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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. Gokhan Muzaffer Giivensen

Co-Supervisor: Prof. Dr. Tolga Ciloglu

July 2023, 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)



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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0z

5G VE OTESI SISTEMLERDE FIZIKSEL KATMAN ICIN ETKIN
DOGRUSAL OLMAYAN SINYAL ISLEME

Salman, Murat Babek
Doktora, Elektrik ve Elektronik Miihendisligi Bolimii

Tez Yoneticisi: Dr. Ogr. Uyesi. Gokhan Muzaffer Giivensen
Ortak Tez Yoneticisi: Prof. Dr. Tolga Ciloglu

Temmuz 2023 , [164] sayfa

Nonlineer giic amplifikatorii (PA) distorsiyonu, iletisim sistemlerinin yeterli perfor-
mansi elde etmesini énemli dl¢iide sinirlayan onemli bir donanim bozulmasidir. Bu
tez, donanim bozulmalari i¢in kapsamli bir analiz cercevesi sunmakta ve iletisim sis-
temi performansin1 olumsuz yonde etkileyen nonlineer distorsiyonun etkilerini azalt-
mak icin nonlineer sinyal isleme teknikleri gelistirmektedir. Degerlendirme, hata oram
(BER), elde edilebilir bilgi oran1 (AIR) ve bant dis1 radyasyon gibi cesitli kriterlere

dayanmaktadir.

Tezin katkis1 iki bagimsiz boliime ayrilabilir. Tk boliim, kullanici terminalinin (UT)
nonlineer PA ile donatildig1 yukar1 baglant1 iletisimine odaklanmaktadir. Yukar1 bag-
lant1 iletisimi icin, frekans secici iletisim kanallarinin ve sembol 6rnekleme islem
semalarinin etkileri incelenmektedir. Sembol tespit performansini 6nemli dl¢iide bo-
zan ’distorsiyon amplifikasyonu’ olarak adlandirilan 6nemli bir olgu kesfedilmekte-
dir. Distorsiyon amplifikasyonunu agmak icin, tek girigli-tek ¢ikigh (SISO) ve ¢oklu

girisli-coklu c¢ikish (MIMO) sistemler i¢in nonlineer islem birimi bankasinin kulla-
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nimi1 6nerilmekte ve tespit performansinda 6nemli iyilestirmeler saglanmaktadir.

Tezin ikinci boliimii, baz istasyonlarinin (BS) nonlineer PA’larla donatildig1 asagi
baglant1 iletisimi senaryolarini incelemektedir. i1k olarak, ¢cok kullanicili gesitlilik ve
frekans seciciliginin etkilerini aragtirmak icin kapsamli bir alind1 distorsiyon giicii
analizi gerceklestirilir. Ayrica, elde edilen distorsiyon giicii ifadesine dayanarak bir
giic tahsis semas1 Onerilmektedir. Son olarak, tam baglantili analog hiizme olusturma
yapisina sahip iki asamali hibrit MIMO sistemleri i¢in diisiik karmagiklikta bir sayisal
on bozma (DPD) tasarimi gelistirilmistir. Onerilen DPD yapisi, mevcut yontemlere

gore daha diisiik karmagiklikla yeterli dogrusallastirma basarimi saglamaktadir.

Anahtar Kelimeler: Gii¢ yiikselticiler, Dogrusal olmayan bozulma, sonradan bozma,

Sayisal 6n bozma, Bozulma gii¢clendirme, 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



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 (Sl) poses a signi cant challenge to achieving the
ultimate goal [25]. Furthermore, the Sl signal is100dB stronger than the desired
signal-of-interest (Sol), which makes Sl 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 Sol. 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



Sl 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 Iter and aliasing due to downsampling. However,
in Chapter 3, it is shown that PA ampli er nonlinearity distorts the pulse shaping
Iter such that memory effects, namely nonlinear inter-symbol interference (ISl), 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) lItering 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 catlistbrtion

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 orfractional 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



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-



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].



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.



