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ABSTRACT

NONLINEAR SIGNAL PROCESSING FOR EFFICIENT PHYSICAL
LAYER DESIGN IN 5G BEYOND

Salman, Murat Babek
Ph.D., Department of Electrical and Electronics Engineering

Supervisor: Assist. Prof. Dr. Gökhan Muzaffer Güvensen

Co-Supervisor: Prof. Dr. Tolga Çiloğlu

July 2023, 164 pages

Nonlinear power amplifier (PA) distortion is a significant hardware impairment that

imposes limitations on communication systems, hindering their performance. This

thesis presents a comprehensive analysis framework for hardware impairments and

develops nonlinear signal processing techniques to mitigate the detrimental effects of

nonlinear distortion on communication system performance. The evaluation is based

on several criteria, including bit-error-rate (BER), achievable information rate (AIR),

and out-of-band radiation.

The thesis’s contribution can be divided into two independent parts. The first part

focuses on uplink communication, where the user terminal (UT) is equipped with a

nonlinear PA. For uplink communication, the investigation encompasses the effects

of frequency-selective communication channels and symbol-rate signal processing. A

critical phenomenon named as ’distortion amplification’, which significantly degrades

detection performance, is discovered. To overcome distortion amplification, the use

of a bank of nonlinear processing units for different fractional delays is proposed for

both single-input-single-output (SISO) and multiple-input-multiple-output (MIMO)
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systems, leading to substantial improvements in detection performance.

The second part of thesis examines downlink communication scenarios, where base

stations (BS) are equipped with nonlinear PAs. Firstly, a comprehensive analysis

of received distortion power is conducted to investigate the effects of multi-user di-

versity and frequency selectivity. Then, based on the obtained distortion power, a

power allocation scheme is proposed to enhance spectral efficiency for linear pre-

coders. Lastly, a low-complexity digital pre-distortion (DPD) design is developed for

two-stage hybrid beamforming systems with a fully connected analog beamforming

structure. The proposed DPD structure achieves sufficient linearization performance

with reduced complexity compared to state-of-the-art methods.

Keywords: Power amplifiers, Nonlinear Distortion, Post-distortion, Digital pre-distortion,

Distortion amplification, Distortion Analysis
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ÖZ

5G VE ÖTESİ SİSTEMLERDE FİZİKSEL KATMAN İÇİN ETKİN
DOĞRUSAL OLMAYAN SİNYAL İŞLEME

Salman, Murat Babek
Doktora, Elektrik ve Elektronik Mühendisliği Bölümü

Tez Yöneticisi: Dr. Öğr. Üyesi. Gökhan Muzaffer Güvensen

Ortak Tez Yöneticisi: Prof. Dr. Tolga Çiloğlu

Temmuz 2023 , 164 sayfa

Nonlineer güç amplifikatörü (PA) distorsiyonu, iletişim sistemlerinin yeterli perfor-

mansı elde etmesini önemli ölçüde sınırlayan önemli bir donanım bozulmasıdır. Bu

tez, donanım bozulmaları için kapsamlı bir analiz çerçevesi sunmakta ve iletişim sis-

temi performansını olumsuz yönde etkileyen nonlineer distorsiyonun etkilerini azalt-

mak için nonlineer sinyal işleme teknikleri geliştirmektedir. Değerlendirme, hata oranı

(BER), elde edilebilir bilgi oranı (AIR) ve bant dışı radyasyon gibi çeşitli kriterlere

dayanmaktadır.

Tezin katkısı iki bağımsız bölüme ayrılabilir. İlk bölüm, kullanıcı terminalinin (UT)

nonlineer PA ile donatıldığı yukarı bağlantı iletişimine odaklanmaktadır. Yukarı bağ-

lantı iletişimi için, frekans seçici iletişim kanallarının ve sembol örnekleme işlem

şemalarının etkileri incelenmektedir. Sembol tespit performansını önemli ölçüde bo-

zan ’distorsiyon amplifikasyonu’ olarak adlandırılan önemli bir olgu keşfedilmekte-

dir. Distorsiyon amplifikasyonunu aşmak için, tek girişli-tek çıkışlı (SISO) ve çoklu

girişli-çoklu çıkışlı (MIMO) sistemler için nonlineer işlem birimi bankasının kulla-
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nımı önerilmekte ve tespit performansında önemli iyileştirmeler sağlanmaktadır.

Tezin ikinci bölümü, baz istasyonlarının (BS) nonlineer PA’larla donatıldığı aşağı

bağlantı iletişimi senaryolarını incelemektedir. İlk olarak, çok kullanıcılı çeşitlilik ve

frekans seçiciliğinin etkilerini araştırmak için kapsamlı bir alındı distorsiyon gücü

analizi gerçekleştirilir. Ayrıca, elde edilen distorsiyon gücü ifadesine dayanarak bir

güç tahsis şeması önerilmektedir. Son olarak, tam bağlantılı analog hüzme oluşturma

yapısına sahip iki aşamalı hibrit MIMO sistemleri için düşük karmaşıklıkta bir sayısal

ön bozma (DPD) tasarımı geliştirilmiştir. Önerilen DPD yapısı, mevcut yöntemlere

göre daha düşük karmaşıklıkla yeterli doğrusallaştırma başarımı sağlamaktadır.

Anahtar Kelimeler: Güç yükselticiler, Doğrusal olmayan bozulma, sonradan bozma,

Sayısal ön bozma, Bozulma güçlendirme, Bozulma analizi
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CHAPTER 1

INTRODUCTION

1.1 Literature Review and Motivation

The advent of communication technologies has opened up new frontiers for commu-

nication systems, with the potential to revolutionize the way we interact with each

other and the world around us. Likewise, the emergence of new tools for human

interaction has led to an increase in the throughput demand placed on wireless net-

works [4]. Meeting the growing demand for higher throughput per user, as well as the

densi�cation of communication networks, presents signi�cant challenges in modern

communication systems. To satisfy the required data rates, communication system

design has evolved over time and continues to do so to meet future needs [5]. Early

communication systems were primarily based on wired telephone networks, which

transmitted voice signals [6]. The introduction of the �rst generation (1G) wireless

networks in the 1980s enabled cellular communication, which relied solely on analog

communication [7]. The subsequent evolution of wireless networks resulted in the

emergence of fully digital communication schemes in second generation (2G) net-

works [7]. The primary objective of both 1G and 2G cellular systems was to transmit

audio signals. However, the integration of the internet into everyday life rendered

these networks inadequate, prompting the introduction of third generation (3G) sys-

tems. 3G networks represented a signi�cant milestone in the evolution of commu-

nication systems by enabling wireless data transmission [7]. Achievable data rates

have been improved further by forth generation (4G) systems by exploiting spatial

diversity with the help of antenna arrays [8]. Currently, studies mainly focus on de-

veloping systems in the context of �fth-generation (5G) systems to fully bene�t from

smartphones and other devices connected to the internet [9].
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In order to provide suf�cient user experience, more sophisticated communication sys-

tem designs were developed for each successive generation of wireless networks,

achieving higher spectral ef�ciencies. For instance, multiple-input multiple-output

(MIMO) systems have emerged as the most intriguing communication technology

in recent times, attracting signi�cant attention from researchers and industry experts.

The growing interest in MIMO systems stems from their ability to enhance data rates,

increase spectral ef�ciency, improve link reliability, and mitigate the effects of mul-

tipath fading. Various studies have demonstrated the substantial performance gains

achieved through MIMO techniques in different wireless communication scenarios.

In [10] a comprehensive overview of MIMO systems, including their principles, ap-

plications, and performance metrics, is provided.

The advancements of new generations in the �eld of wireless communication have

brought about a host of fresh challenges. These include inter-cell interference, the

need to utilize higher frequencies, growing demand for energy ef�ciency, and hard-

ware imperfections [10–13]. Already, signi�cant studies have been carried out, and

countless complicated signal processing techniques have been developed to multiply

the achievable spectral ef�ciency by mitigating these issues [14]. Nevertheless, there

exist unresolved and even unidenti�ed problems that set limitations impeding the at-

tainment of optimal performance. One of the contributions of this thesis is to identify

a problem that is neither addressed nor observed in the current literature.

The desire to optimize spectral ef�ciency, energy ef�ciency, and cost ef�ciency at

once brings signi�cant restrictions on hardware quality. Consequently, hardware im-

pairments set some important obstacles in achieving the desired performance of com-

munication systems since low-cost components are preferred to reduce the overall

system cost while preserving the power ef�ciency [15]. Power ampli�ers (PAs) are

stated to be one of the key components due to their dynamic behavior across front-

end modules. PAs exhibit nonlinear characteristics, because of inherent heat dissi-

pation, near the saturation region, where they operate at maximum ef�ciency. This

also means that a greater portion of the input power is converted into useful output

power, resulting in reduced power consumption and longer battery life in portable

devices. The improved power ef�ciency is particularly valuable in wireless commu-

nication systems where power consumption is a critical concern. Therefore, either
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user equipment (UE) or base stations, which are equipped with low-cost nonlinear

PA, transmit nonlinearly distorted signals since low power ef�ciency brings a seri-

ous burden to portable wireless equipment [16]. Furthermore, the goal of achieving

high data rates with limited spectral resources makes higher-order quadrature ampli-

tude modulation (QAM) constellations attractive for future-generation wireless net-

works [17–19]. However, PA nonlinearities on the transmitted signal degrade the

received signal quality for single carrier (SC) transmission with higher modulation

orders or orthogonal frequency division multiplexing (OFDM) modulation, where a

high peak-to-average power ratio is a major issue.

Impacts of hardware impairments are even more evident for massive MIMO systems,

where the base station is equipped with many antennas. Massive MIMO systems have

attracted signi�cant attention in the current literature thanks to their promise of multi-

plying the spectral ef�ciency greatly [20]. Multi-user (MU) massive MIMO systems

enable to serve more than one user simultaneously by using spatial diversity so that

different users can share the same time/frequency resources [21]. Besides, the spatial

diversity of the users in�uences the radiation of the distortion signal, and spatial radi-

ation of the distortion was studied in [22,23]. These studies numerically demonstrate

that the nonlinear distortion tends to decorrelate as the number of users increases.

