbols can be

properly designed to acquire a more optimized measurement matrix to ensure that the

channel is reconstructed successfully with a high probability. Such issues have been

addressed, for example, in [51], [23], however, here, the symbols are selected randomly,

which still makes the measurement matrix “well-behaved”.

5.7 Voting-based Multi-task Distributed Solution

In this section, the main stages of the proposed algorithm, WDiSOMP, are analysed.

Since the dictionary Dt in (5.19) is predefined, the channel estimation is equivalent to

the estimation of H̄v
k in (5.20), assuming, in the transmission environment, the exis-

tence of sparsity division captured in (5.16) or equivalently in (5.19). More specifically,

WDiSOMP was designed to estimate the sparse channel in a collaborative distributed

manner. The collaboration stage concerns only the support sets Sks, while the non-

zero values of the path gains are individual and, thus, estimated via Least-Squares (LS)

locally. Our solution employs a weighted majority voting mechanism with adaptive

weights that can be estimated either at the support set or index level. With the incor-

poration of this step, the proposed algorithm only needs to know the total number of

departing paths or angles LAoD.
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5.7.1 Proposed Solution

The algorithm operates in stages (see Algorithm 2). The first stage initializes the pro-

cess, and the second one is executed iteratively, consisting of a collaborative (through

voting) and a local step (where the SOMP runs to make an individual estimate of the

sparsity support set) and the final one that concerns channel estimation is executed lo-

cally.

In the Initialization stage, the BS, for T time slots, transmits to all devices in the

network a number of training symbols, represented by matrix X. Then, each device

k collects all measurements in Yk and executes SOMP (assuming the overcomplete

sparsifying matrix Φ and an empty support set) to get an initial local estimate of its

complete support set Ŝk.

In the Iterative stage, each device k, ∀k, transmits its Ŝk to its neighbors denoted

by the set Lout
k , and receives the estimates Ŝl’s from its neighbors, ∀l ∈ Lin

k (commu-

nication step). At iteration i of the algorithm, each device exploits the received Ŝl’s

and engages a weighted majority voting mechanism to determine the i most voted in-

dices. Then, SOMP is executed locally to acquire the remaining non-zero indices, up

to LAoD, and again Ŝks are communicated over the network. These steps are repeated

for LAoD iterations. It is assumed, here, that all devices communicate via a connected

network and can exchange their support sets indices by engaging in a suitable D2D

communication protocol [46]).

Each device k exploits the estimated set Ŝk on (5.20) to retain only these specific

columns of Φ, apply LS to find the associated non-zero values of ˆ̄H
v

k and through (5.19)

its channel matrix.

The above stages and the corresponding steps are also illustrated in Figure 5.3,

where the information flow is depicted per device k. The BS broadcasts the same

training data to all devices in the network. Then, each device exploits the acquired

measurements to initialize the process and iteratively (via sharing - collaboration) esti-

mate the desired support set. Finally, each device k utilizes the estimated support set to

recover the sparse channel representation and, thus, the channel matrix.
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Algorithm 2: WDiSOMP

Result: {Ĥk}

Input:Φ = XHDt, Ȳk = (Yk)
H ; LAoD, blk,−1 = 0, ∀k ∈ {1, . . . , K} and

l ∈ Lin
k ;

Stage I: Initialization Part

Local step

for k = 1:K do

[Ŝk,0] = SOMP(Φ, Ȳk, LAoD,∅);

end

Transmit: Ŝk,0 to all nodes Lout
k

Receive: Ŝl,0s from all nodes Lin
k

for k=1:K do
Exploit Ŝl,0s to estimate the weights alk,0

Estimate alk,0 with either (5.26), (5.27) or (5.28), (5.29), ∀l ∈ Lin
k

end

Stage II: Iterative Part

for i = 1 : LAoD do

for k= 1:K do
Weighted Majority Voting

Ŝk,v = WMVoting({Ŝl,i−1}l∈Lin
k
, i, Gt, alk,i−1);

Local Step

[Ŝk,i] = SOMP(Φ, Ȳk, LAoD − i, Ŝk,v);

end

Transmit: Ŝk,i to all nodes Lout
k

Receive: Ŝl,is from all nodes Lin
k

Weights alk,i Estimation

for k=1:K do
Estimate alk,i with either (5.26), (5.27) or (5.28), (5.29), ∀l ∈ Lin

k

end

end

Stage III:Final

LS: ˆ̄H
v

k = Φ†(:, Ŝk)Ȳk;

Ĥk = ( ˆ̄H
v

k)
HDH

t , ∀k = 1, . . . , K
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5.7.2 Adaptive Weights Voting Mechanism

The aim of adopting a weighted voting mechanism was to make the algorithm WDi-

SOMP robust to different conditions. In particular, this step (step 1 of stage II) was

motivated by the fact that a device may not have the same impact on the support set

retrieval, which can happen for several reasons. First, even if the devices have the same

sparsity profile, they may face different communication conditions (i.e., noise level).

Also, different common support sets among device groups may exist on the unknown

sparsity patterns. Finally, the (hidden) sparsity order of the support sets and the group-

ing of devices are not usually known. For these reasons, two weighting methods are

selected in the majority voting mechanism. The first method can cope with these cases

with satisfactory performance [92] except for a case [93] where part of the support set

of a device in the network is partially shared with different subgroups of devices, such

that all devices’ support sets have the same cardinality. For this purpose, the second

method is suggested.

More specifically, at each iteration i of the algorithm, device k employs a zero

elements vector zk,i of size Gt and activates the positions indexed by each received

Ŝl,i, adding the weight alk at the relevant positions, for all l ∈ Lin
k . Afterwards, the
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Algorithm 3: WMVoting

Result: Ŝk,v

i, {Ŝl,i}, l ∈ Lin
k , zk = 0Gt×1, {alk,i};

for l ∈ Lin
k do

for j ∈ Ŝl,i do
zk(j) = zk(j) + alk,i(j);

end
end
Ŝk,v = bestindices(zk, i)

device k, through function ’bestindices’, finds the set of indices corresponding to the i

largest amplitude components of the final zk. These steps are captured in Algorithm 3.

The weights alk may be updated assuming either of the two following adaptive weights

methods similar to the one in [85].

