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Abstract

Wireless communications is nowadays seen as one of the main foundations of technological
advancements in, e.g., healthcare, education, agriculture, transportation, computing,
personal communications, media, and entertainment. This requires major technological
developments and advances at diLerent levels of the wireless communication systems
and networks. In particular, it is required to utilize the currently available frequency
spectrum in a more and more e [cieht way, while also adopting new spectral bands.
Moreover, it is required that cheaper and smaller electronic components are used to build
future wireless communication systems to facilitate increasingly cost-e [edtive solutions.
Meanwhile, energy e [ciehcy becomes extremely important in wide scale deployments of
the networks both from a running cost point of view, and from an environmental impact
point of view. This is the big picture, or the so called ‘bird’s eye view’ of the challenges
that are yet to be met in this very interesting and fast developing field of science.

The power amplifier (PA) is the most power-hungry component in most RF trans-
mitters. Consequently, its energy e Lciehcy significantly contributes to the overall energy
e [ciehcy of the transmitter, and in fact the whole wireless network. Unfortunately,
energy e [ciehcy enhancement implies operating the PA closer to its saturation region,
which typically results in severe nonlinear distortion that can deteriorate the signal
quality and cause interference to neighboring users, both of which negatively impact the
system spectral e [ciehcy. Moreover, in flexible spectrum access scenarios, which are
essential for improving the spectral e [ciehcy, particular in the form of non-contiguous
radio spectrum access, the nonlinear distortion due to the PA becomes even more se-
vere and can significantly impact the overall network performance. For example, in
noncontiguous carrier aggregation (CA) in LTE-Advanced, it has been demonstrated
that in addition to the classical in-band distortion and regrowth around the main carri-
ers, harmful spurious emission components are generated which can easily violate the
spurious emission limits even in the case of user equipment (UE) transmitters.

Technological advances in the digital electronics domain have enabled us to approach
this problem from a digital signal processing point of view in the form of widely-adopted
and researched digital predistortion (DPD) technology. However, when the signal
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bandwidth gets larger, and flexible or non-contiguous spectrum access is introduced,
the complexity of the DPD increases and the power consumed in the digital domain
by the DPD itself becomes higher and higher, to the extent that it might be close
to, or even surpass, the energy savings achieved from using a more e [cieht PA. The
problem becomes even more challenging at the UE side which has relatively limited
computational capabilities and lower transmit power. This dilemma can be resolved by
developing novel reduced-complexity DPD solutions in such flexible spectrum access
and/or wide bandwidth scenarios while not sacrificing the DPD performance, which is
the main topic area that this thesis work contributes to.

The first contribution of this thesis is the development of a spur-injection based
sub-band DPD structure for spurious emission mitigation in noncontiguous transmission
scenarios. A novel and e [edtive learning algorithm is also introduced, for the proposed
sub-band DPD, based on the decorrelation principle. Mathematical models of the
unwanted emissions are formulated based on realistic PA models with memory, followed
by developing an e [cieht DPD structure for mitigating these emissions with reduced-
complexity in both the DPD main processing and learning paths while providing excellent
spurious emission suppression. In the special case when the spurious emissions overlap
with the own RX band in frequency division duplexing (FDD) transceivers, a novel sub-
band DPD solution is also developed that uses the main RX for DPD learning without
requiring any additional observation RX, thus further reducing the DPD complexity.

The second contribution is the development of a novel reduced-complexity concurrent
DPD, with a single-feedback receiver path, for carrier aggregation-like scenarios. The
proposed solution is based on a simple and flexible DPD structure with decorrelation-
based parameter learning. Practical simulations and RF measurements demonstrate that
the proposed concurrent DPD provides excellent linearization performance, in terms of
in-band error vector magnitude (EVM) and adjacent channel leakage ratio (ACLR), when
compared to state-of-the-art concurrent DPD solutions, despite its reduced computational
complexity in both the DPD main path processing and parameter learning.

The third contribution is the development of a new and novel frequency-optimized
DPD solution which can tailor its linearization capabilities to any particular regions of the
spectrum. Detailed mathematical expressions of the power spectrum at the PA output
as a function of the DPD coe Lciehts are formulated. A Newton-Raphson optimization
routine is then utilized to optimize the suppression of unwanted emissions at arbitrary
pre-specified frequencies at the PA output. From a complexity reduction perspective,
this means that for a given linearization performance at a particular frequency range,
an optimized and reduced-complexity DPD can be used.

Detailed quantitative complexity analysis, of all the proposed DPD solutions, is
performed in this thesis. The complexity and linearization performance are also compared



to state-of-the-art DPD solutions in the literature to validate and demonstrate the
complexity reduction aspect without sacrificing the linearization performance. Moreover,
all the DPD solutions developed in this thesis are tested in practical RF environments
using real cellular power amplifiers that are commercially used in the latest wireless
communication systems, both at the base station side and at the mobile terminal side.
These experiments, along with the strong theoretical foundation of the developed DPD
solutions prove that they can be commercially used as such to enhance the performance,
energy e [ciehcy, and cost e [edtiveness of next generation wireless transmitters.
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CHAPTER 1

Introduction

1.1 Thesis Motivation and Scope

he exponentially increasing demand for new applications, higher peak data rates,
T and new devices in wireless communication systems necessitates major techno-
logical breakthroughs that allow for a more e [cieht utilization of the available radio
spectrum and energy resources. Consequently, spectral e Cciehcy and energy e [ciehcy
enhancements are two of the most important objectives in the ongoing development
in wireless communications, in particular 5G, [16, 38,51, 63, 66, 138]. Moreover, from
an economical perspective, spectral e [ciehcy enhancement leads to better usage of the
available spectrum, and thus more potential revenue. On the other hand, enhancing
the energy e [ciehcy can significantly reduce the operational expenditure (OPEX) of
the wireless network as well as the carbon footprint, and thus benefit our environment.
Additionally, reducing the capital expenditure (CAPEX) by using fewer, smaller, and
cheaper components, e.g., in the RF transmitter, is also very important and economi-
cally relevant for both telecommunications operators and semiconductor manufacturers.
The wider objective of this thesis is to develop novel solutions that can contribute to
achieving a good compromise among the above requirements, in particular from the RF
transmitter perspective, whether on the base station (BS) side, or on the user equipment
(UE) side.