The majority of the current literature uses uncorrelated distortion assumption and an-

alyzes/designs massive MIMO systems without taking distortion correlation into ac-

count. However, recent studies and this thesis have shown that neither the distortion

correlation nor its effects can be ignored.

Hardware imperfections also have very dominant effects on full-duplex communi-

cation [24]. Full duplex systems aim to double the spectral ef�ciency by enabling

simultaneous transmission and reception at the same time and frequency resources.

However, strong self-interference (SI) poses a signi�cant challenge to achieving the

ultimate goal [25]. Furthermore, the SI signal is� 100dB stronger than the desired

signal-of-interest (SoI), which makes SI cancellation inevitable [26]. In addition, dis-

tortion due to PA nonlinearities leads to an additional challenge since the nonlinear

distortion signal is much stronger than the SoI. Therefore, accurate estimation of the

nonlinear distortion has vital importance [27]. Consequently, sophisticated signal

processing tools are needed to estimate and cancel the nonlinear distortion part of the
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SI signal.

Two major signal processing approaches are considered for mitigating nonlinear dis-

tortion due to PAs. The �rst approach aims to linearize the PA output signal. Among

the PA linearization methods, the digital pre-distortion (DPD) method has attracted

most of the attention in the research community due to its low complexity and re-

con�gurability compared to its analog counterparts [28–30]. DPD algorithms apply

a nonlinear pre-processing, and it nonlinearly modi�es the input signal such that the

joint effects of DPD unit and PA yields the desired linear signal. Implementation of

DPD not only mitigates the but also reduces the power leakage to adjacent channels,

which is also referred out-of-band (OOB) radiation due to spectral re-growth. Al-

though the DPD can linearize a single PA effectively, its implementation in massive

MIMO systems requires a different perspective since per-antenna DPD is costly for

fully digital beamforming systems and not practical for analog-digital hybrid beam-

forming structures.

However, the success of DPD algorithms is not always guaranteed, especially for

PAs operated in the saturation region, in which the nonlinear function is not invert-

ible. In addition, DPD methods may require the implementation of complex signal-

processing tools such as deep neural networks [29,30]. However, implementing such

complex methods can be cumbersome for the user equipment [16]. Consequently, the

second class of signal processing scheme, namely nonlinear post-distortion or non-

linear equalization, is developed to mitigate the effects of nonlinear distortion at the

receiver side to improve the data detection accuracy [31, 32]. The nonlinear post-

distortion framework treats PA characteristics as a nonlinear channel. By elevating

this viewpoint, nonlinear equalizers are proposed in the aforementioned studies.

1.2 Summary of Contributions

This thesis presents a comprehensive signal processing framework aimed at address-

ing the challenges posed by PA nonlinearities in communication systems. The study

encompasses a broad perspective, examining the effects of nonlinear distortion and

proposing effective mitigation strategies for uplink communication scenarios where
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non-ideal PAs are integrated into the user equipment (UE). Additionally, it investi-

gates the impact of non-ideal PAs deployed in the base station (BS) on downlink

communication.

One of the most important shortcomings of the current literature is the treatment

of nonlinear distortion in the downsampled signal domain for the SC modulation

scheme, which is employed in uplink communication. All the studies related to the

effects of PA nonlinearities on the performance of SC-modulated systems ignore the

implications of pulse shaping �lter and aliasing due to downsampling. However,

in Chapter 3, it is shown that PA ampli�er nonlinearity distorts the pulse shaping

�lter such that memory effects, namely nonlinear inter-symbol interference (ISI), are

observed at the received signal.

In Chapter 4, nonlinear post-distortion methods that take nonlinear ISI into account

is developed to mitigate the nonlinear distortion at the receiver side. The proposed

nonlinear post-distortion methods are employed in the detection of the nonlinearly

distorted symbols for uplink communication, where the communication channels ex-

hibit frequency selectivity. The previous studies either handle the linear communi-

cation channel and UE PA nonlinearity jointly or assume perfect decoupling of the

linear channel and PA non-linearity. By using perfect decoupling, they propose to use

zero-forcing or minimum mean square error (MMSE) �ltering to mitigate the effects

of the frequency selectivity. Chapter 4 contains the �rst work that shows the mutual

effects of the received distortion signal in down-sampled signal domain and the linear

channel. It is the �rst work that reveals a signi�cant phenomenon calleddistortion

ampli�cation , which is the result of the mismatch between the effective channels of

the desired and distortion signals in downsampled signal domain. In Chapter 4, the

effects of distortion ampli�cation are shown via numerical simulations for a single-

input single-output (SISO) system. In addition, a distortion-aware receiver structure

based onfractional sampling is developed to mitigate the effects of distortion am-

pli�cation by elevating the diversity in the temporal domain.

The complexity of the post-distortion based on the fractional-sampling framework in-

troduced in Chapter 4, requires complex nonlinear signal processing for each fraction.

However, it might be cumbersome for multi-user MIMO systems since complexity
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also increases signi�cantly with the number of users. In addition, the implementa-

tion of fractional sampling is not straightforward for reduced complexity operations.

In Chapter 5, we extend the post-distortion approach to a multi-user MIMO system

with a hybrid beamforming hardware structure. Then, we develop a sophisticated

distortion-aware receiver based on nonlinear distortion cancellation by using the non-

linear distortion estimation method introduced in Chapter 5. By using the distortion

cancellation approach, the required complexity is signi�cantly decreased. In addition,

in Chapter 5, an extensive signal-to-distortion-plus-noise (SDNR) analysis is carried

out, and the effects of the distortion ampli�cation are analytically investigated.

In addition to the investigation of PA nonlinearities on the user side, how the nonlin-

ear distortion is radiated from the multi-antenna base stations equipped with nonlinear

PAs is also considered in this thesis. Although it is known that nonlinear distortion

disperses in different directions in multi-user scenarios, the quantitative analysis of

the received distortion power has not been extensively explored in the literature. All

existing studies that derive closed-form SDNR expressions are based on the assump-

tion of uncorrelated distortion across the antenna array. However, in Chapter 6, the

validity of this assumption for massive MIMO systems has been investigated, reveal-

ing its limited applicability, particularly as the number of antennas increases. Further-

more, within the scope of Chapter 6, a method for �nding optimal power allocation

coef�cients considering distortion correlation across the antenna array has been de-

veloped.

Despite the reduction obtained through the spatial diversity techniques, the adverse

effects stemming from nonlinear distortion cannot be disregarded and necessitate ef-

fective mitigation strategies. Designing DPD for fully connected hybrid beamform-

ing systems poses signi�cant challenges. The inherent complexity of these systems,

which integrate both analog and digital components, exacerbates the dif�culty of DPD

design. The presence of multiple antennas and radio frequency (RF) chains in hybrid

beamforming architectures necessitates careful consideration of the nonlinear distor-

tion effects that arise from power ampli�ers. In such systems, accurately modeling

and compensating for nonlinearities becomes increasingly intricate due to the inter-

actions between the analog and digital domains. Moreover, the coupling between

the different RF chains introduces additional complexities in capturing and mitigat-
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Figure 1.1: Contributions of the thesis.

ing nonlinear distortions effectively. Consequently, the design of DPD algorithms

for fully connected hybrid beamforming systems demands sophisticated techniques

and careful optimization to achieve satisfactory performance. In Chapter 7, we pro-

pose a correlation-based reduced complexity DPD design for hybrid beamforming

systems. In the proposed method, the complexity is reduced by avoiding redundant

signal processing operations by eliminating DPD implementations in the correlated

antenna branches.

The organization of the thesis is summarized in Figure 1.1 and listed below:

In Chapter 2, preliminaries for PA ampli�er nonlinearities, which will be used through-

out the thesis, are introduced.

In Chapter 3, nonlinear ISI analysis is introduced, and employed post-distortion and

nonlinear modeling algorithms are introduced.

In Chapter 4, a receiver structure for single-carrier SISO uplink transmission with

frequency domain equalization (FDE) that is exposed to PA nonlinearities is pro-

posed, and several nonlinear distortion modeling techniques are proposed to mitigate

the nonlinear distortion [33], [34].
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In Chapter 5, the receiver structure proposed in Chapter 4 is extended to MIMO

channels, where a hybrid beamforming structure is employed [35].

In Chapter 6, downlink communication is considered for both single user [36] and

multi-user massive MIMO systems to examine the received distortion characteristics.

A closed-form SDNR expression is derived, and by using the derived expression, a

power allocation scheme is proposed.

In Chapter 7, a reduced complexity DPD method is proposed for fully-connected

hybrid massive MIMO systems.

Chapter 8, contains the conclusion that can be drawn from the thesis.
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CHAPTER 2

PRELIMINARIES ON POWER AMPLIFIER NONLINEARITIES

In this chapter, preliminary information on PA nonlinearities is presented. Firstly, var-

ious nonlinear PA modeling tools, namely the Saleh and generalized memory poly-

nomial models will be introduced. In addition, the effects of PA nonlinearities on the

output signal for both time and frequency domains will be demonstrated. Further-

more, essential metrics to evaluate the impact of PA nonlinearities will be introduced.

2.1 Power ampli�er characterization

In order to investigate the effects of PA nonlinearities, one should have either valid

nonlinear PA models or a hardware setup with a PA to obtain meaningful observation.

Hence, we use both options in this thesis to provide comprehensive numerical and

empirical results.