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 timex,,, the amplitude and the phase of the PA output

signal, namelyy,j and ¥, respectively, can be expressed as

- JojXn]
IYn] = . ; (2.1)
" 1+ (JXnJ:Ao)2
y — jxan
"1+ jxnj?’ (2:2)
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Figure 2.1: Input/output relation for Saleh Model PA and the linear PA.

wheregy is the gain of the PAA, determines the saturation point of the PAand
are the parameters related to the phase distortion. Then the overall PA output signal

can be expressed as

Yo = jynj€ "€ 7 (2.3)

where } 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

10



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 fadtorAs 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

K)-é lL% 1 V\/x.\ 1
Yn = Dictw Xn 1] Xn |+wjk; (2.4)
k=0 =0 w= Wpp +1

where! .., 's are the model coef cient pa represents the nonlinearity order, and
Lpa andWp, 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 len@th is formed using MATLAB software. The

generated training sequence can be expressed as

X' = XgiXTiiinXy, (2.5)
Then the sequencd’ is sent to the system shown in Figure 2.4, and passed through

12



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 func{ignwhere each
element of PA output can be representedypy= (fx"g). Then the PA output

sequence
Y= oYY, (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]

L= XEXy Xy (2.7)

whereX, 2 C’ Nr js the data matrix for the training sequence whose elements are
constructed by using the basis functions in (2.4Xasjx, +wjk, ! is the vector
containing weight coef cients .., , J is the number of coef cients, anNy, 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, F)max; (2.8)
Pav

wherePh.x andP,, 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

14



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]

"R g2 Rap-=2 0
max 55 Sy(f)dy; 27 Sy(f )dy

ooz, Sy(f)dy

ACLR = (2.9)

The maximum allowable ACLR is determined by the standards agi4dB [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
a, from a QAM alphabet are generated, and a pulse shaping lter is applied to those

symbols as

ke 1
Xn = &Pn ks (3.1)

wherex, is the desired transmitted signal,is the discrete time index, is the up-
sampling factor, ang, is the pulse shaping lIter, which is selected to satisfy Nyquit-

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

the carrier frequency, which is then passed through the nonlinear PA represented as
¥ =  (Xp). 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 functio) 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 I1SI 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 functi¢ns,
whereq is the nonlinearity order. Then, we can express the transmitted signal after
nonlinear ampli cation as

g 1 D( 1

Xn = $q q akpn k ; (32)
g=0 k=0

wheref $ g are the model coef cients, o(x) = x corresponds to linear term, ahd
is the length of the data sequence. After matched Itering (MF), the received signal
can be written as

X 1 X X1 X 1

Yn = $o aPn « + $q q ap k Pnos (3-3)
k=0 =1 g1 k=0

wherep = p, ~ p ,, is ideal Nyquist-1 raised cosine impulse response. After sam-
pling,n = m , received signal at symbol rate becomes
!
K 1X X 1

Ym = $o0am + $q q &Pk Pm - (3.4)
=1 1= 1 k=0

From (3.4), it can be observed that the term j ) is a unique function for a speci c
sequencefa,g. Consequently, -, 4 ro &P k P, | can be expressed
by a nonlinear mapping which depends on symbol indexand symbol sequence
fa,g. Therefore, (3.4) can also be represented by employing a basis change as
[
X1 X X1 '

Ym = $oam+  $gq (O™ ap « (B9 ) (35)
o=1 =1 k=0

where {®9™ () represents the unique mapping, which depends on the sequence

f a,g and sampling instanm. pl(q)

is the equivalent matched Iter impulse response
distorted by the nonlinearity, o( ), which is also de ned by another sequence de-
pendent nonlinear mappihgBy 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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1 1
Ym = $oam+  $q (o™ X aply | (3.6)
g=1 k=0
If the impulse responsepfr?) = p - (ﬁ(qﬁ) Ji=m , In (3.6) were ideal raised cosine
then {*9™() would depend only on the single symbay,, {>%™ = {@),
However, due to nonlinear distortion, there is a mismatch in matched ltering, which
creates ISI over sequence. Nevertheless, it can be observep isad decaying
function, hence, it is assumed that nonlinearity depends on the sequence of a reduced
dimensionam, = [am Lq+17 55 8ms 5 B L 1]T. Consequently, received signal at

symbol rate is expressed as

0 1
1 1

Yn = $oant  $q §W O an kpIA (3.7)
a=1 k= Lg+1

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), whake= an,

1

Ym = $oam+  $q & pPan (3.8)
g=1

Eventually, received signal becomes a symbol dependent function and it can be rep-
resented by a symbol dependent coef cieht?") as,y,, = $ @)a,,, where