Flexible spectrum access through carrier aggregation (CA) in the transmitter is
an e[edtive means for improving peak data rates and spectral e [Ciehcy in wireless
communication systems [26,42,103,115]. This is achieved by combining multiple com-
ponent carriers (CCs) from di [erknt frequencies/bands in order to increase the utilized
bandwidth, which is practically not available as a contiguous portion of spectrum [129].
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On the other hand, in order to enhance the energy e Lciehcy of such flexible transmitters,
the component carriers should be combined before the power amplifier (PA), whenever
it is technologically feasible, to avoid the combiner loss after the PA [23]. This also has
the advantage of reducing the bill of materials (BOM) by using a single dual-band PA
instead of two PAs while aggregating two CCs, for example. However, this leads to
three kinds of unwanted emissions. The first are emitted in-band, right on top of each
CC, thus degrading the in-band error vector magnitude (EVM). The second kind of
emissions are out-of-band (OOB) emissions which are emitted in the adjacent channels,
thus degrading the adjacent channel leakage ratio (ACLR). The third kind of unwanted
emissions are those emitted in the spurious domain, beyond the adjacent channel region.
Moreover, multicarrier transmissions, with high spectral e Cciehcy, exhibit very large
peak-to-average power ratios (PAPRs) which can further increase the level of these
unwanted spectral emissions.

The levels of these unwanted emissions are mandated and enforced by international
and national regulators, such as the US Federal Communications Commission (FCC;
see, €.0., [2]). On the base station (BS) transmitter side, mitigating these unwanted
emissions in flexible spectrum access scenarios has received a lot of attention in both
academia and industry, especially in the past decade [24, 34, 86, 106, 110]. Most of
these works focus on the EVM and ACLR aspects, while some fewer works also focus
on mitigating the spurious emissions. Recently, it has also been demonstrated in the
context of LTE-Advanced UE with non-contiguous intraband CA or multicluster type
transmissions, that spurious emissions due to the PA nonlinearity can violate the given
spectrum emission limits [8, 99, 100, 103], or lead to own receiver desensitization in
frequency-division duplexing (FDD) systems [47,72,103,125]. This implies the need
for solutions for these problems at the UE side as well, which is limited in terms of its
computational capacity when compared to the BS, and thus makes the problem more
challenging.

One straight forward solution to decrease the levels of unwanted emissions is to back
o Cthe transmit power from the PA saturation region. However, this is not an attractive
solution since it requires using larger PAs operating in the linear region. As a result,
the cost and size of the transmitter PA will increase, i.e., CAPEX will increase, and the
energy e [ciehcy will decrease, which directly translates to an increased running cost in
terms of power supply and cooling, i.e., higher OPEX. This is known in the literature
as the linearity e [ciehcy tradeo [of power amplifiers [81]. A better solution is to use
a smaller and more e [cieht PA in combination with a low complexity linearization
method to mitigate the PA nonlinear distortion.

Digital predistortion (DPD) is considered one of the most widely used and e [edtive
linearization techniques, in terms of performance and flexibility [58, 76]. However,
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developing low complexity DPD solutions in such flexible spectrum access scenarios
is not an easy task. This is mainly because of the wide aggregated bandwidth of CA
signals, which naturally increases the cost and complexity of classical DPD solutions,
thus possibly becoming not suitable for smaller devices such as mobile terminals and
small cell base stations.

In summary, we want to achieve higher spectral e [ciehcy through flexible spectrum
access, while achieving higher energy e [ciehcy and lower CAPEX and OPEX through
using inexpensive nonlinear PAs in the transmitter. This challenging combination
causes severe unwanted emissions that can degrade the transmit signal quality, violate
emission limits, and potentially desensitize the own receiver in FDD systems. Classical
DPD solutions require high complexity to mitigate these unwanted emissions. Thus,
the challenge lies in developing novel DPD solutions with reduced-complexity for such
flexible spectrum access scenarios, which is the main scope of this thesis.

1.2 Thesis Objectives

The ultimate objective of this thesis is to facilitate the implementation of more energy
e [cieht transmitters, with lower cost and size, particularly for modern multi-band
and spectrally-agile flexible radio networks. This requires the usage of small, energy
e [cieht, and therefore highly nonlinear power amplifiers in the transmitters. Towards
this end, the goal is to develop novel reduced-complexity DPD techniques, structures,
and algorithms in flexible spectrum access scenarios in order to mitigate the PA nonlinear
distortion in such challenging scenarios. The DPD complexity reduction is achieved on
di Lerknt fronts, starting from reduced-complexity DPD main path processing structures,
to reduced-complexity in the feedback observation receiver hardware, and ending with
novel digital signal processing (DSP) and optimization techniques to reduce the DPD
parameter estimation and real-time running complexity. Finally, the performance of the
developed DPD algorithms is tested, verified, and compared to state-of-the-art DPD
methods using realistic simulations as well as comprehensive RF measurements.

1.3 Thesis Contributions and Structure

The main contributions of this thesis are: developing a novel spur-injection based sub-
band DPD solution for spurious emission mitigation incorporating decorrelation type
of closed-loop parameter learning [P1], [P2], [P5], and [P6] (reviewed in Chapter 4
of this thesis); developing a novel sub-band DPD algorithm for protecting the own
receiver from transmitter induced emissions without requiring an extra observation
receiver [P7] (reviewed in Chapter 4); developing a novel concurrent DPD algorithm for
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linearizing the main carrier(s) in carrier aggregation scenarios incorporating a simple and
novel decorrelation-based learning concept [P3] (reviewed in Chapter 5); developing a
novel frequency-optimized DPD algorithm that can tune its linearization to a particular
frequency or band of interest [P4] (reviewed in Chapter 6). These DPD solutions have
the capability to significantly reduce the complexity of the DPD while providing excellent
linearization performance, in terms of EVM, ACLR, and spurious emission suppression,
when compared to other state-of-the-art DPD methods. Three main strategies have been
used to accomplish this objective. The first is based on developing reduced-complexity
DPD structures that aim at partitioning the wide band spectrum into a set of so called
sub-bands. Each sub-band uses a smaller, cheaper, and significantly more energy e [cieht
DPD unit operating at a much lower sample rate. The second strategy is built on
developing simple yet e[edtive adaptive DPD learning solutions that do not require
computationally demanding operations and can thus significantly cut the cost of the
DPD in terms of the amount of digital processing required. The third strategy is based
on optimizing the DPD parameter estimation such that the most critical emissions are
given highest priority. From a complexity reduction perspective, this means that for
a given linearization performance at a particular frequency range, an optimized and
reduced-complexity DPD can be used.