2.1.1 Saleh Model

The Saleh model [37] is one of the widely employed models in the literature, repre-

senting both amplitude-amplitude (AM-AM) and amplitude-phase (PM-AM) distor-

tions. For the input signal at timen xn , the amplitude and the phase of the PA output

signal, namelyjyn j and� y
n , respectively, can be expressed as

jyn j =
g0jxn j

1 + ( jxn j=Ao)
2 ; (2.1)

� y
n =

� jxn j2

1 + � jxn j2
; (2.2)
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Figure 2.1: Input/output relation for Saleh Model PA and the linear PA.

whereg0 is the gain of the PA,Ao determines the saturation point of the PA,� and�

are the parameters related to the phase distortion. Then the overall PA output signal

can be expressed as

yn = jyn jej� x
n ej� y

n (2.3)

where� x
n is the phase of the input signal. In addition, from (2.1) and (2.2), it can be

observed that the PA output only depends on the current input signal, which means

that the Saleh model does not re�ect the memory effects. In order to investigate the

nonlinearity effects, the input-output relationship of the Saleh model is studied as

demonstrated in Figure 2.1. As seen from Figure 2.1, the PA output signal tends to

saturate as the amplitude of the input signal increases; consequently, the output of

the PA cannot be expressed by a linear function of the input signal. Therefore, one

should include additional nonlinear terms to the linear signal term to re�ect such kind

of saturation behavior.

In addition to the distortion in the time domain, nonlinearity causes unwanted signal

radiation on the adjacent band channel, which is called out-of-band (OOB) radiation.

The OOB radiation can be observed by investigating the power spectral density, which
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Figure 2.2: PSD for both linear signal and nonlinearly distorted signal.

is shown in Figure 2.2. It should be noted that for Figure 2.2, the input signal is

generated as an OFDM waveform with upsampling factor4. As can be observed

from the �gure, the linear OFDM signal does not have nonzero PSD for normalized

frequencies� 0:5� 0:5; on the other hand, nonlinear distorted OFDM signal covers

a broader range of frequency band due to spectral regrowth, and it is called as out-

of-band radiation. OOB radiation is an undesired signal property of a nonlinearly

distorted signal since it degrades the quality of the received signal for other users,

which are being served at the adjacent band.

2.1.2 Generalized Memory Polynomial Model

Although the Saleh model provides insights into the nonlinear characteristics of PAs,

it cannot capture the hardware's inherent memory effects. Hence, in order to have a

comprehensive investigation, in this thesis, a more general model, which is widely

employed in the literature, called the "Generalized Memory Polynomial (GMP)"

model, is also considered. The nonlinear function that represents PA can be expressed
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Figure 2.3: Hardware setup used to obtain GMP coef�cients [2].

as

yn =
K PA � 1X

k=0

L PA � 1X

l=0

WPA � 1X

w= � WPA +1

! k;l;w xn� l jxn� l+ w jk ; (2.4)

where! k;l;w 's are the model coef�cients,K PA represents the nonlinearity order, and

LPA andWPA represent the memory effects. It should be noted that if one selects

WPA = 1, then the resultant expression becomes the standard "Memory Polynomial

(MP)" model. Throughout the thesis, both GMP and MP models are used to model

PA nonlinearity. For this purpose, we employed both coef�cients supplied by the

previous studies or extracted from a real hardware setup. For instance, in Chapter 4,

we employed MP coef�cients provided in [1]. To extract the GMP coef�cients from

the physical hardware, we employ the experimental test setup presented in [2], as

depicted in Figure 2.3.

The block diagram of the hardware setup can be seen in 2.4, where it can be seen

that measurements are captured from a GaN PA. In order to extract the GMP coef�-

cients, the training sequence of lengthN tr is formed using MATLAB software. The

generated training sequence can be expressed as

x tr =
�
x tr

0 ; xtr
1 ; : : : ; xtr

N tr

�
: (2.5)

Then the sequencex tr is sent to the system shown in Figure 2.4, and passed through
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Figure 2.4: Block diagram of the hardware setup used to obtain GMP coef�cients [2].

the PA, which can be represented by an arbitrary nonlinear function (�), where each

element of PA output can be represented byytr
n =  (f x tr

n g). Then the PA output

sequence

y tr =
�
ytr

0 ; ytr
1 ; : : : ; ytr

N tr

�
; (2.6)

is captured by the receiver chain. Then GMP model coef�cients can be obtained by

using the least squares (LS) method as described in [38]

! =
�
X H

tr X tr
� � 1

X H
tr y tr (2.7)

whereX tr 2 CJ � N tr is the data matrix for the training sequence whose elements are

constructed by using the basis functions in (2.4) asxn� l jxn� l+ w jk , ! is the vector

containing weight coef�cients! k;l;w , J is the number of coef�cients, andN tr is the

length of the training sequence.

In order to investigate the nonlinearity characteristics of the real PA provided in [2], in

Figure 2.5, input-output amplitude characteristics are demonstrated. Unlike the input-

output relationship in Figure 2.1, which has one-to-one mapping, the output of the

PA in [2] can have different values for the same input amplitude. The memory effects

account for this behavior since, depending on the neighboring samples, the PA output

can have different values. Therefore, it is important to consider the memory effects

while handling the PA nonlinearities, and GMP representation can successfully cover

memory effects.
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Figure 2.5: Input/output relation for PA in [2] and the linear PA.

2.2 System Parameters Related to Hardware Nonlinearities

2.2.1 Power backoff

Power backoff is an important system parameter that determines the operating region

of PAs. In some practical systems, in order to avoid nonlinear distortion, the output

power of the ampli�er is reduced. The power reduction in the output power is called

output backoff(OBO); however, increasing OBO is not desired since it reduces the

ef�ciency of the power ampli�er. Mathematically, OBO is de�ned as

OBO ,
Pmax

Pav
; (2.8)

wherePmax andPav are the maximum output power that PA can supply, and average

transmit power at the current operating point, respectively.

2.2.2 Adjacent Band Channel Leakage Ratio (ACLR)

Adjacent Band Channel Leakage Ratio (ACLR) is one of the most important metrics

that measures how much power is transmitted at the adjacent band, which can also be
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considered as the leakage power to the neigbouring channel. ACLR is de�ned by the

ratio between the leakage power and the in-band power as [39]

ACLR =
max

nR� B=2
� 3B=2 Sy(f )dy;

R3B=2
B=2 Sy(f )dy

o

RB=2
� B=2 Sy(f )dy

(2.9)

The maximum allowable ACLR is determined by the standards as� � 44dB [13]. In

addition, ACLR can also be considered to be an quantitative indicator of the signi�-

cance of the OOB radiation since it involves the effects of the OOB power over the

whole adjacent band.
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CHAPTER 3

EQUIVALENT NONLINEAR ISI CHANNEL ANALYSIS

In this section, the nonlinear inter-symbol-interference channel for single-carrier (SC)

modulated signals, which occurs as a result of the downsampling of the received

nonlinearly distorted signal due to violation of the Nyquist-1 criterion, is investigated.

3.1 Signal Model

The objective of this section is to analyze the effects of downsampling on the non-

linearly distorted received signal; therefore, a simple line-of-sight transmission is

investigated for the equivalent nonlinear ISI channel analysis. Firstly data symbols

ak from a QAM alphabet are generated, and a pulse shaping �lter is applied to those

symbols as

xn =
k= 1X

k= �1

akpn� �k ; (3.1)

wherexn is the desired transmitted signal,n is the discrete time index,� is the up-

sampling factor, andpn is the pulse shaping �lter, which is selected to satisfy Nyquit-

1 criterion to avoid linear ISI. In order to transmit signalxn , it is up-converted to

the carrier frequency, which is then passed through the nonlinear PA represented as

~xn =  (xn ). It should be noted that here perfect hardware besides non-ideal PA is

assumed. For the sake of generality, neither of the models presented in Chapter 2 is

considered, an arbitrary nonlinear function (�) is investigated. In the next section,

the nonlinear ISI channel as a result of the downsampling operation is studied.
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3.2 Discrete-Time Equivalent Model for Nonlinear ISI Channel

In order to gain insight into the characteristics of nonlinear distortion, the distortion

term in the received signal is analyzed. For analytical convenience, we considered a

memoryless nonlinear model, expressed by arbitrary nonlinear basis functions, q(�),

whereq is the nonlinearity order. Then, we can express the transmitted signal after

nonlinear ampli�cation as

~xn =
Q� 1X

q=0

$ q q

 
N � 1X

k=0

akpn� �k

!

; (3.2)

wheref $ qg are the model coef�cients, 0(x) = x corresponds to linear term, andN

is the length of the data sequence. After matched �ltering (MF), the received signal

can be written as

yn = $ 0

N � 1X

k=0

ak p̂n� �k +
1X

l= �1

Q� 1X

q=1

$ q q

 
N � 1X

k=0

akpl � �k

!

p�
n� l ; (3.3)

wherep̂ = pn ~ p�
� n is ideal Nyquist-1 raised cosine impulse response. After sam-

pling, n = �m , received signal at symbol rate becomes

ym = $ 0am +
Q� 1X

q=1

1X

l= �1

$ q q

 
N � 1X

k=0

akpl � �k

!

p�
�m � l : (3.4)

From (3.4), it can be observed that the term in q(�) is a unique function for a speci�c

sequence,f ang. Consequently,
P 1

l= �1  q

� P N � 1
k=0 akpl � �k

�
p�

�m � l can be expressed

by a nonlinear mapping which depends on symbol indexm and symbol sequence

f ang. Therefore, (3.4) can also be represented by employing a basis change as

ym = $ 0am +
Q� 1X

q=1

$ q (f an g;m)
q

 
1X

l= �1

N � 1X

k=0

akpl � �k (~p(q)
�m � l )

�

!

; (3.5)

where (f an g;m)
q (�) represents the unique mapping, which depends on the sequence

f ang and sampling instantm. ~p(q)
l is the equivalent matched �lter impulse response

distorted by the nonlinearity, q(�), which is also de�ned by another sequence de-

pendent nonlinear mapping1. By changing the summation order in nonlinearity, the

expression is further simpli�ed to
1 In this work, we are not interested in �nding the mapping, but existence of such mapping is suf�cient for

rest of the analysis.
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ym = $ 0am +
Q� 1X

q=1

$ q (f an g;m)
q

 
N � 1X

k=0

ak �p(q)
m� k

!

: (3.6)

If the impulse response,�p(q)
m = pl ~ (~p(q)

� l )
� j l= �m , in (3.6) were ideal raised cosine

then  (f an g;m)
q (�) would depend only on the single symbolam ,  (f an g;m)

q =  (am )
q .