5.7.2.1 Weight method based on support set as single entity

We introduce the instantaneous metric

blk ≜ |Ŝl,i \ Ŝk,i−1| (5.25)

that measures the number of different elements in the involved sets. We further smooth

the quantity blk,i through a first-order filter, say,

blk,i = (1− v)blk,i−1 + v|Ŝl,i \ Ŝk,i−1| (5.26)

where v ∈ (0, 1) is a small positive factor. Then, the combination weight assigned for

each index j by device k to device l is approximated by

alk,i(j) ≈
b−1
lk,i∑

m∈Lin
k
b−1
mk,i

, l ∈ Lin
k , k ∈ K, ∀j ∈ Ŝl. (5.27)

At this point, it should be noted that the total number of common indices could be

measured to determine the blk,is and the corresponding weight alk,i. In either case, all

indices of a neighbour are graded with the same weight assigning the same significance

to all indices even if some of them aren’t included in the device’s support set. This

mechanism can efficiently identify devices’ groups with similar sparsity patterns but
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different noise levels (per group) and non-overlapping but common sparsity patterns

inside the groups [92]. To manage the existence of overlapping sparsity profiles, like

the one depicted in Figure 5.1, we assumed a per index weighting method in the majority

voting mechanism.

5.7.2.2 Weight method based on, per-index, support set similarities

Here, our aim is to give an individual weight for each index of the support set (LAoD

in number) of all devices. To achieve this, each device k votes with 1 the support set

indices that belong both to its neighbor l and its own support set. Then, a candidate

index approved by the majority of neighboring devices wins. At each iteration i, each

device k builds a matrix Zk ∈ RGt×|Lin
k | (initialized with zero values) which is updated

by ones only in positions dictated by Ŝl,i−1 ∩ Ŝk,i ̸= ∅ and fed as in input in (5.28).

The weight that device k assigns to its neighbor l per support set index j at iteration i is

estimated as follows

blk,i(j) = (1− v)blk,i−1(j) + vZk(j, l) (5.28)

alk,i(j) ≈
blk,i(j)∑

m∈Lin
k
bmk,i(j)

(5.29)

for l ∈ Lin
k , k ∈ K and all j ∈ Ŝl ∩ Ŝk.

The elaborated weight methods are exploited in the voting mechanism in Algorithm

2 to enhance the channel estimation performance. In the following section, we will

analytically estimate the error bounds of the proposed estimator.

5.8 Performance Evaluation

In this section, we analyze the performance of the proposed estimator from various as-

pects. More specifically, the analysis will concern i) the iterations of the algorithm,

ii) the computational complexity, iii) the communication overhead of WDiSOMP com-

pared to the rest considered schemes, iv) the channel estimation error in terms of the

support set reconstruction quality and, finally, v) the impact of angular grid resolution

assuming an overcomplete dictionary to minimize the channel quantization error.
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5.8.1 Required iterations before termination and Computational Complexity

In Algorithm 2, the iterations of WDiSOMP are fixed, constant by construction, and

equal to LAoD. Also, they show how many times the devices exchange their support set

indices (communication step) in the network. The communication step includes local

processing, which is highly dependent on the available energy of the device, especially

for devices with limited resources (e.g., battery-dependent) to run an energy harvest-

ing process. In this study, we assume that the devices satisfy the minimum power

requirements to solve the assigned tasks. SOMP is executed locally at each iteration of

WDiSOMP, exploiting the obtained part of the support after voting to build an estimate

of the full support set until its size is equal to LAoD. The number of internal iterations

of SOMP is exactly LAoD − i (since |Ŝk,voting| = i). As a result, in WDiSOMP running

time, the total iterations of SOMP is
∑LAoD

i=1 (LAoD − i) = LAoD(LAoD−1)
2

.

Moving on to the computational complexity of the proposed algorithm, we con-

sider that operations like addition, subtraction, division and multiplication of any two

numbers have computational complexity O(1). Also, the complexity for two matrices

multiplication of size M ×N and N × P is O(MPN).

Let us focus on communication round i. As we see in Figure 5.3, the WDiSOMP al-

gorithm executed locally at each device k has two specific processing steps that actually

contribute to the overall computational complexity. In particular, first, the complexity

of SOMP is on the order of O(NrGtTsi) [94], where si = LAoD − i is the size of

the support set that is estimated at iteration i. Second, the suggested voting mecha-

nism contributes a small cost to the complexity of the algorithm due to the adaptive

weights estimate. Both weighting methods should first compute the involved blk,is. In

the first method, the cost mainly derives from the fact that each device k should mea-

sure the number of different indices between its support set and one of its neighbors

(|Ŝl,i \ Ŝk,i−1|). In the second, per index method, the respective cost stems from i) the

intersection operation (Ŝl,i∩Ŝk,i−1) among the support set of device k and its neighbors,

and ii) the term vZk(j, l), j = 1, 2, . . . , LAoD whose activation depends on the previous

step. In either case, the cost is in the order of the support set size or, else, sparsity level,

i.e., O(LAoD). After this sub-step, the cost of estimating the desired alk,i for each one

of its K−1 neighbors (where K−1 captures the |Lin
k |) and itself involves simple oper-

ations, K − 1 sums (denominator) and 1 division, thus the cost is O(K). In the former
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method, the weights alk,i are the same for all indices, while the latter estimates a weight

per index.

Having available the weights alk,i, the computational complexity of the majority

voting (Algorithm 3) is determined by: i) the number of additions to the zero-elements

vector zk, which are equal to LAoD (the support set size or sparsity level) for each of

the K − 1 neighbors and the device itself, or, else, KLAoD in total, and ii) the sorting

method used in the function ’bestindices’ to find the i most voted indices. In our case,

the number of elements to be sorted is small and equal to the support set level LAoD.

Finally, at Stage III of Algorithm 2, each device k uses an LS estimator to ac-

quire the non-zero involved coefficients (i.e., the channel gains). This stage adds a cost

which depends on the computation of the pseudo-inverse of matrix Φ, keeping only that

columns dictated by Ŝk, i.e. O(LAoDT
2 + L3

AoD), and then by its multiplication with

the measurements’ matrix imposing an additional cost of O(LAoDTNr).

It is noted here that, apart from the voting mechanism, the complexity of the other

two local processing methods (namely, SOMP and LS) depends on the adopted algo-

rithms. As this paper aims to study, for the first time, a fully-distributed channel esti-

mation algorithm enhanced by carefully designed voting mechanisms that improve the

cooperation among the devices, two well-known simple algorithms have been chosen.

However, it should be clear that other candidates with lower complexity can also be

selected.

Before moving on to the next section, let us compare the complexity of the proposed

algorithm with the ones that will be compared in the simulations section. WDiSOMP

has a slightly higher complexity than DiSOMP due to the employed voting mecha-

nism. However, as demonstrated in the experiments, its performance is greatly im-

proved, while there is no requirement for knowing beforehand the sparsity structure of

the involved channels. As for the locally executed SOMP and the centralized SSOMP

(namely, the one executed after all data are collected to a central point), the computa-

tional complexity is on the order of O(NrGtTLAoD) and O(KNrGtTLAoD), respec-

tively. Again, as it will be demonstrated, their performance is worse.
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5.8.2 Transmission Overhead

In this section, we compare the transmission overhead of the distributed schemes Di-

SOMP and WDiSOMP with the centralized scheme, SSOMP, in terms of the number

of transmitted bits, denoted as T d
o and T c

o , respectively. In the distributed schemes, T d
o

captures the amount of information exchanged between a device k and each neighbor,

whereas in the centralized method, T c
o stands for the communication overhead between

BS and each device k. The transmitted bits are analytically evaluated for all algorithms,

as follows.