!
1

1
$ (am) = $ 0 + $ q ((:Iam) pgq) am g (39)

g=1
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 estimatea,. 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 ISl yields 1/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), cattdulist 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 ofdhast 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 cadsgsrtion

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 bloclkp number ofP-QAM symbols,[ag; a;; :::; an,, 1]LD 1

with unit energyEfj axj>g = 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=[an, Nep:iiliOnp 1,8081 8N, 1800110 8Nes 1) (4.1)

\V4
b, QAM an Xn Xn Xn
Modulator Pn hn

vo

A4

MF Yy z | & a,
SR AN DFT}» FDE}» IDET || NL Post-| Pn_f Symbol} “n

P . ? Distorter Detector.
: A A
n ‘ i,
L »| Cs NL param.
acquisition Learning

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

b( 1
Xp = a&Pn «; (4.2)
k=0
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wherep, is the upsampled pulse shaping Iter response with upsampling facod

N = Np + Ncp + Ncs. Then, the transmitted signat, = jx,j& i, 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,

¥, = j¥njé " @ n, can be expressed as

QojXn] . — jXnj? )
1+ (jXnj=Asat)?’ "1+ Xnj?’

J*nj = (4.3)
wherego, 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

1 XK1 K1
Xn = Ck;lim Xn 1JXn 1 mj2k; (4.4)
k=0 I= Pp+l m= P+l
wherec..m 's are the model coef cients. In general, PA output can be represented
by a generic nonlinear function & = ( fx,g). Details of PA models will be pre-
sented in Section 4.8. Then, the discrete-time baseband received signal after matched

Itering (MF) becomes

X 1
Yn = hXn 1+ 0 ~P o (4.5)
1=0
whereh/'s | = 0;1;::;;L 1 are complex channel coef cients, denotes convolu-
tion sum, and ,, is zero-mean complex additive white Gaussian noise (AWGN) with

varianceEfj ,j?g= No.

ST T CP| DataS CS FT CP| DataS CS
Training Training ata Strea Training ata Stream| €S| --------
Ns Ne No
<+“———rp<«—>» R

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)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 lengtiNs, 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 CSl is not available. Since channel estimation is beyond the scope
of this study, a suf ciently long training sequence havidg symbols is transmitted

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

— E[an'n].
T EX Xn]’

wherex,, andx;, are de ned in (4.2) and (4.3), respectively. Bussgang coef cient,

Xn = xXn+ n, (4.6)

«, can be found by Wiener ltering given in (4.6) and is the remaining distortion
term. Received signal after matched Itering can be expressed in frequency domain,
Y(e'), as

(€)= WX(E@)HE )P @)+ (eHE P () @)

. P . .
whereX (6' ) = = No 1a P(e!)e i s the desired signal spectrum, which is

m=0

. . . . P .
equivalent toX (&' ) = P(&' )A(€' ) andA(d' ) =  ° tane ™ . In (4.7),
HE )= ,hel™® andP(d )= ©_, pme ™ are Fourier transforms of

) . . - P L
h, andp,. Fourier transform of the distortior(, &' ), = L> ' e I" | isrelated

to power spectral density (PSD) of the distortion term as
S (¢')= lim E—1 i (€)j? (4.8)
T Nph N DJ J '
which is given in [54] as