However, due to nonlinear distortion, there is a mismatch in matched �ltering, which

creates ISI over sequence. Nevertheless, it can be observed that�pl is a decaying

function, hence, it is assumed that nonlinearity depends on the sequence of a reduced

dimension,am = [ am� L q+1 ; :::; am ; :::; am+ L q � 1]T . Consequently, received signal at

symbol rate is expressed as

ym = $ 0am +
Q� 1X

q=1

$ q (am )
q

0

@
L q � 1X

k= � L q+1

am� k �p(q)
k

1

A : (3.7)

It can be inferred from (3.7) that even for systems subjected the memoryless nonlin-

earity, distortion signal is a nonlinear function of transmitted sequence. Therefore,

sequence detection should be performed in order to decode the signal [40]. Con-

sequently, by limiting the memory of the sequence, ef�cient algorithms can be em-

ployed to detect the transmitted sequence. In the literature, several methods employ-

ing memoryless detection schemes were proposed [41, 42], which can be considered

as the special cases of (3.7), wheream = am ,

ym = $ 0am +
Q� 1X

q=1

$ q (am )
q

�
�p(q)

0 am

�
: (3.8)

Eventually, received signal becomes a symbol dependent function and it can be rep-

resented by a symbol dependent coef�cient,$ (am ) as,ym = $ (am )am , where

$ (am ) = $ 0 +

 
Q� 1X

q=1

$ q (am )
q

�
�p(q)

0 am

�
!

1
am

: (3.9)

The complexity of the optimal detector for (3.7) is tremendous; hence, instead of

directly implementing the optimal detector, a nonlinear predictor will be designed

to estimateam . This is more suitable, especially for the presence of the dispersive

channel, which increases the computational complexity even further.
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CHAPTER 4

AN EFFICIENT QAM DETECTOR VIA NONLINEAR POST-DISTORTION

BASED ON FDE BANK UNDER PA IMPAIRMENTS

4.1 Introduction

In this chapter, we propose a receiver structure with frequency domain equalization

(FDE) for single-carrier uplink transmission that is exposed to PA nonlinearities. A

two-stage approach is adopted, in which linear communication channel is equalized

at the �rst stage, and it is followed by post-distortion, where nonlinear distortion

is reduced. In the literature, nonlinear processing techniques are proposed, which

perform memoryless compensation of nonlinear distortion together with FDE. How-

ever, in Chapter 3, we show that even if memoryless nonlinearity exists, the received

signal is impaired by nonlinear inter-symbol interference. Therefore, we propose a

class of symbol rate post-distortion techniques, which use neighboring received sym-

bols to suppress the nonlinear interference. Three different post-distortion methods,

Gaussian process regression (GPR), neural network (NN) and Volterra series (VS)

based post-distorters, are considered. Also, a combiner, which intelligently combines

the outputs of fractional delayed bank of FDEs after post-distortion, is proposed to

overcome performance degradation of FDE for frequency selective channels under

nonlinear distortion. Performances of the proposed techniques are compared with

state-of-the-art approaches in terms of bit error rate (BER) and achievable informa-

tion rate (AIR) metrics. Simulation results demonstrate that post-distortion methods

together with bank of FDE outperform state-of-the-art techniques.
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4.2 Related Literature

In the literature, there are many methods proposed for the linearization of PAs at the

transmitter. Digital predistortion (DPD), which aims to linearize the transmitted sig-

nal subjected to nonlinear distortion, is the most popular technique among others [29,

30,38]. DPD is a suitable solution for downlink transmission since base stations (BS)

have quite suf�cient computational power to implement complex DPD algorithms.

However, implementing DPD at UEs is quite costly; thus, techniques avoiding the

utilization of DPD are more suitable for uplink transmission [16,43]. Post-distortion

techniques, which operate on nonlinearly distorted received signals, are developed

in order to implement complex compensation algorithms at BS [31, 32, 40, 44, 45].

In [32] and [40], VS based post-distorters are employed as a nonlinear equalizer to

detect the transmitted symbols. Besides, in [31], GPR is also adopted as nonlinear

equalizer for nonlinear channels to improve the detection performance. However,

nonlinear equalizers proposed in [31, 32, 40, 45], treat the nonlinearity together with

the wireless channel, which increases parameter optimization complexity. In addi-

tion, decision region optimization-based detectors [41, 42] are recently proposed to

decode nonlinearly distorted symbols. These techniques exploit constellation-point-

dependent distortion, where nonlinear distortion becomes more distinctive as symbol

power increases.

Recently, methods that decouple linear and nonlinear channels are proposed in or-

der to reduce computational complexity [44, 46]. These studies consider the system

as a memoryless nonlinearity followed by linear wireless channel. By exploiting

Hammerstein channel assumption, �rst, linear wireless channel is equalized by using

hybrid decision feedback FDE (HDFDE) then the equalized signal is processed by

the memoryless post-distorter, which is the estimated inverse of the memoryless non-

linearity. Complex valued B-spline neural network is utilized in order to extract the

inverse nonlinear model [44,46,47]. However, pulse shaping, which creates inherent

nonlinear memory, is not considered in these studies. The signi�cance of the memory

due to pulse shaping is shown numerically in [41, 42] for memoryless PAs. These

studies demonstrate that nonlinear ISI yields I/Q correlated distortion and developed

modi�ed decision metrics (MM) that outperform conventional detectors by taking
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the distortion term into account. However, these detectors do not consider memory

in detection, yet they only consider nonlinear ISI as additional distortion. In addi-

tion, the effects of nonlinear distortion on the FDE performance are not considered in

these studies since the signal model is formed in the symbol-sampled domain, where

perfect decoupling of linear and nonlinear systems is possible.

In [48], an iterative block decision feedback equalizer (IB-DFE), calledrobust re-

ceiver, is proposed. It considers nonlinearity as the source of an additional noise

component. In this study, the feedforward equalization matrix is modi�ed by taking

the distortion power into account. Due to the lack of nonlinear receiver process-

ing, the performance of this method is expected to be limited especially for higher-

order constellations. In [49], an iterative approach is proposed for multiple-input and

multiple-output (MIMO) SC-FDE systems employing quadrature phase shift keying

(QPSK) modulation. This approach estimates the nonlinear distortion via an ampli-

�er model by using the tentative decisions at each iteration and cancels the distortion

in the frequency domain in order to improve the performance of therobust receiver.

This study also considers a symbol-sampled channel domain, where both the desired

and the distortion signals are exposed to the same effective channel in the frequency

domain; hence, the effects of sampling are not considered. Also, the performance of

the proposed algorithm depends on the tentative decisions at the �rst iteration since

the algorithm converges in a few iterations. However, for higher-order modulations,

tentative decisions can be erroneous, which may degrade the overall performance.

Therefore, a nonlinear compensation, before calculating the tentative decisions, may

improve the performance of the iterative approach.

In addition to state-of-the-art decision metrics, [41] and [42] develop a framework to

evaluate the performance of a system impaired by transceiver non-idealities. Capacity

expression based on generalized mutual information (GMI) metric [50] is adopted to

obtain mismatched decoding capacity [51, 52]. In this thesis, mismatched decoding

capacity is utilized in order to �nd a lower bound on AIR.

In this chapter, a receiver structure for uplink transmission is proposed, and extensive

analysis is carried out for the received signals impaired by transceiver nonlinearities.

Two-stage equalization is considered, where the �rst stage equalizes the linear chan-
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nel, and the second stage compensates for the nonlinear distortion.

4.2.1 Contributions

In this chapter, a receiver structure for uplink transmission is proposed, and extensive

analysis is carried out for the received signals impaired by transceiver nonlinearities.

Two-stage equalization is considered, where the �rst stage equalizes the linear chan-

nel, and the second stage compensates for the nonlinear distortion. Main contributions

can be summarized as follows:

� Firstly, a nonlinear distortion analysis is conducted to investigate the effects of

frequency-selective channels on the received nonlinear distortion signal. The

analysis reveals that the effective channels of the desired signal and the distor-

tion terms are different, and conventional feedforward FDE causesdistortion

ampli�cation. To the authors' knowledge, this phenomenon is not discussed in

the literature.

� It is observed that the performance of the receiver, operating at the symbol rate,

is signi�cantly affected by the sampling instant due to the difference between

the channels of desired and distortion signals. A receiver structure, which uti-

lizes fractionally spaced samples, is proposed to improve the performance by

exploiting channel diversity. In this structure, soft symbol estimates, produced

by nonlinear post-distortion �lters at each fraction, are combined to detect the

transmitted symbols by taking the distortion for each effective channel into ac-

count.

� An equivalent nonlinear ISI channel model analysis is carried out, which shows

that even for memoryless nonlinearity, the received signal suffers from non-

linear distortion depending on the neighboring symbols due to pulse shaping.

Performance improvement is achieved compared to state-of-the-art techniques

[41, 42, 44] by including memory with cross-terms in the nonlinear process-

ing as presented in ISI channel analysis, even for the presence of memoryless

nonlinearity.
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� Three nonlinear post-distortion techniques, based on NN, GPR and VS struc-

tures following the linear FDE, are proposed. These methods are independent

of instantaneous channel state information (CSI). In addition, the best linear

unbiased estimator (BLUE) [53] is adopted to further decrease the complexity

of GPR hyper-parameter optimization.

4.3 System Model

4.3.1 SC-FDE Based Transmitter Model

A conventional SC-FDE-based transmission scheme shown in Figure 4.1 is consid-

ered. At each data block,ND number ofP-QAM symbols,[a0; a1; :::; aND � 1]TND � 1

with unit energy,Efj ak j2g = 1, are transmitted. A cyclic pre�x (CP) and cyclic suf-

�x (CS) are added to prevent inter-block interference and create a circulant channel

matrix. Then, the symbol vector for the transmitted block becomes

a = [ aND � NCP ; : : : ; aND � 1; a0; a1; : : : ; aND � 1; a0; : : : ; aNCS � 1]T ; (4.1)

QAM
Modulator

pn hn

�
MF
p�

� n
DFT FDE

CSI
acquisition

IDFT NL Post-
Distorter

NL param.
Learning

Symbol
Detector.