The DPD solutions developed in this thesis are all adaptive, and therefore can
adapt to changes in the transmitter operating conditions. These solutions are also
waveform independent and can thus be applied to any of the current 3G and 4G mobile
communication standards, or future networks, primarily 5G mobile communication
systems. They can, in principle, also be applied to any wireless transmitter, e.g.,
fronthaul/backhaul, satellites, etc. Additionally, the proposed DPD algorithms can be
applied on the transmitter side of the mobile terminal, or the base station. They can
also be extended and applied to multiple input multiple output (MIMO) transmitter
architectures whether in the sub-6 GHz range or in the millimeter wave range.

Several supplementary articles related to the thesis scope have also been published
by the author together with his supervisors and colleagues. A conference paper [116]
introduced some further developments to the sub-band DPD in [P2] that can both
enhance its performance and further reduce its complexity. Another conference paper [12]
applied the filtered basis functions concept to the decorrelation-based closed loop DPD for
the main carrier, and also extended the DPD learning and processing to mitigate the 1/Q
modulator impairments in addition to the PA nonlinearity. Four additional conference
papers, related to hardware implementation of the developed reduced-complexity DPD
solutions on diLerknt platforms, have also been published [13,14,54,83]. Three further
conference papers and one book chapter are related to DPD for spectrally-contained 5G
waveforms, e.g., FBMC, filtered-OFDM, etc., [10,11, 33,43].
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The thesis is organized as follows: Chapter 2 describes and reviews the transmit-
ter linearity challenges in flexible spectrum access. Chapter 3 introduces the digital
predistortion fundamentals including nonlinear models, DPD main path processing
architectures, and DPD learning architectures. A summary of reduced-complexity DPD
state-of-the-art is also presented in Chapter 3. The main contributions of the thesis
are presented in Chapters 4, 5, and 6. Chapter 4 summarizes the sub-band DPD for
spurious emission mitigation in [P1], [P2], [P5] - [P7]. Chapter 5 then summarizes the
concurrent DPD in [P3]. Chapter 6 summarizes the frequency-optimized DPD in [P4].
Finally, Chapter 7 presents the conclusions of the thesis and prospective future work.

1.4 Author’s Contribution to the Publications

The research topic of developing reduced-complexity digital predistortion solutions for
spurious emission mitigation in carrier aggregation transmitters was proposed by Prof.
Mikko Valkama. The impact of such spurious emissions, and the associated linearity
requirements in LTE-A mobile transmitters, were quantified in the M.Sc. thesis of M.Sc.
Toni Léhteensuo [78], under Prof. Mikko Valkama’s supervision. The study in [78]
set the motivation for the development of the sub-band DPD for spurious emission
mitigation in [P1], [P2], [P5], [P6], as solutions to relax the linearity requirements in
LTE-A CA transmitters with reduced-complexity processing. The DPD algorithms
in [P1], [P2], [P5], [P6] were all developed by the author. The modeling, derivations,
complexity analysis, simulations, and RF measurements in these publications were all
done by the author. The writing of the publications was mostly done by the author,
however, Dr. Lauri Anttila and Prof. Mikko Valkama both significantly contributed to
the final appearance and structure of these publications, especially the earlier ones.

The idea of developing a sub-band DPD solution specifically for mitigating transmitter
induced receiver desensitization in CA FDD transceivers was proposed by Prof. Mikko
Valkama, and lead to the development of the work in [P7]. The actual algorithm
development, modeling, analysis, and simulations in [P7] were all done by the author.
The writing of [P7] was done mainly by the author, while Prof. Mikko Valkama and Dr.
Lauri Anttila both contributed to the final appearance of the publication.

The idea of developing a reduced-complexity concurrent DPD for the main carriers
in CA transmitters was initially proposed by the author and lead to the development of
the work in [P3]. The modeling, derivations, complexity analysis, simulations, and RF
measurements in [P3] were all done by the author. The writing of [P3] was done mainly
by the author, while Prof. Mikko Valkama and Dr. Lauri Anttila both contributed to
the final appearance and structure of the publication.



INTRODUCTION

The idea of developing the frequency-optimized DPD in [P4] was initially proposed
by Dr. Lauri Anttila. The initial version of the modeling, analysis and derivations
were done by Dr. Zhu Fu as a part of a research collaboration project with Worcester
Polytechnic Institute (WPI), USA. The modeling, analysis, and derivations were then
extensively revised jointly by the author and Dr. Lauri Anttila, which then lead to the
final algorithm development of [P4]. The simulations, RF measurements, and complexity
analysis in [P4] were all done by the author. The writing of [P4] was a joint e [ant
between the author, Prof. Mikko Valkama, Dr. Lauri Anttila, Dr. Zhu Fu, and Prof.
Alex Wyglinski.



CHAPTER 2

Transmitter Linearity
Challenges in Flexible
Spectrum Access

Wireless communications is facilitating new applications in almost every aspect of
our lives, from healthcare, to education, entertainment, transportation, etc. These
applications require wider spectral bandwidths, up to hundreds of MHz in both the
downlink (DL) and the uplink (UL). Such wide bandwidths are practically unavailable as
a contiguous portion of the spectrum, particularly in the sub-6 GHz range of frequencies.
Many wireless communication standards have evolved in a way that satisfies such new
requirements by adding features that support flexible spectrum access. An example
of such standard developments is the carrier aggregation (CA) feature in 3GPP LTE-
Advanced (LTE-A), also known as LTE-Advanced Pro since its recent Release 13
[6, 8,64, 82,84]. Other examples include the noncontiguous transmission feature in
the IEEE 802.11ac WiFi standard [3], and the channel bonding feature in the IEEE
802.22 standard [4], also known as the cognitive radio standard. This flexibility in
spectrum access comes at the expense of increased linearity challenges in the transmitter,
particularly due to the transmitter power amplifier (PA).

In this Chapter, we mostly focus on the challenges in LTE-A CA, as a practical
example for flexible spectrum access. We start the Chapter by shortly reviewing the
evolution of CA in LTE-A in Section 2.1, followed by a discussion regarding possible CA
transmitter architectures in Section 2.2. The challenges associated with noncontiguous
CA transmission with respect to the PA nonlinearity are then introduced in Section
2.3. Section 2.4 then mentions the dilerknt methods for PA linearization. Finally,
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reduced-complexity DPD concepts are shortly discussed in Section 2.5 as an e [cieht
solution for the problem at hand.