In the case of the centralized solution SSOMP, we assume that each device k trans-

mits to the BS separately the real and complex part of the measurements in Ȳk ∈

CT×Nr , assigning q bits per value, which corresponds to 2NrTq bits from each device

to BS. Then the BS, by employing SSOMP, utilizes the measurements from all devices

to estimate the joint support set, whose indices are fed back to the devices delivering

LAoD

⌈
log2(Gt)

⌉
bits. Hence, the total number of bits amounts to:

T c
o = K(2NrTq + LAoD

⌈
log2(Gt)

⌉
). (5.30)

Moving on to the distributed algorithms, let us, first, assume a network topology

in which each node k transmits to its Lout
k neighbors the LAoD indices of the candidate

support set derived by applying SOMP locally. In (W)DiSOMP, only LAoD indices from

{1, . . . , Gt} (where Gt denotes the number of atoms) are transmitted, and each index

is supposed to be encoded with
⌈
log2(Gt)

⌉
bits, which entails LAoD

⌈
log2(Gt)

⌉
trans-

mitted bits. Each device transmits in each iteration the full support set to its neighbors,

and this process is repeated LAoD times until the full sparsity level is achieved. Given

that the proposed approach is fully distributed, |Lout
k | = K−1, the total transferred bits

amount to:

T d
o = K(K − 1)

⌈
log2(Gt)

⌉
L2
AoD. (5.31)

From (5.31), it is shown that the transmission overhead of the distributed schemes is

a quadratic function of the sparsity parameter LAoD, considering the rest parameters

constant.

In Table 5.2, we show the T c
o in terms of the feedback quantization bits q, for

Nr = {1, 2, 4, 8}. It is observed that the T c
o cost is significantly impacted by the in-
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Nr = 1 Nr = 2 Nr = 4 Nr = 8
q = 8 5.34 10.14 19.74 38.94
q = 16 10.14 19.74 38.94 77.34
q = 32 19.74 38.94 77.34 154.14
q = 64 38.94 77.34 154.14 307.74

Table 5.2 Transmission overhead in Kbits of centralized SSOMP for K = 10, Gt =
512, T = 30, |Lk| = K − 1, LAoD = 6

Gt 256 512 1024
(W)DiSOMP SSOMP (W)DiSOMP SSOMP (W)DiSOMP SSOMP

q = 8 25.92 10.08 29.16 10.14 32.40 10.20
q = 16 25.92 19.68 29.16 19.74 32.40 19.80
q = 32 25.92 38.88 29.16 38.94 32.40 39.00
q = 64 25.92 77.28 29.16 77.34 32.40 77.40

Table 5.3 Transmission overhead in Kbits of (W)DiSOMP and centralized SSOMP for
K = 10, Nr = 2, Gt = {256, 512, 1024}, T = 30 |Lout

k | = K − 1, LAoD = 6

crease in receiving antennas and feedback quantization bits. In Figure 5.4, we capture

the impact of training symbols T in the T c
o , T d

o of SSOMP and WDiSOMP, respectively,

assuming devices of single, two and four antennas. We have set the resolution of the

AoDs dictionary (e.g., the number of atoms) equal to Gt = 512(≫ Nt = 128). The

communication overhead of the distributed solutions is independent of the receiving an-

tennas and thus kept at a constant level. Also, it is observed that the distributed solutions

prevail for Nr > 2. These parameters affect only the complexity of the centralized so-

lution, making the required communication cost prohibitive when the involved devices

have many antenna elements.

Moreover, in Table 5.3, the centralized and distributed solutions are assessed in

terms of the atoms Gt for various values of q. These outcomes show a subtle increase

in the overhead of SSOMP and a higher increase in the one of (W)DiSOMP. In Ta-

ble 5.4, the overhead of the distributed solutions is evaluated in terms of the sparsity

level, selecting proper LAoD compatible for mmWave systems [28], [27], [45] and set-

ting fixed values at the rest parameters. The same table presents the performance of

the centralized solution. Although the increase in the number of receiving antennas is

accompanied by an essential increase in T c
o , this isn’t verified with the Gt and LAoD

that are involved in the second term of (5.30).

From the above, we conclude that the distributed approaches, such as the one pre-

sented here, might be preferable in many cases encountered in practice (e.g., cases with
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Fig. 5.4 Transmission overhead in Kbits of SSOMP, (W)DiSOMP for K = 10, T =
[12 : 60], LAoD = 6, Nr = {1, 2, 4}, Gt = 512, q = 32 bits

LAoD 5 6 7 8 9 10
(W)DiSOMP 20.25 29.16 39.69 51.84 65.61 81.00

SSOMP
Nr = 2

38.85 38.94 39.03 39.12 39.21 39.30

SSOMP
Nr = 4

77.25 77.34 77.43 77.52 77.61 77.70

Table 5.4 Transmission overhead in Kbits of SSOMP, (W)DiSOMP for K = 10, T =
30, LAoD = [5 : 10], Nr = {2, 4}, Gt = 512, q = 32 bits

low sparsity and/or non-single antenna devices).

5.8.3 Impact of Support Set on Reconstruction Quality

The greedy approaches are based on the LS solution to estimate the complex values

corresponding to the estimated support set. Their accuracy may deteriorate if part of

the support set isn’t correctly identified. To evaluate the proposed CS-based channel

estimator and determine a lower error bound, we formulate the problem for the support

set reconstruction assuming an oracle estimator, which considers perfect knowledge of

the true AoDs.

First, we reform the measurements model assuming (5.8) to acquire the following

Ȳk = ΦaH̄
k
a + N̄k, (5.32)
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with H̄k
a = (ArH

k
a)

H ∈ CLAoD×Nr and Φa = XHAt ∈ CT×LAoD the measurement

matrix for the Least Squares (LS) problem. The problem in (5.32) is similar to the one

in (5.20) if we keep the LAoD known atoms (or, else, AoDs) involved in the channel, Dt

is reduced to At (response matrix structure). Each column of (5.32) is captured by ȳk,r

for r = 1, 2, . . . , Nr and is written as

ȳk,r = Φah̄
k,r
a + n̄k,r, (5.33)

with h̄k,r
a = H̄k

a(:, r) ∈ CLAoD×1, n̄k,r = N̄k(:, r) ∈ CT×1. Given (5.33), the oracle

LS approach estimates the LAoD entries of h̄k,r
a , requiring ΦH

a Φa be full rank, i.e.,

T ≥ LAoD and assuming that AoDs are exactly known, by

h̄k,r,o
a =

(
ΦH

a Φa

)−1
Φa

H ȳk,r (5.34)

Then, the oracle estimate of Hk, if in (5.19) we keep the LAoD rows of H̄v
k and Dt is

substituted by At, is given by

Ho
k =

(
H̄k,o

a

)H

AH
t (5.35)

with H̄k,o
a = [h̄k,o,1

a , h̄k,o,2
a , . . . , h̄k,o,Nr

a ].