PA
bn an xn ~xn ~xn

� n

n�

yn zn ~an ân

ĥn

Figure 4.1: Transciever structure for SC-FDE transmission system.

whereNCP andNCS are the lengths of CP and CS respectively. In discrete time,

signal to be transmitted can be expressed as

xn =
N � 1X

k=0

akpn� �k ; (4.2)
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wherepn is the upsampled pulse shaping �lter response with upsampling factor� and

N = ND + NCP + NCS . Then, the transmitted signal,xn = jxn jej� i;n , is fed to

PA, which nonlinearly distorts the signal. In this study, Saleh model [37], which is

commonly employed in simulations, and a realistic PA model [1], which is extracted

from an actual hardware are considered. For Saleh model, output of the nonlinear PA,

~xn = j~xn jej� i;n ej� n , can be expressed as

j~xn j =
g0jxn j

1 + ( jxn j=Asat )2
; � n =

� jxn j2

1 + � jxn j2
; (4.3)

whereg0, Asat , � and� are the model parameters. In addition to Saleh model, we

considered a model that is extracted based on the measurements on the GaN power

ampli�er [1]. This model is based on memory polynomial [38] and the output of the

PA is represented as

~xn =
K b� 1X

k=0

Pb� 1X

l= � Pb+1

Pc � 1X

m= � Pc+1

ck;l;m xn� l jxn� l � m j2k ; (4.4)

whereck;l;m 's are the model coef�cients. In general, PA output can be represented

by a generic nonlinear function as~xn = 	( f xng). Details of PA models will be pre-

sented in Section 4.8. Then, the discrete-time baseband received signal after matched

�ltering (MF) becomes

yn =

 
L � 1X

l=0

hl ~xn� l + � n

!

~ p�
� n ; (4.5)

wherehl 's l = 0; 1; :::; L � 1 are complex channel coef�cients,~ denotes convolu-

tion sum, and� n is zero-mean complex additive white Gaussian noise (AWGN) with

varianceEfj � n j2g = N0.

ST
Training

FT
Training CP Data Stream CS

FT
Training CP Data Stream CS

NS NF ND

Figure 4.2: Frame structure for the transmition scheme.
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4.3.2 Frame Structure

The frame structure, which is employed in this study, is shown in Figure 4.2. At the

beginning of the transmission, a training sequence is sent to perform parameter learn-

ing for the nonlinear post-distortion. In the proposed system, nonlinearly distorted

transmitted signals are captured by the observation chain of UE and sent to BS, and

nonlinear parameter learning (NPL) is performed under no channel impairments with

high signal-to-noise ratio (SNR)1. Since PA characteristics show a slow change com-

pared to wireless channel, NPL, which can be referred as slow time (ST) training, is

not performed very often. Thus, NPL does not bring any overhead to the system. ST

sequence of length,NS, is only transmitted when the nonlinear characteristics of the

PA are changed. After NPL stage, data transmission starts. A block fading system is

assumed and the CSI is not available. Since channel estimation is beyond the scope

of this study, a suf�ciently long training sequence havingNF symbols is transmitted

at the beginning of each data block. Least squares (LS) method is employed to obtain

CSI in fast time (FT) training stage.

4.4 Distortion Analysis and Pre-processing : Bank of FDE

In this section, an analysis on the effects of nonlinear distortion on FDE performance

under frequency selective channels is presented. Also, based on this analysis, a re-

ceiver is proposed to decrease the effects of nonlinear distortion by exploiting channel

diversity.

4.4.1 Distortion Analysis for Frequency Selective Channels

To analyze the effects of frequency selective channels on a nonlinearly distorted sig-

nal, signal under consideration should be decomposed into linear and nonlinear parts

so that each term can be analyzed individually. Decomposition can be performed by

1 Alternatively, NPL can be performed at the BS after CSI acquisition and equalization stages under channel
impairments and at relatively low received SNR levels by repeating the same ST training sequence in order to
increase effective SNR for NPL.
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using Bussgang decomposition as

~xn = � xxn + 
 n ; � x =
E[x �

n ~xn ]
E[x �

nxn ]
; (4.6)

wherexn and ~xn are de�ned in (4.2) and (4.3), respectively. Bussgang coef�cient,

� x , can be found by Wiener �ltering given in (4.6) and
 n is the remaining distortion

term. Received signal after matched �ltering can be expressed in frequency domain,

Y(ej! ), as

Y(ej! ) = � xX (ej! )H (ej! )P � (ej! ) + �( ej! )H (ej! )P � (ej! ); (4.7)

whereX (ej! ) =
P ND � 1

m=0 amP(ej! )e� jm!� is the desired signal spectrum, which is

equivalent toX (ej! ) = P(ej! )A(ej�! ) andA(ej! ) =
P ND � 1

m=0 ame� jm! . In (4.7),

H (ej! ) =
P L � 1

k=0 hke� jk! andP(ej! ) =
P 1

m= �1 pme� jm! are Fourier transforms of

hn andpn . Fourier transform of the distortion,�( ej! ) ,
P �N D � 1

n=0 
 ne� jn! , is related

to power spectral density (PSD) of the distortion term as

S� (ej! ) = lim
ND !1

E
�

1
�N D

j�( ej! )j2
�

(4.8)

which is given in [54] as

S� (ej! ) =
1X

s=1

p� ;s SX (e� j! ) ~ ::: ~ SX (e� j! )
| {z }

s terms

SX (ej! ) ~ ::: ~ SX (ej! )
| {z }

s+1 terms

; (4.9)

whereSX (ej! ) is PSD ofxn , andp� ;s can be considered as the power of thesth order

nonlinearity. Furthermore, it can be inferred from (4.9) that spectral regrowth occurs

due to nonlinearity. Consequently, (4.7) is simpli�ed to

Y(ej! ) = � xA(ej�! )jP(ej! )j2H (ej! ) + �( ej! )H (ej! )P � (ej! ): (4.10)

After decimation, sampling rate is reduced to symbol rate, and downsampled signal

in frequency domain, namelyY d(ej! ), can be expressed as

Y d(ej! ) = � xA(ej! )
1
�

� � 1X

i =0

H (ej ( ! � 2�i
� ))jP(ej ( ! � 2�i

� ))j2

| {z }
�( ej! ): Linear T erm

+

1
�

� � 1X

i =0

�( ej ( ! � 2�i
� ))H (ej ( ! � 2�i

� ))P � (ej ( ! � 2�i
� ))

| {z }
	( ej! ): Distortion T erm

;

(4.11)
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where� x
�

P � � 1
i =0 H (ej ( ! � 2�i

� ))jP(ej ( ! � 2�i
� ))j2 can be interpreted as the effective channel

frequency response,Hef f (ej! ). In addition, PSD of downsampled distortion signal

can be expressed as

S	 (ej! ) =
1
�

� � 1X

i =0

S�

�
ej ( ! � 2�i

� )
� �

�
�H

�
ej ( ! � 2�i

� )
� �

�
�
2 �

�
�P

�
ej ( ! � 2�i

� )
� �

�
�
2

: (4.12)

From (4.11), it can be observed that the channels experienced by data symbols,am 's,

and the distortion signal are different, in general. Therefore, a particular frequency,

! f , which yields fading,Hef f (ej! f ) � 0, for symbol spectrum, may not cause fad-

ing for distortion. Consequently, distortion power is ampli�ed during FDE operation

since large gain is applied to corresponding frequency component of distortion to

equalize deep fades ofHef f (ej! ). On the other hand, if communication channel is

sparse such that non-zero taps only exist at symbol times thenH (ejw ) becomes peri-

odic with 2�
� . Therefore, for such a channel,H (ej ( ! � 2�i

� )) term can be moved outside

the summations. Consequently, both linear and distortion terms experience similar

channels, which does not yield any distortion ampli�cation. In Figure 4.3, PSD's of

both distortion and linear signal terms are shown. It is observed from Figure 4.3(a)

that for a symbol rate channel both linear and distortion terms experience the same

equivalent channel. However, for a more realistic upsampled channel model, it can be

observed from Figure 4.3(b) that linear and distortion signals are subject to different

equivalent channels where linear signal is having a deep fade but distortion term is

not. Consequently, distortion ampli�cation occurs after FDE operation and ampli-

�ed distortion is spread over all symbols via IDFT operation. Besides, from Figure

4.3(c), it can be seen that if the sampling instant is shifted byT=4 then the resulting

effective channel may not have deep fades for the same wireless medium. Hence,

we propose a receiver structure, which is shown in Figure 4.4, that exploits channel

diversity obtained from different sampling instances.

4.4.2 Channel Acquisition and FDE Operation

Sampled signal is divided into� B branches such that the signal on thei th branch is

given as
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Figure 4.3: PSD of signals for (a) symbol sampled channel and a random channel

realization from the given Rayleigh model inNumerical Evaluationswith fractional

delay of (b)0 and (c)T=4.

y(i )
n = yn� +( i � 1) �

� B
; i = 1; :::; � B (4.13)

where it can be assumed that both cyclic pre�x and suf�x parts of the data block are

discarded. For each branch standard FDE procedure is followed. Firstly, by using fast

time training sequence, LS estimate of channel,ĥ (i ) = [ ĥ(i )
� L b+1 ; :::; ĥ(i )

0 ; :::; ĥ(i )
L f � 1]T ,

for thei th branch is obtained as

ĥ (i ) = ([ A ]H A )� 1[A ]H y (i )
fast ; (4.14)

whereA 2 CNF � (L b+ L f � 1) is the data matrix for FT sequence and the received se-

quence for FT training stage of thei th branch is

y (i )
fast = [ y(i )

0 ; y(i )
1 ; :::; y(i )

NF � 1]TNF � 1: (4.15)

Note that estimated channel in (4.14) has also anticausal parts to recover synchro-

nization errors. In this study, conventional channel estimation is modi�ed in or-

der to decrease the effects of nonlinear distortion on estimation accuracy. For this

purpose, elements of the data matrix are modi�ed as,[A ]k;l = �a(k� l )+ L b� 1, where

�an =
�
	( xm ) ~ p�

� m

�
jm= �n is the nonlinearly distorted symbol after MF and down-

sampling corresponding to the symbolan of the FT sequence. These symbols can

be obtained during ST training stage since the FT sequence is not changed during

transmission. Ifan 's are employed as the elements ofA then the nonlinear distor-

tion would behave as additional noise; hence, the effective SNR for CSI acquisition

decreases.