52 S (¢ G

s terms s+l terms

. S . . .
S(e)= P s x(ej!)~{£~5x(ej!fﬁx(e'!)~

s=1

whereSy (€' ) is PSD ofx,,, andp s can be considered as the power of $fleorder
nonlinearity. Furthermore, it can be inferred from (4.9) that spectral regrowth occurs

due to nonlinearity. Consequently, (4.7) is simpli ed to
Y(E)= (A DIPE)PHE )+ (€HHE )P (¢'):  (4.10)

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

in frequency domain, namelyd(€' ), can be expressed as

X1 Sl 2 Sl 2
Y= LAE)TT HECTPET)E
| —{z }

( &' ): Linear Term

(X1 | | (4.11)
= (ETOHETTTP (),

| 2 {z }

( &' ): Distortion Term

L2 L2 1 2i
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P 1 f (! 2i ) . i (! 2i ) 2 . .
where—= ._"H (¢ )jP (€ )j< can be interpreted as the effective channel
frequency responsé]e; (€' ). In addition, PSD of downsampled distortion signal
can be expressed as
1 X!

. Sl 2 Sl 2 2 Sl 2 2
s@E)== s 6 g ) p ) (4.12)
i=0

From (4.11), it can be observed that the channels experienced by data syepi®ls,

and the distortion signal are different, in general. Therefore, a particular frequency,
I+, which yields fadingHes (€' 1) 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 éfe; (€' ). On the other hand, if communication channel is
sparse such that non-zero taps only exist at symbol timesHifell ) becomes peri-

odic with 2-. Therefore, for such a channel,(é ) 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 by 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 intog branches such that the signal on thebranch 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 Mumerical Evaluationsvith fractional
delay of (b)0 and (c)T 4.

= Voups P=10m e (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 chanfiél, = [A") , ;x5 A0 A T,

for thei™ branch is obtained as

A = ([ATFA) YA YD, (4.14)

whereA 2 CNr (Lo*Li D s the data matrix for FT sequence and the received se-
quence for FT training stage of th® branch is

y O =1y Yy I, 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[Adyx; = ak 1+, 1, Where

ah = ( Xm)~ P ;m Jm=n isthe nonlinearly distorted symbol after MF and down-
sampling corresponding to the symla| of the FT sequence. These symbols can

be obtained during ST training stage since the FT sequence is not changed during
transmission. Ifa,'s are employed as the elementsAfthen 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 g’ = Q"y® wherey® = [y§”;y{"; vl T
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Figure 4.4: Block diagram for proposed bank of FDE's based detector.

andQ is theNp  Np normalized DFT matrix with th¢m; n)® element,q' =
pﬁ—Tei 2mn=No Then, the received signal in the frequency domain can be expressed

as

y{) =

wherea; , Q" a,n!" |

diagf ("gi 'a; + n{V; (4.16)

Q" O, where[ D1, , (n~P pint n (i H— and

the estimated equivalent channel frequency response can be expressﬂ@d Aas
P Ly 1

L b hAVei2kNo fork = 0;:::;Np 1. To perform FDE, minimum
b

p=
Np
mean squared error (MMSE) estimation type ltering is applied in frequency domain

as
( [ 0) ) Np 1
2" = diag e y; (4.17)
Jkl™t =0
where = g—g is the regularization parametdf, is the average signal power and

N, is the noise variance. After performing FDE, time domain sigfm(f,)g for the

i™" branch, is obtained via IDFE() = Qz{". 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, () 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 transmittetegired 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 sign&l. Then the nonlinearly distorted signal

%y IS captured by employing an additional Rx chain. The captured signal is converted
to digital signals and matched Itering is applied to that signal. Finally, matched Iter
output is sampled with sampling rateto obtain training symbols for nonlinear post-
distortionz,. 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 int&K segments and the same training sequence is sent at each

segment. Then, we can denaté, symbol ofi™ training sequence a :
al)=a,;;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

20 = (a)+ O (4.19)

where ( ) is the nonlinear function representing PA) is the additional distortion
for thei™ 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

X .
zn=  wz® (4.20)
i=1
wherew; is the weight of each segment. One can simply wsas,w; = 1=K.
Thanks to this integration, received SNR is enhanced at least by the fattoridie
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. Thglg,g