2.1 Carrier Aggregation in 3GPP Cellular Network
Evolution

3GPP began introducing carrier aggregation from Release 10 onwards, which is also the
first release where the technology is called LTE-Advanced. In general, CA allows for
combining several component carriers (CCs) in a contiguous or noncontiguous manner
whether in the DL, or in the UL. Each CC may possess a bandwidth of any single-carrier
bandwidth defined within the LTE specifications [6,8]. These CCs can be within the same
RF band, i.e., intraband CA, or in di[erent RF bands, i.e., interband CA. Currently,
the RF specifications allow the aggregation of two CCs in intraband CA, and up to four
CCs in interband CA [5,6,8,9].

On the DL side, Release 10 introduced intraband contiguous CA and interband
noncontiguous CA, followed by Release 11 which introduced intraband noncontiguous
CA. A new set of frequency bands and band combinations were then added in Release
12, along with the possibility of aggregating FDD and TDD carriers. Release 13, which
is also the first release where the technology is called LTE-Advanced Pro, introduced a
new feature to further boost the DL network capacity namely licensed-assisted access
(LAA) [97]. In LAA, CA can occur between licensed and unlicensed bands where the
carrier in the licensed band coordinates the link, thus providing a reliable connection
between the terminal and the base station, while more bandwidth can be opportunistically
obtained from an unlicensed band [5, 6].

On the UL side, Release 10 introduced contiguous CA. Release 11 then introduced
so-called multicluster transmission, which means that non-contiguous resource allocation
can be performed within a single UL carrier. Release 12 yielded two additional major
updates, as non-contiguous intraband CA and interband CA were introduced, where the
LTE-A UE can be allocated UL resources across aggregated spectrum consisting of two
or more component carriers [8, 9].

2.2 Carrier Aggregation Transmitter Architectures

The complexity and challenges of the CA transmitter architecture depend on where
the CCs are combined in the transmitter. Considering the dual-carrier scenario, as a
practical example, there are three possible options to combine the first CC, namely CC1,
and the second CC, namely CC2, as shown in Fig. 2.1.
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Figure 2.1: Three possible TX architectures for CA in LTE-A in the dual-carrier case. The
1/Q upconversion based architecture is assumed per TX chain.

e Combining CC1 and CC2 already at digital front-end. This is suitable for intraband
contiguous CA. In principle, it is possible also in intraband noncontiguous CA,
but will require higher sample rates.
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e Combining CC1 and CC2 at RF, before the transmitter PA. This is suitable for
non-contiguous intraband CA. It can also be used in interband CA when the bands
are not very far from each other, and hence using a single dual-band PA is feasible.

e Combining CC1 and CC2 at RF, after the per-CC PA stages. This is suitable for
non-contiguous intraband or interband CA.

In the case of aggregating more than two CCs, a combination of these options can be
used, depending on the frequency spacing between the aggregated bands, and also the
computing and cost constraints of the considered TX.

Due to the excessively high complexity of TX architecture 1 in noncontiguous CA
scenarios, it will most likely not be feasible, especially for computing-limited devices
such as mobile terminals and small cell basestations. TX architecture 2 then has two
advantages over TX architecture 3 in noncontiguous CA scenarios, whenever feasible.
The first is that power e [ciehcy of the overall transmitter is typically better with a
single multi-band PA when compared to the multiple PA-based architecture, due to the
combining loss at the PA output in TX architecture 3 [23]. The second advantage is
that the bill of materials (BOM) in TX architecture 2 is lower than in TX architecture
3 due to fewer number of RF components. However, the nonlinearity of the multi-band
PA in architecture 2 may result in severe intermodulation distortion (IMD) at the PA
output with drastic e [edts, as will be shown in more details in the next section.

2.3 PA Nonlinear Distortion Quantification and Chal-
lenges in CA Transmitters

When a noncontiguous CA signal is applied at the input of a single nonlinear PA, three
kinds of unwanted emissions result that a[edt three di[erknt regions of the spectrum.
The first is emitted in-band, right on top of each CC, thus degrading the transmit signal
quality, or in other words degrading the in-band error vector magnitude (EVM). The
second kind of emissions are out-of-band (OOB) emissions which are emitted in the
adjacent channels, thus possibly causing interference to neighboring users, or in other
words degrading the adjacent channel leakage ratio (ACLR). The third kind of unwanted
emissions are those emitted in the spurious domain, beyond the adjacent channel region,
as demonstrated in Fig. 2.2. These spurious emissions can violate emission limits and/or
desensitize the own RX in FDD transceivers. More details regarding the quantification
of the PA nonlinear distortion in these three regions will be provided next.

Here and in the continuation, we refer to the frequency location of the dilerent
distortion terms as sub-bands. For example, in the dual carrier scenario shown in Fig. 2.2,
8 sub-bands are present. The first two sub-bands at + [72 from the carrier frequency

10
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Figure 2.2: lllustration of the distortion components created by a nonlinear PA when excited
with a non-contiguous CA signal with two component carriers. In this LTE-A interband CA
UL example, the CCs are at bands 1 and 3 respectively. The spur at IM3+ sub-band overlaps
with the own RX band of CC1.

contain the main carriers, where [Tiddefined as the frequency separation between the
aggregated carriers. The sub-bands at [ffrbm the center of the appropriate component
carrier are denoted by the IM3= sub-bands. Similarly, sub-bands at 2 [Tfrbm the center
of the appropriate component carrier are denoted by the IM5= sub-bands, and so on,
as also illustrated in Fig. 2.2.

2.3.1 In-band Distortion Quantification

The in-band transmit waveform purity is typically measured through the EVM metric,
which is defined as —1_

EV My, = @ x 100%, (2.1)

ref

where Perror is the power of the error signal, defined as the dilerknce between the ideal
symbol values and the corresponding symbol rate complex samples at the PA output,
both normalized to the same average power, while P is the reference power of the ideal
symbol constellation. Typically in EVM evaluations, linear distortion of the transmit
chain is equalized prior to calculating the error signal [42]. In the dual-carrier example
shown in Fig. 2.2, EVM is calculated separately for the two CCs.

2.3.2 Out-of-band Distortion Quantification

The OOB emissions are usually quantified as the unwanted emissions at the immediate
adjacent channels, and are measured with the ACLR metric. The ACLR is defined
as the ratio of the transmitted powers within the wanted channel (Pwanteq) and the

11
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adjacent channel (Pagjacent), respectively [7], namely

P
ACLRgg = 10log;, %’“‘*"t, (2.2)
adjacen

and it can be calculated separately for left and right adjacent channels. Notice also
that in general, depending on the system specifications, the evaluation or measurement
bandwidth of the adjacent channel power can be dilerent than that of the wanted
signal power [6,8]. In the dual-carrier example shown in Fig. 2.2, ACLR is calculated
separately for the two CCs.