FDE is performed for all branches on the received information signals. DFT of the

received signal is computed asy (i )
f = QH y (i ) wherey (i ) = [ y(i )

0 ; y(i )
1 ; :::; y(i )

ND � 1]T
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Figure 4.4: Block diagram for proposed bank of FDE's based detector.

andQ is theND � ND normalized DFT matrix with the(m; n)th element,qm
n =

1p
ND

ej 2�mn=N D . Then, the received signal in the frequency domain can be expressed

as

y (i )
f = diagf � (i )

k gND � 1
k=0 af + n (i )

f ; (4.16)

whereaf , QH a, n (i )
f , QH � (i ) , where[� (i ) ]n , (� n ~ p�

� n )jn! n� +( i � 1) �
� B

, and

the estimated equivalent channel frequency response can be expressed as� (i )
k =

1p
ND

P L f � 1
l= � L b+1 ĥ(i )

l e� j 2�kl=N D for k = 0; : : : ; ND � 1. To perform FDE, minimum

mean squared error (MMSE) estimation type �ltering is applied in frequency domain

as

z(i )
f = diag

(
[� (i )

k ]�

j� (i )
k j2 + �

) ND � 1

k=0

y (i )
f ; (4.17)

where� = No
Es

is the regularization parameter,Es is the average signal power and

No is the noise variance. After performing FDE, time domain signal,f z(i )
n g for the

i th branch, is obtained via IDFT,z(i ) = Qz (i )
f . Note that, in this study, only linear

FDE is considered; however, the performance of the receiver can be improved further

by utilizing iterative FDE techniques [48, 55]. By using decision feedback, as in IB-

DFE [48], remaining interference effects can be reduced so that superior detection
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performance can be achieved. Following the linear equalization, post-distortion is

performed to suppress the nonlinear distortion.

4.5 Symbol Rate Nonlinear post-distortion based on FDE Bank

In this section, a symbol rate nonlinear post-distortion (NP) approach for higher-order

constellations is considered. In addition, a combiner, which employs FDE bank, will

be developed to exploit diversity to minimize distortion ampli�cation effects.

4.5.1 Post Processing: Symbol rate nonlinear post-distortion

Different symbol rate NP techniques based on GPR, augmented real-valued time-

delay neural network (ARVTDNN) and VS are considered. The mentioned nonlinear

post-distortion units are trained in ST training mode, whose details will be presented

in the subsequent sections. The aim of the NP is to nonlinearly modify the incoming

signal so that desired output is produced. However, one should note that we are not

interested in �nding the inverse model of the PA,	 � 1(�) but performing a symbol

rate nonlinear processing, which eliminates the nonlinear ISI. A detailed analysis on

equivalent nonlinear ISI channel is provided in Chapter 3. In addition, the analy-

sis shows that combination of neighboring symbols are affected by the nonlinearity.

Hence methods, which utilizes cross-terms, should be considered for NP to reduce

the received nonlinear distortion.

4.5.2 Proposed Method for Slow-Time Training Data Set Formation

In order to train the post-distortion methods that are proposed in the thesis, a proper

training set should be constructed. Since the objective is to minimize the detection

error, it is desired to avoid imperfections other than the hardware impairments such

as AWGN and channel frequency selectivity. Otherwise, the training quality may de-

grade signi�cantly. It should be noted that the main responsibility of the nonlinear

post-distortion unit is to recover the transmitted (desired) QAM symbols from the

nonlinearly distorted received signals. In addition, it is assumed that the effects of
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Figure 4.5: Block diagram of the hardware setup used to obtain training set at the UE.

the frequency-selective communication channel are mitigated prior to nonlinear pro-

cessing via FDE. Therefore, nonlinear post-distortion is used to eliminate the solely

nonlinear distortion in the down-sampled signal domain. Hence, in this study, two

methods are proposed to acquire training samples such that they only contain nonlin-

ear distortion after downsampling.

4.5.2.1 First Alternative: Acquisition of training samples via observation re-

ceiver at the UE

In order to capture the PA output, an observation receiver can be equipped at the UE.

The block diagram for the proposed data acquisition structure is shown in Figure 4.5.

In the proposed approach, the training QAM symbols are generated and pass through

the PA, which nonlinearly distorts the signal~xn . Then the nonlinearly distorted signal

~xn is captured by employing an additional Rx chain. The captured signal is converted

to digital signals and matched �ltering is applied to that signal. Finally, matched �lter

output is sampled with sampling rate� to obtain training symbols for nonlinear post-

distortionzn . It should be noted that since the observation receiver directly measures

the PA output, SNR for parameter learning is high and the frequency response of the

observation channel is �at.
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4.5.2.2 Second Alternative: Acquisition of training samples at the BS based on

channel integration

An alternative procedure for the construction of the training set under channel impair-

ments with lower SNR is also proposed. For this case, ST training sequence is not

captured by the UE, but received ST sequence, passing through a wireless channel,

at BS is used for learning as depicted in Figure 4.1. For this case, in order to obtain

channel diversity against noise and distortion ampli�cation after FDE stage, ST pe-

riod can be divided intoK segments and the same training sequence is sent at each

segment. Then, we can denote,nth symbol ofi th training sequence asa(i )
n :

a(i )
n = an ; i = 1; : : : ; K: (4.18)

Each training segment is sent consecutively and they are exposed to different com-

munication channels. After channel acquisition and linear equalization (FDE) stages,

the received symbol for each ST training segment can be written in time domain as

z(i )
n = 
( an ) + � (i )

n ; (4.19)

where
( �) is the nonlinear function representing PA,� (i )
n is the additional distortion

for the i th segment due to mismatch between linear wireless channel and channel

experienced by the nonlinear distortion term, and AWGN. After receiving all data

segments, they can be integrated as

zn =
KX

i =1

wi z(i )
n (4.20)

wherewi is the weight of each segment. One can simply usewi as, wi = 1=K .

Thanks to this integration, received SNR is enhanced at least by the factor ofK . The

number of segment can be chosen to be high enpugh to have suf�cient SNR for NPL;

however, it should not be long enough to create latency problems. Then,f an ; zng

sequence can be utilized to train NPL.
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4.5.3 GPR based NP

GPR is developed to predict the output of a nonlinear system by minimizing the mean

squared error in function space [56]. It can be considered as the Wiener solution of

the nonlinear identi�cation problem since system output is assumed to have Gaus-

sian distribution. The nonlinear model based on GPR for real,aI
n = Ref ang, and

imaginary,aQ
n = Im f ang, parts of the desired NP output is described as [56,57]

aI
n = 
 I (�z n ) + � I

n and aQ
n = 
 Q(�z n ) + � Q

n ; (4.21)

where� I
n , � Q

n are the I/Q parts of the modeling error, which are zero-mean white

Gaussian processes (GP) independent of other sequences with variance� 2
� , and the

latent functions
 I (�) and
 Q(�) are the functions to be identi�ed. Input vector,�z n ,

has the augmented form as

�z n = [Ref zn+ M � 1g; :::;Ref zng; :::;Ref zn� M +1 g;

Imf zn+ M � 1g; :::; Imf zng; :::; Imf zn� M +1 g]T ;
(4.22)

whereM is the memory depth. Training set for GPR based NP is de�ned as,f an ; �z ngN s � 1
n=0

wherean is the desired output. In this section, we focus on modelling the in-phase

component; however, one can use the same procedure for the imaginary part. In order

to express distribution of GP model in (4.21), required functions, vectors and matrices

are de�ned as follows:

� Kernel function, which is the cross correlation between different samples of the

latent process, is de�ned ask(�z p; �z q) , Ef 
 I (�z p)
 I (�z q)g:

� Kernel matrixK is de�ned as the correlation matrix with entries,[K ]p;q =

k(�z p; �z q).

� Kernel steering vector, namelyk � , Ef aslow
 I (�z � )g, is de�ned as the cross-

correlation between the training and the test signals, and

aslow , [aI
0; aI

1; :::; aI
N s � 1]T (4.23)

is the training sequence vector. It is used to predict the test symbol,aI
� by using

z� , where� denotes time indices in data sequence,pth element ofk � can be

calculated as[k � ]p = k(�z p; �z � ) due to the independence of
 I (�z p) and� I
p .
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Based on de�ned kernel functions, the predictive distribution2 can be written as [56,

57]

p(aI
� jf an ; �z ngN s � 1

n=0 ; �z � ) � N
�
� � ; � 2

�

�
; (4.24)

where� � and� 2
� are mean and variance of the distribution, and they can be obtained

as

� � = kT
�

�
K + � 2

� I
� � 1

aslow; � 2
� = k(�z � ; �z � ) � kT

� (K + � 2
� I )� 1k � + � 2

� : (4.25)

Then, symbol estimates at the output of NP becomes the mean of the predictive dis-

tribution:

~aI
� = Ef aI

� jf an ; �z ngN s � 1
n=0 ; �z � g = kT

�

�
K + � 2

� I
� � 1

aslow: (4.26)

In this study, kernel function is chosen as the exponential function that is widely em-

ployed in literature,k(�z p; �z q) = � 2
f exp

�
� �z T

p Q � 1�z q
�
, whereQ = diagf c2

i g4M � 2
i =1 and

ci 's are the length scale parameters and� 2
f is the signal variance. Maximum likelihood

estimation is used to �nd the hyper-parameters,� = [ � f ; � � ; c1; :::; c4M � 2]T [31,57].