An accurate recovery of the LAoD-row matrix H̄k
a is equivalent to simultaneously

recovering Nr vectors {h̄k,r
a }Nr

r=1. Considering the oracle estimator, which estimates the

channel gain under the assumption that At is known, the MSE can be written as

E
[
∥Hk −Ho

k∥
2
F

]
= E

 Nr∑
r=1

∥∥∥hk,r − ho
k,r

∥∥∥2

2


= E

 Nr∑
r=1

∥∥∥∥At

(
h̄k,r
a − h̄k,o,r

a

)∥∥∥∥2

2


=

Nr∑
r=1

E
[∥∥∥Ath̄

k,r
e

∥∥∥2

2

]
,

(5.36)

where h̄k,r
e

∆
=h̄k,r

a − h̄k,o,r
a . Then, keeping the equivalent form of channel estimation
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error in (5.36), the MSE can be lower bounded as

E
[∥∥∥Ath̄

k,r
e

∥∥∥2

2

]
≥ λmin

(
AH

t At

)
E
[∥∥∥h̄k,r

e

∥∥∥2

2

]
(5.37)

The inequality holds due to the Rayleigh-Ritz ratio [41].

Combining (5.33) with (5.34) and assuming that E
[
n̄k,rn̄

H
k,r

]
= σ2IT , h̄k,o,r

a =

h̄k,r
a −Qn̄k,r, the E

[∥∥h̄k,r
e

∥∥2

2

]
can be written as

E
[∥∥∥h̄k,r

e

∥∥∥2

2

]
=E

[∥∥Qn̄k,r

∥∥2

2

]
=E

[
Tr{Qn̄k,rn̄

H
k,rQ

H}
]

=Tr{QE
[
n̄k,rn̄

H
k,r

]
QH}

=σ2Tr{QQH}

(5.38)

with Q =
(
ΦH

a Φa

)−1
ΦH

a . Since QQH =
(
ΦH

a Φa

)−1, the Tr{QQH} is further pro-

cessed, exploiting the arithmetic and harmonic means [16] and trace properties, as fol-

lows

Tr{QQH} =

LAoD∑
l=1

λl

((
ΦH

a Φa

)−1
)

=LAoD

 1

LAoD

LAoD∑
l=1

λl

((
ΦH

a Φa

)−1
)

≥ (LAoD)
2∑LAoD

l=1 1/λl

(
(ΦH

a Φa)
−1
)

=
(LAoD)

2∑LAoD

l=1 λl (ΦH
a Φa)

=
(LAoD)

2

Tr{ΦH
a Φa}

(5.39)

From (5.36)-(5.39), we conclude that the MSE is lower-bounded as

E
[
∥Hk −Ho

k∥
2
F

]
≥ Nrλmin

(
AH

t At

) σ2L2
AoD

Tr{ΦH
a Φa}

. (5.40)

Assuming an orthonormal basis, and specifically the DFT matrix, to construct the
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AoDs dictionary At in Φa, it holds that AH
t At = ILAoD

and thus λmin

(
AH

t At

)
= 1,

simplifying (5.40) to

E
[
∥Hk −Ho

k∥
2
F

]
≥ Nr

σ2L2
AoD

Tr{ΦH
a Φa}

. (5.41)

Denominator Tr{ΦH
a Φa} is equivalently written as

∑LAoD

i=1 λi(Φ
H
a Φa). To attain

the lower bound, ΦH
a Φa should be a diagonal matrix with identical diagonal elements.

Previous condition holds if and only if the eigenvalues λi’s are equal. In particular, if

XXH = T I and exploiting AH
t At = ILAoD

, Tr{ΦH
a Φa} = LAoDT and therefore

E
[
∥Hk −Ho

k∥
2
F

]
≥ Nrσ

2LAoD

T
. (5.42)

The bound in (5.42) increases linearly with the sparsity level LAoD and the number of

receive antennas Nr, while it is inversely proportional to the number of pilots T .

The oracle LS exploits the exact support-AoDs information; thus, under the previous

conditions, its MSE will be the lower bound of WDiSOMP and every other estimator,

which ignores the true AoDs and identifies them through a learning process under noisy

conditions. Furthermore, when part of the estimated support set isn’t correct, there will

be a term in the error that captures the impact of the incorrect indices. This term is

expected to become powerful in high SNR conditions adding a systematic deviation

from the real support or channel and a respective floor. As part of erroneous indices is

shrunk, the floor will gradually disappear, and the estimators’ error will tend towards

the lower bound. Such an approach could lead to designing more effective weighting

methods than the ones elaborated here, suitable for multi-task joint sparsity to correct

the occurred error (e.g., due to quantization). Although this study is out of scope here,

it constitutes a challenging task which would deserve further investigation.

5.8.4 Impact of Dictionary Resolution

The aim of this subsection is to study the impact of the dictionary resolution, exploiting

its mutual coherence, which will help us determine an upper bound for the error of

the quantized channel matrix H in (5.11). The rationale behind the estimation of the

upper-bound is to quantify it based on the quality of Dt and Φ, which depends on

the number of grid points Gt and is measured by the mutual coherence. Assuming
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an overcomplete dictionary Dt to minimize the quantization error, the symbols matrix

should be properly designed to ensure the successful retrieval of the sparse channel

matrix ˆ̄H
v

k by the SOMP (locally).

For this purpose, we exploit (5.19) to write the error, in an equivalent form, as

follows

∥∥∥Ĥk −Hk

∥∥∥2

F
=

∥∥∥∥( ˆ̄H
v

k

)H

DH
t −

(
H̄v

k

)H
DH

t

∥∥∥∥2

F

=

∥∥∥∥(Dt
ˆ̄H

v

k

)H

−
(
DtH̄

v
k

)H∥∥∥∥2

F

=

∥∥∥∥Dt

(
ˆ̄H

v

k − H̄v
k

)∥∥∥∥2

F

=
∑Nr

r=1

∥∥∥∥Dt

(
ˆ̄h
v

k,r − h̄v
k,r

)∥∥∥∥2

2

, (5.43)

where H̄v
k =

[
h̄v
k,1, h̄

v
k,2, . . . , h̄

v
k,Nr

]
.