2.3.3 Spurious Emissions Quantification and Challenges

Following the ITU-R recommendations [2] for frequencies between 1 - 12.75 GHz, we
quantify the spurious emissions as the integrated power over a 1 MHz measurement
bandwidth/window, at frequencies beyond the OOB range. While this gives an absolute
power measure for the spurious emissions within the measurement bandwidth, we also
define the relative spurious emission rejection as the ratio of the in-band wanted channel
power and the spurious emission power (over the 1 MHz measurement bandwidth) at
the considered frequency/sub-band. For example, at the IM3, IM5, and IM7 sub-bands,
these spurious emission rejection ratios read

P

IM3Rgg = 101l0g;, %"fc, (2.3)
P

IM5Rgs = 10log;, %ﬁcc, (2.4)
P

IM7Rgg = 101l0g;, %";CC. (2.5)

These emissions can seriously violate the given spurious emission limits [8,99, 100, 103].
Furthermore, in FDD devices, the generated spurious components can also overlap with
the device’s own receive band, causing receiver desensitization [47,71,72,103,125], as
will be explained in more details in the following.

Spurious Emission Limit Violation

The levels of dilerent unwanted emissions are, in general, regulated by the standard-
ization bodies and ITU-R [2]. It has been recently demonstrated that in the context
of LTE-Advanced with noncontiguous CA or multicluster type transmission, the PA
nonlinearities lead to spurious emissions that can seriously violate the given spectrum
and spurious emission limits if not properly controlled [8, 78,99, 100, 103]. The most
significant emissions are those emitted at the IM3= sub-bands, but in general, the

12
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emissions at the other IM sub-bands can be harmful as well. One obvious solution
to decrease the levels of unwanted emissions is to back o[the transmit power from
its saturation region. In 3GPP UE terminology, this is known as Maximum Power
Reduction (MPR), and MPR values up to 18 dB are allowed in some use cases for mobile
terminals [8]. Several numerical examples demonstrating that high MPR values are
required in certain CA scenarios are shown in [13,73,78], [P1], and [P2]. This comes at
the expense of lower UL coverage, and energy e [ciehcy, as well as more expensive and
less compact RF transmitters with larger PAs.

TX Induced Leakage at own RX

In FDD devices, in addition to violating the general spurious emission limits, the
generated spurious components can also overlap with the device’s own receive band,
causing own receiver desensitization [47,72,103,125]. Considering an LTE-A inter-band
CA UL example, shown in Fig. 2.2, in which the two CCs are at bands 1 and 3
respectively, and are applied into a single dual band PA, the spur at the IM3+ sub-band
falls on the own RX band of CC1, and therefore potentially desensitizing its own receiver.
Two straight forward solutions to this problem are: increasing the duplexer isolation,
and reducing the TX power. However, increasing the duplexer isolation, significantly
increases the cost, complexity, and size of the duplexer filters, which becomes impractical,
especially for mobile devices. Reducing the TX power, on the other hand, will end up
yielding a significantly lower PA e [ciehcy, as well as a substantial reduction in the
network coverage.

Thus, there is a clear need for other solutions to these problems that do not have
such drawbacks. That is why one of the main objectives of this thesis is to develop
reduced-complexity PA linearization solutions that can mitigate particular spurious IMD
components, as well as in-band and out-of-band distortion components resulting from
the PA nonlinearity.

2.4 PA Linearization Techniques

PA linearization techniques include feedback linearization, feedforward linearization,
RF predistortion, and baseband digital predistortion (DPD) [67,70]. Analog feedback
linearization techniques rely on a closed-loop feedback from the PA output to its input in
order to reduce the emissions, and are limited in terms of bandwidth [67]. Feedforward
linearization is an inherently wideband technique, but requires considerable additional
RF hardware. The accuracy, flexibility, as well as practical bandwidth of feedforward
linearization are all limited by the analog components [67]. RF predistortion is a
wideband linearization technique, but its fidelity is rather limited due to the analog
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implementation. Digital predistortion, on the other hand, is probably the most e [edtive
and cost e [cieht among all linearization techniques. It has the greatest flexibility,
reconfigurability, and also performance in most cases. Its bandwidth is mostly limited
by the digital hardware, and will therefore benefit from the scaling of CMOS technology.

For the above reasons, DPD is the PA linearization method of choice in this thesis
where the focus is to develop reduced-complexity DPD methods that can be used for
wideband and CA scenarios in 4G and 5G wireless communication systems. Particularly,
the DPD solutions where complexity reduction is sought are likely to be important in
5G systems where the envisioned carrier bandwidths can be even in the order of 1-2
GHz, especially at mmwWave bands.

2.5 Reduced-complexity DPD Concepts

There have been substantial research e [adts in the past 20 years in developing ever more
e [cieht and elaborate DPD techniques, mostly for high-end macro base-station type of
devices. The conventional DPD approaches seek to linearize the full composite transmit
signal, and we thus refer to such solutions as full-band DPD. However, the reason why
such classical DPD techniques might be considered highly complex for wideband and
CA scenarios is primarily due to the large additional complexity in terms of the required
baseband processing and sample rates in the transmitter main path, as well as the
feedback receiver used for DPD parameter estimation. Three main philosophies are thus
used in this thesis in order to reduce the complexity of the DPD.

1. Dividing the overall wide transmit band into sub-bands, and using a lower com-
plexity DPD structure for each sub-band, as explained in more details in Chapters
4 and 5. In Chapter 4, this idea is used to mitigate spurious emissions. While in
Chapter 5, the main focus is on mitigating in-band and out-of-band emissions.

2. Tuning the DPD to particular frequencies/bands where linearization is more nec-
essary, using optimization techniques. Thus, for a given linearization performance
at such frequencies/bands, a reduced-complexity DPD, in terms of the DPD main
processing path, can be used. These aspects are explained in more details in
Chapter 6.