Hyper-parameter optimization is a time consuming process, and training time ex-

ponentially increases with the length of the training sequence. Hence, higher-order

P-QAM processing requires a long training sequence to train GPR parameters. In

order to reduce the training time, we propose BLUE type post processing such that

training sequence is divided into non-overlapping segments to train different GPR

units and intelligently combine the output of each unit.

Estimated symbol fori th segment with training setf a(i )
n ; �z (i )

n gN ( i )
S � 1

n=0 is obtained as

~aI; ( i )
� = [ k (i )

� ]T
�
K (i ) + � 2

� I
� � 1

a(i )
slow, wherek (i )

� is the cross-correlation vector,K (i )

is the kernel matrix, anda(i )
slow is the training symbols for thei th segment,N (i )

S is the

training length fori th segment, andS is the number of segments:
P S

i =1 N (i )
S = NS.

For simplicity, we dropped I/Q indices, and variance of each symbol estimate,(� i
� )2,

can be obtained as

(� i
� )2 = k(�z (i )

� ; �z (i )
� ) � [k (i )

� ]T
�
K (i ) + � 2

� I
� � 1

[k (i )
� ] + � 2

� ; (4.27)

where�z (i )
� is test data fori th segment. Estimates are fused based on BLUE combiner

2 GPR prediction is linear Wiener �ltering in function space and it predicts the best function in MMSE sense
by using correlation information via Kernel functions. Hence, (4.25) still yields valid linear MMSE (LMMSE)
estimate in function space for non-Gaussian distortion.
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as in [53]

~a� =
SX

i =1

wi
� ~a(i )

� ; (4.28)

wherew � = [ w1
� ; :::; wS

� ]T is the weight vector obtained as,w � = D � 1
� 1

1T D � 1
� 1

, where

D � , diagf (� 1
� )2; :::; (� S

� )2g is the diagonal variance matrix.

4.5.4 Neural Network (NN) based NP

In this chapter, ARVTDNN structure shown in Figure 4.6, which is employed to

design digital predistortion unit in [29] via behavioral modelling, is used as the non-

linear post-distorter. However, the functionality of the NN in this study is different

compared to that of DPD. In [29], NN is used for nonlinear system identi�cation via

nonlinear regression so that the inverse of the nonlinear function is obtained. How-

ever, in this study, we are employing NN to estimate transmitted symbols chosen from

a discrete alphabet.

z� 1

z� 1

z� 1

z� 1

�

�

�

g(�)

g(�)

g(�)

�

�

Ref zng

Imf zng

w1;1

wL 1 ;4M � 2

b1;1

b1;L 1

b1;2

b2;I

b2;Q

Ref ~ag

Imf ~ag

Figure 4.6: ARVTDNN architecture.

The same input signal,�z n , which is de�ned for GPR estimation, is also used for

NN post-distortion. Then, symbol estimate at the output of NN can be expressed as

~an = 
 I (�z n ) + j 
 Q(�z n ), where
 I (�z n ) and 
 Q(�z n ) are the estimates of real and
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imaginary parts respectively. The cost function is de�ned as

J =
1

2NS

NS � 1X

n=0

(Ref ang � 
 I (�z n ))2 + (Im f ang � 
 Q(�z n ))2: (4.29)

In the proposed network structure, there is a single hidden layer together with one

input and output layers. Therefore, network output can be expressed as


 I (�z n ) = wT
I g(W 1�z n + b1) + b2;I ; (4.30)

wherew I 2 CL 1 � 1 is the weight vector of the output layer, similarly output for the

quadrature part is obtained by the weight vectorwQ andb2;Q . W 1 2 CL 1 � 4M � 2 is

the weight matrix for the input layer with elements[W 1]k;l = wk;l which connects

l th neuron of the input layer tokth neuron at the hidden layer,b1 andb2 are the bias

vectors,L1 is the number of neurons in hidden layer andg(�) is the activation function.

It can be noted from (4.30) that nonlinearityg(�) is applied to the combination of the

neighboring received signals as motivated by the nonlinear ISI analysis in Chapter

3. In this study, hyperbolic tangent sigmoid transfer function,g(x) = 2
1+ e� 2x � 1,

is employed, which introduces the nonlinearity required for nonlinear compensation.

At each epoch, cost function is evaluated and weights of NN coef�cients are updated

via back-propagation by using the Levenberg-Marquardt algorithm [58].

Furthermore, as part of the research effort, the application of a nonlinear post-distortion

technique is augmented with the utilization of a developed NN model for the purpose

of modeling the nonlinear self-interference in duplex communication systems in [34].

The proposed neural network structure is speci�cally designed to estimate the slowly

changing nonlinear characteristics exhibited by power ampli�ers. By accurately es-

timating the nonlinear distortion leakage, it becomes possible to effectively cancel

out the adverse effects introduced to the received signal. The provision of precise

distortion estimation greatly enhances the likelihood of successful decoding of the

intended signal-of-interest. This integrated approach contributes to the advancement

of techniques employed in duplex communication systems, enabling improved signal

recovery and overall system performance.
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4.5.5 Volterra series based NP

In this chapter, Volterra series (VS) is also adopted for NP. Post-distortion output can

be given by VS basis functions of third order [38] as

~an =
M � 1X

p= � M +1

� pzn� p +
M � 1X

p= � M +1

M � 1X

q= � M +1

M � 1X

r = � M +1

 p;q;r zn� pz�
n� qzn� r ; (4.31)

where� p and p;q;r are the VS coef�cients. To represent identi�cation problem in a

more convenient way, post-distortion output is represented in matrix-vector form as,

~a = Z� , where[~a]n = ~an , � 2 C((2M � 1)3+(2 M � 1)) � 1 is the coef�cient vector, whose

elements are the Volterra series coef�cients,Z 2 CNS � ((2M � 1)3+(2 M � 1)) is the data

matrix formed by nonlinearly distorted training symbols after standard FDE opera-

tion, whose elements are basis functions for VS,zn� pz�
n� qzn� r . Then, LS method is

performed to estimate VS series coef�cients as

� =
�
ZH Z

� � 1
ZH a; (4.32)

where[a]n = an is the vector of ST training symbols.

4.5.6 An Adaptive QAM Detection based on nonlinear post-distortion bank

In this section, a detector structure, which is novel in the aspect of taking the distortion

ampli�cation into account, is proposed. In order to reduce the effects of distortion

ampli�cation, the use of channel diversity is proposed in this study. Therefore, we

propose that fusion of the estimates for different sampling instances improves the

overall detection performance by taking the distortion powers for different effective

channels into account.

In Figure 4.4, NP produces soft symbol estimates,~a(i )
n = 


�n
z(i )

n

o�
as the output for

each branch, where
( �) denotes the output of nonlinear regression function. Then,

soft symbol estimates,~an = [~a(1)
n ; ~a(2)

n ; :::; ~a(� B )
n ]T , are fed into the distortion-aware

symbol by symbol detector (DA-SSD), which is based on the generalized Bussgang

decomposition for non-Gaussian signals [59]

~an = � an + � n ; (4.33)
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where� is the Bussgang coef�cient vector computed during fast time training period

as

� =
Ef ~ana�

ng
Efj an j2g

�

 
NF � 1X

n=0

~ana�
n

!  
NF � 1X

n=0

jan j2
! � 1

; (4.34)

andR � is the autocorrelation matrix of distortion vector,� n , which is calculated as

R � = Ef (~an � � an )(~an � � an )H g �
1

NF

NF � 1X

n=0

(~an � � an )(~an � � an )H : (4.35)

Although the data symbols,an , are not Gaussian, it is shown in [59] and [60] that

Bussgang decomposition can be employed for modulated signals. This decomposi-

tion can be considered as the LMMSE estimate of non-Gaussian signal,~an , by using

desired symbol,an . The aim is to decompose the received signal into the desired and

the uncorrelated distortion terms.

Soft symbol estimates are calculated by combining branch outputs to minimize the

overall distortion power. For this purpose, minimum variance distortionless response

(MVDR) method is adopted to �nd the combiner vector,wc 2 C� B � 1,

min wH
c R � wc s.t. wH

c � = 1; (4.36)

which gives the combiner vector as

wc =
R � 1

� �

� H R � 1
� �

: (4.37)

Then the soft symbol estimate,ân , and the estimate of the distortion variance,�̂ 2
a,

which will be utilized while calculating log-likelihood ratio (LLR) values, become

ân = wH
c ~an ; �̂ 2

a = wH
c R � wc =

1

� H R � 1
� �

: (4.38)

By usingân and�̂ a, LLR for thekth bit of symbolan , L(bk
n ), can be calculated as

L(bk
n ) =

log2

0

@

P
an 2 A 0;k

a
exp

�
� 1

�̂ 2
a

[(Ref âng � Ref ang)2 + (Im f âng � Imf ang)2]
�

P
an 2 A 1;k

a
exp

�
� 1

�̂ 2
a

[(Ref âng � Ref ang)2 + (Im f âng � Imf ang)2]
�

1

A ;

(4.39)

whereAa is QAM symbol alphabet,A0=1;k
a is the ideal constellation point with bit0=1

at given bit location,k. It should be noted that, LLR values are calculated assuming
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a Gaussian distribution, which is a reasonable assumption for two reasons. First,

if there is no distortion ampli�cation, nonlinear distortion is compensated by NP.

Consequently, thermal noise, which has Gaussian distribution, becomes the dominant

term. Second, if distortion ampli�cation occurs, distortion is multiplexed by IDFT;

hence, resultant distortion is approximately Gaussian.