An upper bound for the quantized channel estimation error is derived assuming that

the supports of ˆ̄h
v

k,r and h̄v
k,r are similar. Hence, the channel estimation error in (5.43),

based on the Cauchy Schwarz inequality, satisfies

∥∥∥Ĥk −Hk

∥∥∥2

F
=

Nr∑
r=1

∥∥∥∥∥(Dt)Sk

((
ˆ̄h
v

k,r

)
Sk

−
(
h̄v
k,r

)
Sk

)∥∥∥∥∥
2

2

≤
Nr∑
r=1

∥∥∥(Dt)Sk

∥∥∥2

2

∥∥∥∥(ˆ̄hv

k,r

)
Sk

−
(
h̄v
k,r

)
Sk

∥∥∥∥2

2

.

(5.44)

First, we will focus to find an upper bound for the term
∥∥∥(Dt)Sk

∥∥∥2

2
. For this purpose,

we define GSk

∆
= (Dt)

H
Sk

(Dt)Sk
. Then, the squared spectral norm satisfies

∥∥∥(Dt)Sk

∥∥∥2

2
=

λmax(GSk
). Focusing on matrix GSk

, otherwise, it is written as
(
DH

t Dt

)
Sk

and given

that Dt =

[
at,1 . . . at,Gt

]
, at,i ∈ CNt×1 with exponential elements as in (5.9), is equal
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to

GSk
=


aH
t,1at,1 · · · aH

t,1at,Gt

... · · · ...

aH
t,Gt

at,1 · · · aH
t,Gt

at,Gt


Sk

=


1 · · · aH

t,1at,Gt

... · · · ...

aH
t,Gt

at,1 · · · 1


Sk

(5.45)

Based on (5.45), GSk
= I+ G̃Sk

where

G̃Sk
=


0 · · · aH

t,1at,Gt

... · · · ...

aH
t,Gt

at,1 · · · 0


Sk

. (5.46)

Exploiting the properties of the mutual coherence, µ
(
GSk

)
= µ

(
G̃Sk

)
, thus the

off-diagonal entries of G̃Sk
are upper-bounded by µ (Dt). From this observation, all the

off-diagonal entries of G̃Sk
can be replaced by the µ (Dt), constituting G̃′

Sk
. Then, the

Gershgorin circle theorem is utilized to find an upper-bound of the λmax

(
I+ G̃Sk

)
. In

particular, it holds that λmax(GSk
) ≤ λmax(I + G̃′

Sk
) ≤ 1 + (LAoD − 1)µ (Dt). From

this inequality, (5.44) is rewritten as

∥∥∥Ĥk −Hk

∥∥∥2

F
≤

Nr∑
r=1

µ̄ ·
∥∥∥ˆ̄hv

k,r − h̄v
k,r

∥∥∥2

2
, (5.47)

where µ̄ = 1+(LAoD−1)µ (Dt). In µ̄, the term (LAoD−1)µ (Dt) denotes the imposed

overhead in the sparse channel estimation error due to the discretization with resolution

Gt higher than the transmitter antennas Nt. It depends on the mutual coherence of the

dictionary Dt, which, in turn, depends on the selected resolution Gt. When Gt = Nt,

µ (Dt) = 0, and µ̄ = 1. However, for Gt ≫ Nt, µ (Dt) attains values close to 1,

making µ̄ and thus the upper bound of the channel error in (5.47) on the order of LAoD.

In (5.47), ∥ˆ̄h
v

k,r − h̄v
k,r∥22 represents the sparse channel vector estimation error of

the SMV problem in (5.21). The proposed algorithm (WDiSOMP) aims to estimate the
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MIMO channel by exploiting the commonalities in the support sets of the sparse channel

matrices of nearby devices. All devices execute SOMP locally (using the measurements

collected from all antenna elements), exchange the estimated support sets with their

neighbors’ and apply the weighted voting mechanism to estimate their support set. To

ensure support recovery, the amplitudes of all nonzero elements must be large enough

to overcome the noise. Hence, we define
∣∣∣h̄v

k,r,min

∣∣∣ = minm∈Sk

∣∣∣h̄v
k,r(m)

∣∣∣ to derive a

condition that the (S)OMP correctly identifies the support Sk. Suppose that the event

Br =
{

max
1≤m≤Gt

∣∣ΦH (m) n̄k,r

∣∣ < σ
√
(1 + β) logG2

t

}
(where constant β > 0) occurs

simultaneously for all antenna elements and thus
∣∣∣h̄v

k,r,min

∣∣∣ (1− (
2LAoD − 1

)
µ
(
Φ
))

≥

2
(
σ
√
(1 + β) logG2

t

)
holds. An upper-bound of this estimation error is derived by

considering the Lemma 3 for OMP performance guarantees in [11]. When the support

Sk is successfully recovered, our estimator operates as the oracle from which the cor-

responding complex gains are estimated as
(
h̄v,o
k,r

)
Sk

= Φ†
Sk
ȳk,r and its error is written

as ∥∥∥∥(h̄v,o
k,r

)
Sk

−
(
h̄v
k,r

)
Sk

∥∥∥∥2

2

=

=

∥∥∥∥Φ†
Sk
ΦSk

(
h̄v
k,r

)
Sk

−Φ†
Sk
n̄k,r −

(
h̄v
k,r

)
Sk

∥∥∥∥2

2

=
∥∥∥Φ†

Sk
n̄k,r

∥∥∥2

2

=

∥∥∥∥(ΦH
Sk
ΦSk

)−1

ΦH
Sk
n̄k,r

∥∥∥∥2

2

≤
∥∥∥∥(ΦH

Sk
ΦSk

)−1
∥∥∥∥2

2

∑
m∈Sk

(
ΦH (m) n̄k,r

)2

≤
LAoD

(
(1 + β)σ2 logG2

t

)(
1− (LAoD − 1)µ (Φ)

)2 , (5.48)

where the last inequality is derived by using the definition of Br and∥∥∥∥(ΦH
Sk
ΦSk

)−1
∥∥∥∥2

2

= 1

λmin

(
ΦH

Sk
ΦSk

) ≤ 1
(1−(LAoD−1)µ(Φ))2

by applying the Gershgorin

circle theorem to λmin

(
ΦH

Sk
ΦSk

)
. Combining (5.47) with (5.48), the upper bound is

as

∥∥∥Ĥk −Hk

∥∥∥2

F
≤
NrLAoD

(
1 + (LAoD − 1)µ (Dt)

)(
1− (LAoD − 1)µ (Φ)

)2
×
(
(1 + β)σ2 logG2

t

) (5.49)
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The upper bound of the squared error in (5.49) shows that the sparse channel re-

covery performance is affected by the mutual coherence of the measurement matrix Φ,

for which µ (Φ) < 1/(2LAoD − 1) should hold in order to ensure reliable estimation

of the support set in noisy conditions. The upper limit relates with the fact that some

of the LAoD involved AoDs in the channel matrix may occupy off-diagonal entries of

the Gram matrix G̃, with magnitudes, at most, equal to µ (Dt). Given an overcom-

plete dictionary, the training symbols matrix should be properly designed to reduce the

magnitudes of these off-diagonal entries.