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 @ak Refa,g, and
imaginary,al = Im f a,g, parts of the desired NP output is described as [56, 57]

ah= g+ b oand a= okn)+ & (4.21)

where !, Q are the 1/Q parts of the modeling error, which are zero-mean white

n?
Gaussian processes (GP) independent of other sequences with vadaacel the
latent functions | () and () are the functions to be identi ed. Input vectoy,,

has the augmented form as

z,=[Refzy+m 10;::Refz,0; i Ref zy v +1 0 (4.22)
IMfzoom 10 i Imfzag i Iimfzy weag);
whereM is the memory depth. Training set for GPR based NP is de nefigg gh:, *
wherea, 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, isde ned &€ ,z q) , Ef 1€,) 1€4)0:

Kernel matrixK is de ned as the correlation matrix with entriefS J,.q =
KE pZ q)-

Kernel steering vector, nameky , Efagon 1€ )g, is de ned as the cross-
correlation between the training and the test signals, and
Asiow , [Ap; @y ay, 4 (4.23)

is the training sequence vector. It is used to predict the test syailbioy, using
z , where denotes time indices in data sequeng®,element ofk can be

calculated agk ], = kg pz ) due to the independence of ¢ ,) and I!)
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Based on de ned kernel functions, the predictive distributioan be written as [56,
57]
p@jfanzagn’z ) N ;% (4.24)

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

as
=kT K+ 2 ‘ag: 2=k& z ) K'(K+ 2) %k + % (4.25)

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

g = Efajfazngls 'z 9= kT K+ 2 Tage: (4.26)

In this study, kernel function is chosen as the exponential function that is widely em-
ployed in literaturek¢ ,z o) = ?exp z 1Q %4 ,whereQ =diagfc?g? *and
G's are the length scale parameters afds the signal variance. Maximum likelihood

estimation is used to nd the hyper-parameters; [ ¢; ;ci;:cm 2]" [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.

) . 0)
Estimated symbol foi segment with training setal’z {g\\s, * is obtained as

g @ = kO KO+ 2 *al) wherek™ is the cross-correlation vectd, ()

slow?
(i) (i)
S

slow is the

is the kernel matrix, andy, . is the training symbols for th&" segmentN

P _
training length fori™ segment, an® is the number of segments: iszl Né') = Ns.
For simplicity, we dropped I/Q indices, and variance of each symbol estifha)é,

can be obtained as
( i)2 — ke (I)z (I)) [k(l)]T K(l) + 2| 1[k(|)] + 2; (427)

where @) is test data foit" segment. Estimates are fused based on BLUE combiner

2 GPR prediction is linear Wiener lItering 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]

x
a= wa; (4.28)
i=1

1
D 1 where

wherew = [w?;::;wS]" is the weight vector obtained aw, = 75T

D , diagf( Y)?;::;( S)%gis 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.

Ref 2,9 . by

Imf ag

Figure 4.6: ARVTDNN architecture.

The same input signa,,, 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

& = &n)t | olkn), where €,) and ok ,) are the estimates of real and
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imaginary parts respectively. The cost function is de ned as

Ng 1

J=o Refag )’ +(mfag ol ) (4.29)
Sn=0

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
1€n)= WgWz,+by)+ by (4.30)

wherew, 2 Ct: s the weight vector of the output layer, similarly output for the
quadrature part is obtained by the weight vestey andb,o. W, 2 Ctt ™M 2 g

the weight matrix for the input layer with elemenfW 1]x; = wy,; which connects

1™ neuron of the input layer tk™" neuron at the hidden layds; andb, are the bias
vectorsL ; is the number of neurons in hidden layer a&fd is the activation function.

It can be noted from (4.30) that nonlineargg) 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 functigix) = % 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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455 \olterra 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
X1 ) G G G

a, = pZn pt+ par Zn pZn ¢Zn (4.31)
p= M+1 p= M+l g= M+1lr= M+l

where , and g, 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], = a,, 2 C@M D*@M 1) 1jgthe coefcient vector, whose
elements are the \olterra series coef cierifs2 CNs @M 1)*@M 1) j5 the data
matrix formed by nonlinearly distorted training symbols after standard FDE opera-
tion, whose elements are basis functions for ¥S,z, qZn - Then, LS method is

performed to estimate VS series coef cients as

1

= zHz “ZMa; (4.32)

where[a], = a, 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.