3. Developing novel DSP algorithms for DPD parameter estimation with reduced
complexity in the DPD main path processing and in the feedback path. These
aspects are explained in more details in Chapters 4, 5, and 6.
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CHAPTER 3

Digital Predistortion
Fundamentals and
State-of-the-art

In general, any DPD system can be divided into two main paths as illustrated also in
Fig. 3.1: the DPD main processing path and the DPD learning path which updates the
DPD coe Lciehts in the main path. Since the PA is nonlinear by nature, therefore the
behavioral models which describe either the PA or the DPD are also nonlinear models.
Section 3.1 summarizes some of the most common nonlinear models used in the literature
for PA modeling and/or DPD processing. Section 3.2 then introduces the DPD main
path processing approaches, followed by Section 3.3 which introduces the four basic
DPD learning architectures available in the literature as per the author’s knowledge to
date. Finally, Section 3.4 presents a summary of state-of-the-art reduced-complexity
DPD techniques available in the literature.

3.1 Nonlinear Models

PA nonlinear models can be divided into physical models and behavioral models [53, 65,
104]. Physical models use the equivalent circuit of the PA which relates the voltages
and currents at the PA input and output using nonlinear equations. On the other hand,
behavioral models consider the PA as a black box whose input-output relation is specified
by a certain mathematical function that models its behavior, and are generally less
accurate than physical models. However, in this thesis behavioral models are considered
for two reasons: the first is that they are simpler to use, and the second is because the
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Figure 3.1: Generic DPD block diagram illustrating the DPD main path processing and the
DPD learning path.

main focus is on DPD more than PA modeling, and in fact DPD is digital by nature
and its nonlinear models are usually obtained by inverting the baseband equivalent PA
model, as will be shown in Sections 3.2 and 3.3. Thus, behavioral models are considered
a good fit for DPD.

Polynomial based models and artificial neural networks (ANN) are two of the most
widely used behavioral models for nonlinear system identification [104]. However, ANN
are nonlinear in their parameters and thus require more sophisticated nonlinear parameter
extraction algorithms when compared to polynomial based models that can be described
in a linear-in-parameters format. That is why polynomial based models are more widely
used in PA modeling and DPD since they are both easy to use and at the same time
have good approximation capabilities for various nonlinear functions [53,79], and thus
we will limit our discussion to such models. We start with the memoryless polynomial
models, and then move to the more general and also widely used polynomial-based
models with memory.

3.1.1 Memoryless Polynomial Models
Assuming a memoryless P ™-order polynomial model, the RF PA output signal reads

yre() = fy xRe (1), (3.1)
p=1

where Xrp (t) and yre (t) are the RF bandpass PA input and output signals, respectively,
and f, is the RF PA pth-order polynomial coe [Cieht. The discrete time baseband
equivalent PA output then reads [133]
.
y(n) = o [X(N)[P~*x(n), 3.2

p=1
p odd
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where x(n) and y(n) are the discrete time baseband equivalent (lowpass) PA input and
output signals, respectively, and f, is the p*"-order polynomial coe Lcieht. Only the odd
order intermodulation terms are included in the baseband equivalent model in (3.2).
The harmonics and even order intermodulations are generally far away from the carrier
frequency and can thus be easily filtered out by the TX RF filter(s), unless the signal
bandwidth is very large with respect to the carrier frequency, which is usually not the
case in most commercial wireless communication systems.

3.1.2 Polynomial-based Models with Memory

The Volterra model is the most general polynomial-based model with memory [91].
Assuming a Volterra model with P™-order nonlinearity and memory order N, the
discrete time baseband equivalent PA input output relation reads [117]

/T ™ 1 1 L 1 ¥ 1
y(n) = T e T fpymlymz ,,,,, mp
p=1 m;=0mz=my Mp+1y)/2=Mp—1)/2 Mp+3)/2=0 Mp=Mp_1
p odd
P+p72)  —
x x(n —m;j) xth —my), (3.3)
i=1 k=(p+3)/2

where fpm; m,,...m, are the Volterra kernels, where only the odd nonlinearity orders
are considered since even order nonlinear products are generally far away from the
fundamental zone [70, 133].

However, a major drawback of the full Volterra model in (3.3) is that the number of
kernels grows exponentially with the nonlinearity order and memory depth. Therefore,
several pruning techniques have been proposed in the literature [41,46,74,96,137] to
reduce the complexity of the full Volterra model. The pruning techniques aim to extract
only the most relevant kernels or basis functions, for example based on physical insights
of the PA circuits [137]. More details regarding reduced-complexity nonlinear models
and associated DPD structures are provided in Section 3.4.

A popular pruned version of the Volterra model is the memory polynomial (MP)
or parallel Hammerstein (PH) model, which is widely used for PA modeling and DPD
[46,65,74,77,104,114,117]. The discrete time baseband equivalent PH PA output is
defined as

y(n) = fo.n CIX(M)[P~x(n), (3.4)

p=1
p odd
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where T, , denotes the PH branch filter impulse responses I(_lfg_dillﬁbnt orders p. The
convolution operator (0)1in (3.4) is defined as: f, n [X(n) = | _ fp mX(N —m), where
N is the memory order of the filter. This notation will be used throughout the thesis.

The greatest benefit of the basis function representation in all the previously men-
tioned nonlinear models with memory is that it provides linear-in-parameters models,
and therefore the parameter identification can be performed with simple well-known
algorithms, such as linear least-squares (LS) fitting, or least-mean-square (LMS) type
of adaptive algorithms [21]. The drawback, as the Volterra series model exemplifies, is
that a large number of parameters may be required for an accurate fit.

Another popular class of nonlinear models with memory are cascaded or modular
structures, which involve dilerent combinations of linear time-invariant filters and
(typically) static nonlinearities. The most elementary two-box models are the Wiener
model and the Hammerstein model, which are formed by cascading a linear filter and
a memoryless nonlinearity, or vice versa, respectively [53,112]. More elaborate two or
three-box models have been proposed for example in [60,94]. The benefit of such models
is, that the constituent blocks can be quite simple, and therefore the overall number of
model parameters stays reasonable. The downside is, that the parameter identification
procedure inevitably becomes more complex.

3.2 DPD Main Path Processing

In this Section, we shortly describe the two main approaches for DPD main path
processing which are the classical behavioral model inversion-based approach, and the
injection-based approach, respectively.

3.2.1 PA Behavioral Model Inversion-based Approach

This approach is the most widely used and popular approach for DPD. The fundamental
idea is based on applying a nonlinear function at the PA input which approximates the
inverse of the PA nonlinear response, such that the combined e [edt of the two nonlinear
subsystems is approximately linear, as shown in Fig. 3.2(a) [53]. Digital predistortion
operates in the digital domain, i.e., before the digital-to-analog converter (DAC) in the
TX chain, which facilitates the usage of powerful DSP tools for estimating and adapting
the DPD coe [ciehts, as will be shown in the next section and in the upcoming chapters.
In general, any nonlinear model can be used for DPD, however, in this thesis we mostly
focus on the polynomial-based models described shortly in the previous section.