Table 5.5 lists the right term in (5.49) (upper bound) of the instantaneous channel

error in terms of the mutual coherence µ(Φ) assuming an overcomplete DFT-based

dictionary and β = 0.5, Nt = 128, LAoD = 6. Assuming that the training pilots’

design achieves µ(Φ) = 0.05, the obtained upper bound is higher in low SNR regimes

and decreases linearly as the noise variance reduces (high SNR). Also, the upper bound

increased by 48%, when the Gt = 256 with µ (Dt) = 0.637 increased to Gt = 512

with µ (Dt) = 0.9. This bound is maintained at low levels as low as possible, and close

to zero is the µ(Φ). To attain µ(Φ) values close to zero, X should be appropriately

constructed, which is out of scope in this work. In our study, the symbols are designed

as random Gaussian variables, thus ensuring a “well-behaved” measurement matrix and

hence correct channel reconstruction with high probability.

Gt = 512, µ(Dt) = 0.900
µ(Φ) 0.1 0.05 0.0025 0.00125
σ2 = 0.01 49.42 21.97 12.67 12.51
σ2 = 0.001 4.94 2.19 1.26 1.25

Gt = 256, µ(Dt) = 0.637
µ(Φ) 0.1 0.05 0.0025 0.00125
σ2 = 0.01 33.40 14.85 8.56 8.46
σ2 = 0.001 3.34 1.48 0.86 0.85

Table 5.5 Right term in (5.49) of the instantaneous channel error

5.9 Simulations

5.9.1 Multi-Antenna devices: simulation on real data

In this section, the elaborated algorithm is evaluated for the problem of channel esti-

mation in a ULA mmWave massive MIMO system with fully-digital transmitters and
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AoD Type AoD Name device 1 device 2 device 3 device 4 device 5 device 6 device 7 device 8 device 9 device 10
Global AoD 1 144.34 144.34 144.34 144.34 144.34 144.34 144.34 144.34 144.34 144.34
Global AoD 2 128.68 128.68 128.68 128.68 128.68 128.68 128.68 128.68 128.68 128.68
Common AoD 3 112.02 112.02 112.02 112.02 112.02 112.02 93.58 93.58 93.58 93.58
Common AoD 4 91.79 91.79 91.79 91.79 91.79 91.79 73.66 73.66 73.66 73.66
Common AoD 5 64.05 64.05 64.05 64.05 64.05 53.57 53.57 53.57 53.57 53.57
Common AoD 6 55.77 55.77 55.77 55.77 55.77 28.95 28.95 28.95 28.955 28.95

Table 5.6 Multitask device grouping according to AoDs sparsity patterns for Lg =
2, Lc = 4

receivers by employing SOMP locally.

To be more specific, the proposed distributed scheme is evaluated under two dif-

ferent voting mechanisms in a multi-tasking scenario. Moreover, its behavior will be

compared to the individual SOMP (which is executed locally by each device), DiS-

OMP (which engages a simple majority voting mechanism) and the Structured SOMP

(SSOMP), which is executed in a centralized manner at the BS. The performance mea-

sure, namely, Normalized Mean Squared Error (NMSE), is defined as

NMSE =
1

M

M∑
m=1

∑K
k=1∥Hk − Ĥm

k ∥2F∑K
k=1∥Hk∥2F

(5.50)

where Hk, Ĥm
k are the correct and reconstructed channel vectors of device k at the m-

th channel realization. In the simulations, M = 50000 captures the number of Monte

Carlo iterations and v = 0.1 (which is utilized in the recursive equation of the adaptive

weighting step in (5.26), (5.28)).

In the following, the NMSE behavior of these methods will be assessed i) in terms

of the number of training symbols T = [12, 40] for a specific Signal-to-Noise-Ratio

(SNR) value, i.e., SNR = 20dB, and ii) for a fixed T = 30 in terms of SNR in the range

[0, 30].

We assume a network of K = 10 devices and a BS with Nr = 2 and Nt = 128

antenna elements, respectively. Following the relevant literature, e.g. [111], [95], a

DFT-based overcomplete, predefined dictionary Dt is assumed (due to the similarity of

the array response vectors with its columns) with resolution Gt = 512 atoms. Note that

the AoDs and AoAs were selected from [0, π], and the AoAs were randomly assigned.

We assume that there are Lg = 2 global interest AoDs that contribute to all devices’

channels and two different groups of Lc = 4 commonly shared AoDs (or channel paths)

that contribute to devices’ channels 1-5 and 7-10, respectively. Also, 1 out of 10 devices,
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Fig. 5.5 Average NMSE over all nodes for T = [12 : 2 : 40], SNR = 20 dB

and specifically device 6, partially shares its Lc = 4 AoDs with different subgroups.

Table 5.6 presents the AoDs values that were considered to create the devices’ channels

and the corresponding grouping. The elements of the training matrix X ∼ CN (0, 1
T
)

are i.i.d. random variables [111]. Each device has no prior knowledge of the sparsity

order apart from the total sparsity level (LAoD = 6), which is similar to all devices.

Figure 5.5 depicts the average NMSE over all involved devices. It is noticed that

WDiSOMP 1, which assumes voting on support set level, approaches the behavior of

local SOMP. However, WDiSOMP 2 achieves superior performance than SOMP, and

particularly DiSOMP, due to the employment of the voting method on the index level.

For the latter, the floor in the performance is attained for low values of T and remains

unchanged even when measurements T are high enough. This behavior is justified by

the unknown sparsity structure, which WiDSOMP 1, 2 can learn via the suggested vot-

ing mechanisms. Also, WDiSOMP, in either case, attains the performance of SSOMP

(the centralized solution), which, nonetheless, needs to know the number of global Lg

and common Lc indices in the sparsity pattern division, as in [111].

Figure 5.6 demonstrates the channel estimation performance at the two subgroups

and device 6, focusing on WDiSOMP 1, 2. It is reminded that these subgroups comprise

devices 1-5 and 7-10, respectively, whose support set is not partially shared and device

6, which shares 4 out of 6 indices in its support set with the devices from different sub-
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WDISOMP 1 user 6 WDISOMP2  user 6

Fig. 5.6 NMSE of devices 1-5, devices 7-10 and device 6 for T = [12 : 2 : 40],
SNR = 20 dB

groups. It is observed that the behavior of the algorithm follows, as expected, the one

observed in Figure 5.5, namely, follows the average NMSE. The performance of WDiS-

OMP2 in devices 1-5 enhanced slightly, while device 6, which captures the challenging

multi-tasking condition, has considerably benefited from the new weighting mechanism

that operates at the index level. The same holds for devices 7-10.