: n .o
In Figure 4.4, NP produces soft symbol estimats = z{"  asthe output for

each branch, wheré ) denotes the output of nonlinear regression function. Then,
soft symbol estimates, = [-aﬁl);aﬁz); el B)]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]
a = a,+t . (4.33)
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where is the Bussgang coef cient vector computed during fast time training period

as w1 D oen ot
Efa,a,0 -
= —— ana, jan] ; (4.34)
Ef] anjzg n=0 n=0
andR is the autocorrelation matrix of distortion vectog,, which is calculated as
1 X!

R =Ef(a, a)(an a.)"g (&  an)(&n  a)™: (4.35)

Ne

n=0

Although the data symbols,,, 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 signaly using
desired symbola,. 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 vectar, 2 C & 1,

mnwlR w, st wl =1; (4.36)

which gives the combiner vector as
R 1

WeZ TR

(4.37)

Then the soft symbol estimaté,, and the estimate of the distortion varianég,
which will be utilized while calculating log-likelihood ratio (LLR) values, become

a, = wa,; n2= wHR w, = (4.38)

H R 1 :
By using4, and”,, LLR for thek™ bit of symbola,, L (Ik), can be calculated as

L(tﬁ)oz l
P
og, @p 248 &P %[Refang Refang)®+(Imfang Imfang)?
2 =P
anoatk XD 7z [(Reféng Refa,g)?+(Imfa,g  Imfayg)?]

(4.39)

whereA, is QAM symbol alphabew\gzl;k is the ideal constellation point with &L

at given bit locationk. 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

P .
a%A, p(aja‘)

Cp =log,P Ess log, o(&ia) ;

(4.40)

whereP is the modulation ordep(ajad is themismatchegbrobability density func-
tion (PDF), which is used since exact knowledge on PDF is not available due to
nonlinearity. Hence, an approximate exponential Pij&ja), is assumed based on

the decompostion given in (4.33) as

p(aja) = ﬁ exp (& a"R Ya a) ; (4.41)
where Gaussian distribution is assumed for the unknown PDF. Consequdoiigra
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) [Rljtage probabilityis another
performance metric that can be used to measure the performances of the detectors in
fading channels. Outage probabiliB,; can be de ned as the probability of the in-
stantaneous AIR being less then a thresi@ld: P,y = PrfCp < C1g. 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(LNg=Np) | O(Nitloga(Np)) | O(Ni((2M  1)L,)) | O(Nilog,(P)2P)

MM [41] O(LNg=Np) | O(log:(Np)) - O(log(P)6P)
DA-SSD (NN) O( s(2M  1)L1))
DA-SSD (GPR)| O( sLN¢=Np) | O( glog:(Np)) O( &Ns) O(log(P)2P)
DA-SSD (VS) o( s(@2M 1)}

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 folN;, 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 contaBiawged6 clusters

with a line-of-sight component witthO dB Rician factor [3] are considered. In sim-
ulations, the channel length is chosen to cd#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 a256 QAM.

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

ing sequence length i = 3000 symbols. Aroot raised cosinelter with 0:3
roll-off factor and = 8 is used a@,. For nonlinear parameter learning, an ST train-
ing sequence of lengiNs = 16384is used. To utilize the proposed BLUE combiner

for GPR estimates, the training sequence is divided &hsegments. ARVTDNN
structure with 30 neurons is employed. Unless otherwise stated, memory depth for
GPR, NN, and VS-based NPs is chosen &samples.

PA Model descriptiontn simulations, model parameters for the Saleh model are cho-

senasin[4l]gp =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 ak GHz with 200MHz sampling rate andOMHz sig-

nal bandwidth. Model parameters &g =5, P, = 4, andP. = 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
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