18



3.2 DPD Main Path Processing

A PA response PA response
PA Inversion -based  DPD response without DPD  with DPD
DPD approach [ i
X(Nn DPD Basis x(n
( )t functions > D_PD (n) ,| D/ A, LPF Qnd » PA
Generation Filter 1/ Q Modulation
A |;
PA output PA output
without DPD with DPD

(a) PA inversion-based DPD main path processing approach

Injection -based DPD approach
X(n) e x(n) D/ A, LPF, and PAS

1/ Q Modulation

A
Nonlinear
Basis functions —» D.PD
Generation Filter

PA output PA output
without DPD with DPD

(b) Injection-based DPD main path processing approach

Figure 3.2: DPD main path processing approaches

3.2.2 Injection-based Approach

Another way of looking at DPD, or even predistortion in general, is to consider it as a
nonlinear injection operation where a properly filtered version of the nonlinear distortion
is injected, at the PA input with opposite phase, such that the nonlinear distortion
cancels out at the PA output, as shown in Fig. 3.2(b) [35,92,120]. In the classical
single carrier and contiguous carrier aggregation scenarios, the di[erence between the
PA inversion-based approach, in Section 3.2.1, and the injection-based approach is
almost merely philosophical. However, in noncontiguous carrier aggregation scenarios
the dilerence becomes more obvious. That is because the injection-based approach
allows for injecting particular nonlinear distortion components at the most critical sub-
band(s) in order to cancel the distortion at the PA output at these sub-band(s) only,
with a significantly reduced complexity [34,75,109], [P2], [P3]. This kind of flexibility is
not directly available when considering the classical inversion-based DPD approach.
The idea of injection-based linearization was initially introduced for RF predistor-
tion in [17,93]. A combined RF and baseband injection-based linearization was then
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introduced in [50]. These techniques required extra RF hardware and required tuning
the amplitudes and phases of the injected components in the analog domain, which is
not essentially accurate enough. Moreover, including memory e [edts in the linearization
processing becomes quite complicated. Baseband injection-based DPD was thus pre-
sented in [35,92,120] as an e [edtive DPD technique, which has the flexibility of applying
DSP estimation techniques at baseband. Further discussion regarding injection-based
DPD techniques in the more challenging carrier aggregation scenarios will be discussed
in Section 3.4.2, and in Chapters 4 and 5.

3.3 DPD Learning Architectures

3.3.1 Direct Learning

The direct learning architecture (DLA) is divided into two steps; first the PA direct model
is extracted, then it is used to estimate the DPD coe Lciehts [44,74,80, 87,102,131, 132],
[P4], as shown in Fig. 3.3(a). It can provide very good linearization performance but
the DPD parameter or coe Lcieht calculation from the direct model parameters is not
always a trivial process since it is, in general, a nonlinear optimization problem [132].
One way of calculating the DPD parameters using the DLA is the Pt™-order inverse
approach [91,111,112]. Closed form solutions can be used to obtain the DPD parameters
from the direct PA model parameters, in memoryless direct model and DPD cases,
which are usually estimated via linear estimation techniques, e.g., least squares. This
procedure becomes more complicated when considering memory e [edts in the DPD [98].

3.3.2 Indirect Learning

The indirect learning architecture (ILA) is one of the most widely used DPD learning
architectures due to its simplicity and good performance [19, 20, 32,45, 46,49, 135]. In
the ILA approach, a postdistorter is first estimated by minimizing the error between the
postdistorter output and the PA input signal as shown in Fig. 3.3(b). This postdistorter
is then used as a predistorter assuming that they are equal. This is indeed true in case of
the pth-order inverse of Volterra nonlinearities [91,111,112], which is an approximation
of the exact inverse. This theory, however, is not always true when considering the
exact inverse of a nonlinear system where the pre-inverse and post-inverse are not
necessarily equal, provided that they exist [91]. That is one of the reasons why the ILA
learning operation is usually iterated a couple of times until a satisfactory performance
is obtained. Also, despite its simplicity, ILA-based learning su [erk from a well-known
bias problem in the DPD parameter estimation due to the noise in the feedback RX [18].
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This to some extent limits the capability of using low cost components in the feedback
RX when high performance linearization is desired.

3.3.3 Iterative Learning Control

Iterative learning control (ILC) is an iterative technique used in control theory to invert
the dynamics of linear and nonlinear dynamical systems [90, 95,121]. ILC has been
introduced in [36] as a novel method for DPD learning. Instead of focusing on identifying
the DPD coe Lciehts right away, ILC uses an iterative learning algorithm to find the
optimal PA input signal that produces the desired linear output response. Once the
optimal PA input signal is found, the DPD coe Lciehts can be estimated using standard
modeling approaches, e.g., linear least squares (LS), as shown in Fig. 3.3(c).

3.3.4 Closed Loop Learning

The closed loop learning DPD architecture is based on directly updating the DPD
coe [ciehts based on the error signal extracted between the PA distorted output and the
input signal without distortion [28-31,68,69], [P2], [P3], as shown in Fig. 3.3(d). First,
the observation at the PA output is divided by the linear gain of the PA which can easily
be estimated using linear estimation techniques. Then, the nonlinear distortion at the
PA output (error signal) is extracted by subtracting the input signal without distortion
from the scaled PA observation signal. This error signal is then used to update the DPD
parameters adaptively until the distortion at the PA output is minimized. In the special
case when the DPD mitigates the spurious emissions, at the IM sub-bands, in carrier
aggregation scenarios, the error signal is directly equal to the observation at the PA
output, at the corresponding IM sub-band [P2].

3.4 Reduced-complexity DPD: State-of-the-art

The state-of-the-art of reduced-complexity DPD is shortly summarized in this Section
as per the author’s knowledge to date. We start with general reduced-complexity
techniques that are applicable to any transmit spectrum scenario. Then we move to
more specific techniques for reducing the complexity of DPD in the more challenging
carrier aggregation scenarios with relatively wide carrier spacing.