Now, we will focus on the second experiment of this study. In Figure 5.7, we show

the average performance of all methods in terms of SNR for T = 30. Then, in Figure

5.8, the performance of WDiSOMP1 and WDiSOMP2 for the devices 1-5, 7-10 and

6 is captured. Both in this case, it is verified that the behavior of the proposed algo-

rithm, under the per-index weighting method before voting, is superior to exploiting the

support set as a global entity (i.e., not per index).

In Figure 5.9, we isolate the average behavior of WDiSOMP and local SOMP in

terms of the noise level for T = {30, 60}. The theoretical lower error bound, presented

in Section 5.8, is also plotted to validate the performance of the proposed scheme for

the mmWave channel estimation. More specifically, the lower bound was derived based

on (5.40). For T = 30, WDiSOMP1 has a similar performance to SOMP with a per-

formance gap by WDiSOMP2 for high SNR. When the available measurements per

device were doubled (T = 60), the two versions of WDiSOMP presented compara-

ble behavior and, in high SNR, were better than SOMP (with a smaller gap in their

performances than previously). Also, in high SNR, the floor in the performance of
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Fig. 5.7 Average NMSE of all devices for SNR = [0 : 5 : 30]dB, T = 30

WDiSOMP relates to the reconstruction error imposed by the mistaken support indices

that the devices estimate (to find then the corresponding AoDs) compared to the oracle

LS estimator, which assumes prior knowledge of them to estimate the channel. This

experiment indicated that, in medium-to-high SNR, WDiSOMP benefited from the per

index weighting method when the number of measurements was not enough. In low

SNR, it was considerably reduced the distance between WDiSOMP1, WDiSOMP2 and

the lower bound. However, they didn’t approach the lower bound since the matrix X

isn’t properly designed, making the eigenvalues λis of ΦH
a Φa different, even if it still

holds that Tr{ΦH
a Φa} =

∑LAoD

i=1 λi(Φ
H
a Φa) = LAoD. As mentioned in Section VI.C,

the eigenvalues equality is a necessary condition to approach the lower bound, which in

our case isn’t satisfied.

From the above simulations, it is noted that WDiSOMP, with the use of either

weighting method, can efficiently exploit, under different conditions, the inherent com-

mon sparsity structures and its performance is not impacted when various related device

groupings coexist.

5.9.2 Single antenna devices: simulation on synthetic support sets

In this section, the performance of WDiOMP will be presented under three experiments.

K = 10 single antenna devices are considered along with a BS with N = 128 antennas.

An overcomplete, predefined dictionary Dt (using DFT) is employed with Gt = 200
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Fig. 5.8 Average NMSE of devices 1-5, 7-10 and device 6 for SNR = [0 : 5 : 30]dB,
T = 30

atoms, which define a corresponding grid for [−π, π], while ϕl ∈ [−π, π], and T ∈

[10, 40]. The elements of the training matrix X are i.i.d. random variables that follow

CN (0, 1
T
) (as in [111]). The L none-zero elements in wk are also i.i.d. random variables

following N (0, 1) (as in [103]). Each device has knowledge of only the total sparsity

level L (i.e., not the individual parameters Lg, Lc). Finally, it is assumed that all devices

are connected via a network and can share the positions of the non-zero elements in their

wk’s, namely, their support sets. Thus, Lin
k = Lout

k = V holds.

The Average Support set Cardinality Error (ASCE) is considered for the evaluation.

It takes values in the range [0, 1] and is defined as follows

ASCE = 1− 1

K

1

M

M∑
m=1

K∑
k=1

{
|Ŝm

k ∩ Sk|
|Sk|

}
. (5.51)

For the results, M = 1000 Monte Carlo simulations were performed.

In the following, the performance of WDiOMP (using v = 0.1 for the calculation

of the weights) will be compared with DiOMP (which employs a simple majority vot-

ing), the centralized algorithm SOMP [52] and the per device (locally) employed OMP

algorithm. Three scenarios will be presented and the ASCE of the various approaches

will be assessed versus the number of measurements T .

In the first experiment, depicted in Fig. 5.10 (left), ASCE is evaluated assuming
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Fig. 5.9 Average NMSE of all devices for SNR = [0 : 5 : 30], T = {30, 60}
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Fig. 5.10 (left) Lg = 5, Lc = 0, SNR = {10, 20}dB, (right) Different SNR conditions
per device. Lg = 5, Lc = 0.

that all devices share a global support set and considering two SNR values, namely, 10

and 20 dB. It is observed that both the DiOMP [90] and WDiOMP achieve a perfor-

mance close to the one achieved by SOMP, which, being the point of reference for this

experiment, was expected to demonstrate the best, though similar, performance. Addi-

tionally, the previous schemes perform considerably better than the per-device (locally)

employed OMP algorithm, resulting, for instance, in about 40% reduction in required

training measurements for achieving near zero ASCE, for SNR=20 dB. Moreover, for

SNR=10 dB, the reduction is even more pronounced as the OMP approach does not

reach a near zero ASCE for the T values considered. This experiment demonstrates

the benefit of the devices when they participate in a collaborative channel estimation
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procedure that exploits the adopted sparsity model, as opposed to the case in which

each device operates in isolation. Finally, it should be mentioned that although DiOMP,

WDiOMP and SOMP perform similarly, the first two do not utilize the BS during chan-

nel estimation.

In the second experiment, shown in Fig. 5.10(right), an “unbalanced” scenario is

examined in which, although the devices share only a global support set, they oper-

ate in different SNR levels, namely, SNR=20 dB and SNR=0 dB for 7 and 3 devices,

respectively. For the OMP case, in which the devices operate at isolation, apart from

the overall mean performance (depicted by the “OMP” curve), the performances when

focusing on the groups that face SNR=20 dB and SNR=0 dB, are also presented. It

is observed that the collaboration of the devices (either centrally via SOMP or in a

distributed fashion via DiOMP and WiOMP) improves considerably the estimation per-

formance over the case in which the devices operate individually (via OMP) and, in

particular, for devices facing both the better and (especially) the worse conditions. Fi-

nally, it is observed that WDiOMP is able to start from a lower ASCE which is attributed

at its capability of weighting the contribution of each device, a behaviour that will be

even more pronounced in the following experiment.

In the third experiment (see Fig. 5.11), another “unbalanced” scenario is examined.