4.6 Achievable Information Rate (AIR) based on mismatched decoding capac-

ity

In order to evaluate AIR performance of the proposed receiver, a lower bound on the

constrained capacity in terms of GMI metric is considered. In [51,52,61], mismatched

decoding capacity is given as

CP = log2 P � Ea;~a

�
log2

� P
a02 A a

~p(~aja0)

~p(~aja)

��
; (4.40)

whereP is the modulation order.~p(~aja0) is themismatchedprobability density func-

tion (PDF), which is used since exact knowledge on PDF is not available due to

nonlinearity. Hence, an approximate exponential PDF,~p(~aja), is assumed based on

the decompostion given in (4.33) as

~p(~aja) =
1

(� )� jR � j
exp

�
� (~a � � a)H R � 1

� (~a � � a)
�

; (4.41)

where Gaussian distribution is assumed for the unknown PDF. Consequently, alower

bound on the AIR is obtained due to mismatch between the actual and assumed

PDF's. AIR, which is obtained by using the exact PDF, is shown to be greater than

the mismatched decoding capacity given in (4.40) [51].Outage probabilityis another

performance metric that can be used to measure the performances of the detectors in

fading channels. Outage probability,Pout can be de�ned as the probability of the in-

stantaneous AIR being less then a thresholdCT
P : Pout = Pr f CP < C T

P g. It can also

be inferred as the packet error rate since a signi�cant amount of block errors occur if

instantaneous AIR of the system falls below the de�ned threshold.
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Table 4.1: Complexities of Baseline Schemes

Channel Est. FDE NP LLR Calc.

IB-DFE [49] O(LN F =ND ) O(N it log2(ND )) O(N it ((2M � 1)L1)) O(N it log2(P)2P)

MM [41] O(LN F =ND ) O(log2(ND )) - O(log2(P)6P)

DA-SSD (NN)

DA-SSD (GPR)

DA-SSD (VS)

O(� B LN F =ND ) O(� B log2(ND ))

O(� B ((2M � 1)L1))

O(� B NS)

O(� B (2M � 1)3)

O(log2(P)2P)

4.7 Complexity Analysis

In this section, computational complexity of the proposed detector is evaluated and

compared with the baseline techniques in terms of number of FLOP's per symbol in

Table 4.1. Technique proposed in [49] has the same complexity as conventional IB-

DFE with additional complexity of applying the transmitter chain. In [49], the same

PA for transmitter is used at the receiver; however, in practice a PA model should be

used to perform nonlinear distortion cancellation. For comparison, we included com-

plexity of ARVTDNN structure in Table 4.1. In addition, FDE and NP operations are

repeated forN it iterations. Major complexity of MM receiver comes from LLR cal-

culation especially for higher order modulations since matrix vector multiplications

are performed for each symbol. Despite the lack of NP unit, complexity of [41] is

comparable to NP based methods. Complexity of the proposed architecture increases

linearly with the number of FDE branches. Each branch performs the conventional

feedforward equalization together with NP for each symbol. Complexities of the pro-

posed DA-SSD and IB-DFE in [49] schemes are dominated by the implementation of

NP; however, implementation of NP is necessary to improve the performance signif-

icantly. Also note that the receiver in [49], does not require the FDE bank structure

since it is developed for symbol sampled domain, where distortion ampli�cation is

not the issue. Therefore, the proposed DA+SSD can be employed together with the

IB-DFE structure to improve the performance of the systems for realistic fractionally

delayed channels.
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4.8 Numerical Evaluations

Numerical results are presented to evaluate the performance of the proposed receiver

structure. The proposed NP and DA-SSD techniques are compared with the state-of-

the-art methods. Two different cases are considered for performance evaluations.

In the �rst case, the Saleh model is used as the memoryless nonlinear PA. Both

AWGN channel and a clustered mmWave channel model containing3 rayed6clusters

with a line-of-sight component with10 dB Rician factor [3] are considered. In sim-

ulations, the channel length is chosen to cover16 symbols with unity gain. For this

model, input signal power is scaled in such a way that the normalized output power,

which is the ratio of average output power to the maximum output power of the am-

pli�er, refers to output backoff (OBO). In the second scenario, a model extracted

from an actual GaN PA, [1], and another PA, available at [2], are utilized. To test the

performance of the proposed architecture, the transmitted signal passes through a dis-

persive channel generated according to either a clustered mmWave channel model or

a Rayleigh distributed COST-207 channel model [62]. Also, the constellation order

is selected as256 QAM.

In data transmission, the block length is selected to beND = 8100, and the FT train-

ing sequence length isNF = 3000 symbols. Aroot raised cosine�lter with 0:3

roll-off factor and� = 8 is used aspn . For nonlinear parameter learning, an ST train-

ing sequence of lengthNS = 16384is used. To utilize the proposed BLUE combiner

for GPR estimates, the training sequence is divided into8 segments. ARVTDNN

structure with 30 neurons is employed. Unless otherwise stated, memory depth for

GPR, NN, and VS-based NPs is chosen as� 2 samples.

PA Model description:In simulations, model parameters for the Saleh model are cho-

sen as in [41],g0 = 2, Asat = 1, � = 2 and� = 1. Memory polynomial coef�cients

for the GaN PA, given in [1], are derived from the measurements of a PA by using LS

�tting. The PA is operated at2 GHz with 200MHz sampling rate and40MHz sig-

nal bandwidth. Model parameters areK b = 5, Pb = 4, andPc = 1. In addition, GaN

PA [2] is also modeled by using ARVTDNN structure to speed up the simulations.

In this model, upsampled signal samples at the output of the actual PA are utilized to

43




	ABSTRACT
	ÖZ
	ACKNOWLEDGMENTS
	TABLE OF CONTENTS
	LIST OF TABLES
	LIST OF FIGURES
	LIST OF ABBREVIATIONS
	Introduction
	Literature Review and Motivation
	Summary of Contributions

	Preliminaries on Power Amplifier Nonlinearities
	Power amplifier characterization
	Saleh Model
	Generalized Memory Polynomial Model

	System Parameters Related to Hardware Nonlinearities 
	Power backoff
	Adjacent Band Channel Leakage Ratio (ACLR)


	Equivalent Nonlinear ISI Channel Analysis
	Signal Model
	Discrete-Time Equivalent Model for Nonlinear ISI Channel

	An Efficient QAM Detector via Nonlinear Post-distortion based on FDE Bank under PA Impairments
	Introduction
	Related Literature
	Contributions

	System Model
	SC-FDE Based Transmitter Model
	Frame Structure

	 Distortion Analysis and Pre-processing : Bank of FDE
	Distortion Analysis for Frequency Selective Channels
	Channel Acquisition and FDE Operation

	Symbol Rate Nonlinear post-distortion based on FDE Bank
	Post Processing: Symbol rate nonlinear post-distortion
	Proposed Method for Slow-Time Training Data Set Formation
	First Alternative: Acquisition of training samples via observation receiver at the UE
	Second Alternative: Acquisition of training samples at the BS based on channel integration

	GPR based NP
	Neural Network (NN) based NP
	Volterra series based NP
	An Adaptive QAM Detection based on nonlinear post-distortion bank

	Achievable Information Rate (AIR) based on mismatched decoding capacity
	Complexity Analysis
	Numerical Evaluations
	Performance evaluations with Saleh model PA
	AWGN channel
	Clustered mmWave channel

	Performance evaluations for GaN PA model ericsson for Rayleigh Channel
	PA Model based on real measurements RFWeblab
	Clustered mmWave Channel
	COST-207 Rayleigh Channel

	Nonlinear parameter learning under channel impairments
	The effects of the length of the FT sequence 

	Conclusions

	Nonlinear Detection for Multiuser Hybrid MIMO Systems and Performance Analysis
	Literature Review
	Contributions

	A Nonlinear Detector for Uplink SC-FDE mm-Wave Hybrid Massive MIMO under Hardware Impairments
	Introduction
	System Model
	mm-Wave Uplink Channel Model
	Hybrid Beamforming Architecture

	Synchronization, Channel Estimation and Digital Beamforming
	Frame Structure and Decoder Architecture
	MIMO Channel Estimation
	Digital Pre-processing: Linear Beamspace FDE

	Distortion Aware Symbol Detection via Nonlinear Post-Distortion
	Digital Post-Processing: Nonlinear Post-distortion
	Volterra Series based NP
	Neural Network based NP
	Adaptive QAM Detection based on NP Bank


	Numerical Results
	Conclusions

	Low Complexity Nonlinear Detection for Multiuser Hybrid MIMO Systems and Performance Analysis
	Introduction 
	System Model
	Uplink SC-FDE Transmission
	System Description

	Parameter Learning and Channel Estimation
	Nonlinear Parameter Learning (NPL)
	Neural Network Training
	Nonlinear Interference Prediction
	Channel Estimation with Fractional Sampling

	Distortion-Aware Iterative Detector with nIC
	Description of the proposed algorithm
	IB-DFE with nIC
	Distortion-Aware Adaptive QAM Detection with IB-DFE

	SDNR Analysis for the Proposed Detector
	Complexity Analysis

	Performance Evaluations
	Simulation Settings
	Simulation Results
	SDNR Analysis Results
	Monte Carlo Simulations Results


	Conclusions

	Analytical Nonlinear Distortion Characterization and Power Allocation for Multi-user Frequency-Selective Massive MIMO Channels
	Introduction
	Literature Review
	Contributions

	System Model and Distortion Characterization
	System Model
	Spectral characterization of the nonlinear distortion under frequency-selective channels

	Achievable Rate Analysis
	Spectral analysis of the received distortion
	Calculation of distortion power for different components
	Power of the distortion term due to the intended user
	Power of the distortion stemming from coherently combined distortion due to interfering users
	Distortion power due to isoropic radiation


	 Power Allocation via Geometric Programming
	Simulation Results
	The effects of the number of users on nonlinear distortion
	The effects of frequency-selectivity on nonlinear distortion
	Sum SE Evaluations

	Conclusion

	Reduced Complexity Correlation-Based Multi-Stream DPD for Hybrid Massive MIMO
	Introduction
	Literature Review and Contributions
	System Model
	Multi-carrier Downlink Transmission
	Nonlinear PA and Inverse PA Models

	Vector DPD (vDPD) for Fully Connected Hybrid Beamforming Architecture
	Full Complexity Array Projection Based vDPD
	Proposed Low Complexity Correlation-Based vDPD

	Computational Complexity
	Numerical Results
	Conclusion

	Conclusions
	REFERENCES
	Equivalent Channel Representations 
	Proof of Proposition 1
	CURRICULUM VITAE