In more detail, the devices are divided into two groups that share a global support set

(assuming Lg = 5), while the devices, of each group, share also a common support set

of size Lc = 3. Additionally, all devices face SNR = 20 dB. Let us recall that only the

total sparsity level (L = 8) is known (namely, Lg and Lc are considered unknown).

It is observed that WDiOMP perfoms similarly to the previous experiments and

considerably better than SOMP and DiOMP. For the latter, the floor in their performance

is a result of the unknown Lg and Lc. WDiOMP does not have this issue because

it is able to infer (in a wide sense) the sparsity structure via the employed weighting

voting mechanism. Also, it is noted that SOMP, here, is shown in order to assess the

performance of DiOMP and should not be considered as the centralized version of the

examined scenario. Furthermore, WDiOMP is better than OMP and requires about 40%

less measurements for achieving a near-zero ASCE (in the case of OMP no floor appears

as only L is relevant). Furthermore, it is mentioned that, although not shown here,

the weights calculated by a particular device that employs WDiOMP, tend to similar
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Fig. 5.11 Two groups of devices facing global and common support sets. Lg = 5,
Lc = 3), SNR = 20dB.

(and larger) values for devices in the same group while the weights are smaller for the

remaining devices, as hinted in Sec 5.7. As a final remark, it is noted that no NMSE

curves for estimating h in (5.15) are presented due to space limitations. However, the

conclusions are similar to the ones for ASCE. From the previous results, WDiOMP

demonstrates a robust performance for all considered experimental scenarios via the

proposed weighting voting mechanism.
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Conclusions and Future Works

In conclusion, channel estimation is a challenging task in millimeter wave MIMO sys-

tems and is necessary for efficient beamforming (data transmission). In the context of

this dissertation, in Chapter 4, the mmWave MIMO channel estimation is addressed

by combining a preprocessing scheme with power spectrum methods for DoA estima-

tion (MUSIC for ULA and H-MUISC for hybrid architectures), while in Chapter 5, is

tackled as a sparse recovery problem with the aid of CS.

More specifically, we investigated the recoverability of a ULA snapshot applica-

ble to sub- and fully-connected hybrid antenna arrays. The recommended scheme can

recover the full snapshot as if we had a conventional antenna array either for time-

varying or constant source signals. The phase shifters of the hybrid antenna array were

designed to maximize the STNR of the restored snapshot. Typical simulation results

have been presented for the AoA estimation problem, confirming the efficacy of the

proposed approach under the optimal solution. Also, an advantage of this scheme is

that, even if correlated source signals impinge on the antenna array, spatial smoothing

techniques for classical ULAs can be applied before estimating the desired angles. At

this point, it should be noted that, after the application of the preprocessing scheme,

any high-resolution power spectrum methods could be utilized to estimate the desired

AoAs, such as ESPRIT, apart from MUSIC.

Although the recoverability of the full snapshot was studied in hybrid antenna ar-

rays using ULAs [104], there are other architectures that could be studied as future

extensions of this work. Among different array geometries, fractal-wavelet modeling

theory [44, 32, 114, 34, 33, 35], widely used in antenna theory, and its application to

small antenna arrays and to the case of mmWave bands would be interesting. Addition-

ally, other antenna array configurations could be studied like co-prime configurations
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[115]. Finally, lens-antennas, as already have been applied in mmWave communication

systems, would be an interesting direction [13].

Moreover, in the second part of this study, the channel estimation problem is ad-

dressed by a distributed approach that exploits the joint sparsity among proximal de-

vices’ sparse channels to estimate the desired parameters collaboratively. Initially, a

fully distributed algorithm, WDiOMP, for the multi-device MISO downlink channel

estimation was developed that exploited a general sparsity support model for the in-

volved channel vectors. The improved performance of WDiOMP has been validated

under synthetic sparse channels (namely, support sets) in various scenarios, even when

the structure of the sparsity support is unknown. Then, the WDiOMP was extended

and generalized to efficiently operate for multi-antenna devices. The measurements

model allows the proposed solution to be directly applicable to scenarios with either

single-antenna devices, following a Single Measurement Vector method, e.g., OMP, or

multi-antenna devices, utilizing a Multiple Measurement Vector method, e.g., SOMP.

Hence, the downlink multi-device MIMO channel estimation is solved via a fully dis-

tributed method, WDi(S)OMP, that exploits the same generalized model for the sparsity

support of the involved MIMO channel matrices. The performance of WDiSOMP has

been evaluated under the two proposed adaptive weighting methods, which are involved

in the voting mechanism when the structure of the sparsity support is unknown and non-

uniform under a multi-tasking framework.

WDi(S)OMP remains well-performing even when non-uniform overlapping spar-

sity groups occur in the network. It is achieved by incorporating a new voting mech-

anism which estimates an individual weight per support set index, not a global one as

in our prior scheme [93], and further improves the channel estimation accuracy and

reduces training time by the BS. Also, the transmission overhead of the proposed al-

gorithm was investigated and compared to the corresponding cost of the centralized

solution. The outcomes revealed the efficacy of the method under specific configura-

tions of the involved parameters.

A promising future direction is to examine and broaden the proposed method in hy-

brid architectures [62], [51], since, in this work, fully-digital transmitters and receivers

are considered. Furthermore, another goal is to enhance the performance of the pro-

posed algorithm by focusing on the proper training matrix design. This analysis will
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help attain the performance bound of the oracle LS estimator and ensure reliable chan-

nel recovery under the overcomplete dictionary (as already mentioned in the perfor-

mance analysis). Another extension of the study could focus on alternative weighting

methods in the voting process (quantifying the part of the error related to the devia-

tion of the MSE from the lower bound) to optimize the mmWave channel estimation

performance (under such a complicated joint sparsity framework). Also, we aim to

investigate alternative methods, apart from (S)OMP, to solve the local problem in the

suggested distributed methods WDi(S)OMP.

The increasing demands of new generations (5G and 6G) of wireless networks

makes necessary the use of new cutting-edge technologies for their implementation. Ar-

tificial Intelligence and, especially, Machine Learning will play a key role by partially

replacing classical algorithms, in 5G, mainly at the physical layer, while in 6G, funda-

mentally [65]. Machine learning tools are finding interesting applications in mmWave

and massive MIMO systems. A future direction is to approach the mmWave channel

estimation by designing Machine Learning-based methods that can learn some priors

from the provided training dataset to provide high accuracy channel estimates with low

training overhead. The use of deep learning techniques will allow the efficient use of

mmWave systems even by users who move at high speeds due to the significantly better

performance compared to traditional approaches, especially for systems consisting of

large-scale antennas in the transmitter. Finally, a well-known challenging direction is

to reformulate the suggested fully distributed cooperative approach under a CS-based

federated learning framework to benefit from the advantages and capabilities (such as

privacy) that this technique provides, exploiting the recent research effort in this field.
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