3.4.1 General Techniques for Reducing DPD Complexity

In this Section, we shortly summarize some of the main techniques available in the
existing literature for DPD complexity reduction which can, in principle, be used in any
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carrier allocation scenario. These techniques can also be applied to any of the DPD main
path processing architectures explained in Section 3.2, or in any of the DPD learning
architectures explained in Section 3.3. Complexity reduction in the DPD processing
can, in general, be achieved by two methods: the first is based on reduced-complexity
DPD structures using nonlinear models with fewer parameters while not essentially
sacrificing the linearization performance. The second method is based on reducing the
required sample rates for DPD by filtering the observation at the PA output and the
DPD basis functions. Both strategies contribute to complexity reduction in the DPD
main path processing and learning. We start with a summary of reduced complexity
nonlinear models, then move to shortly discuss reduced-complexity DPD which is based
on reducing the required sample rate for DPD processing and learning.

Reduced-complexity Nonlinear Models

Nonlinear models representing the power amplifier nonlinear distortion products are
the cornerstone of any DPD system, and various models are used in the literature as
explained in Section 3.1. The Volterra model is the most general model which can,
in principle, represent any dynamic nonlinear distortion with high accuracy. However,
the number of Volterra kernels increases exponentially with the nonlinear order P and
memory order N as shown in (3.3), which increases the DPD processing and learning
computational complexity. Moreover, a large number of parameters commonly implies a
high condition number of the associated data matrix which can introduce stability and
numerical problems in the DPD parameter estimation procedure. That is why there
has a been a lot of e [ants in the literature to reduce the number of these kernels (basis
functions) through an operation known as pruning.

The simplest pruning method lead to the well-known MP or PH model in (3.4) in
which all the o [=diagonal elements of the Volterra series are set to zero. In [134,136],
some of the o [=diagonal terms were included to improve the modeling accuracy with
reasonable number of coe Lciehts, while in [137] the physical behavior of the PA circuit
was considered to select the most relevant Volterra kernels. In [39], the modeling
accuracy represented by the normalized mean square error (NMSE) was used as a metric
to rank the nonlinear basis functions and consequently choose the most relevant. Various
e [edtive pruning methods have also been introduced in [39,122,123,130] to reduce the
DPD structural complexity in di Lerent transmit spectrum scenarios.

More sophisticated signal processing algorithms were used in [15,55,57,119,128] to
reduce the number of basis functions used for PA dynamic nonlinear modeling and/or
DPD. In [15,119], the least absolute shrinkage and selection operator (LASSO) approach
was used. LASSO is a well known signal processing algorithm in which a reduced set of
basis functions can be obtained by putting a constraint on the L1-norm of the parameter
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vector [118]. Ridge regression can also be used to reduce the number of model parameters
and resolve ill-conditioning problems [62], and it was applied in [57] in the context of
reduced-complexity DPD. In [128], basis functions were adaptively added or removed
from the basis function set based on their correlation with the residual distortion at
the PA output, and thus only the most important/relevant basis functions were used.
Finally, a comparison between some of the above mentioned model order reduction
techniques was provided in [55].

Reduced DPD sample rates

The computational complexity, cost, and power consumption of any DPD system are
directly related to the required sample rates for DPD processing and learning. That
is why there has been some recent research e [orts that aim at reducing the required
sampling rate of the digital-to-analog converter (DAC) in the DPD main path, and
the analog-to-digital converter (ADC) in the feedback receiver path. This can be
achieved by filtering the observation at the PA output and/or the basis functions used
for predistortion with a filter whose bandwidth is less than Q times the bandwidth of the
baseband signal, where Q is the nonlinearity order of the DPD processing [28, 88, 126].
These works assume that the spectral regrowth lying outside the filter bandwidth can
be filtered out using the TX analog filter(s) [126], or that it can be extrapolated using
some extra signal processing in the DPD learning phase [88].

3.4.2 Reduced-complexity DPD in CA Scenarios

As a rule of thumb, classical DPD requires five to seven times the sample rate of
the original baseband signal, which becomes increasingly high and complex when the
aggregated bandwidth increases beyond a certain limit, e.g., in LTE-A noncontiguous
CA scenarios. There has thus been a lot of active research particularly in the area of
developing reduced-complexity DPD in flexible spectrum access scenarios [24, 25, 34,75,
85, 86, 89,106,109, 110,124, 127]. These developments mainly focus on finding ways to
reduce the required sample rates in the DPD main path and feedback path.

Concurrent DPD

There have recently been many works on e [cieht digital predistortion structures and
techniques for CA transmitters that employ only a single PA [24,34,86,106,110]. When
the primary focus of the DPD is to linearize the main CCs, these techniques are called in
the literature concurrent DPD. In such cases, the main CCs are assumed to be separated
by a large distance and the spurious emissions are assumed to be properly filtered
out by the transmit RF filter. The advantage of such concurrent DPD techniques is
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the reduced sampling rates of both the DAC and ADC in the DPD system compared
to conventional full-band DPD which linearizes the whole aggregated spectrum at a
significantly higher sampling rate. However, when the number of CCs increases, the
concurrent DPD structural complexity also increases thus increasing the number of
DPD parameters. Consequently, pruning and other model order reduction techniques
explained in Section 3.4.1 become even more relevant and important in such concurrent
DPD structures [122,123,130]. Moreover, classical concurrent DPD architectures require
a number of feedback observation receivers equal to the number of CCs. There have
thus been some recent research e [adts to reduce the complexity of such concurrent DPD
solutions and use only a single feedback receiver for parameter estimation [85, 89, 127],
[P3]. Additionally, some works have added more flexibility to such concurrent DPD
techniques by allowing the linearization of, for example, only one of the CCs if needed
to further reduce the DPD complexity in certain scenarios [124], [P3].

DPD for Spurious Emission Mitigation

Complementary to the DPD methods that seek to linearize the main carriers, there has
been some e [onts to develop DPD techniques that can suppress the spurious emissions
in non-contiguous transmission cases, while not concentrating specifically on the lin-
earization of the main component carriers. This is motivated by fact that in many CA
scenarios, the spurious emissions can easily violate the emission limits in the spurious
region, and/or desensitize the own RX in FDD transceivers, as explained in more details
in Chapter 2.

These spur suppression DPD techniques use the injection-based DPD approach in
which a suitable signal is injected at the sub-band(s) where the spurious emissions
need to be mitigated. The injected signal is properly filtered such that the level of
the emissions at the PA output is reduced. In [75,109] the estimation of the DPD
coe [ciehts was based on the direct learning architecture with P ™-order inverse, and
memoryless DPD processing. While in [25] a memoryless least-squares fit between
the observed intermodulation distortion at the considered sub-band and certain basis
functions was performed. The basis functions were generated using a wideband composite
carrier baseband equivalent signal, followed by sub-band filtering. The estimated and
regenerated IMD was then applied at the PA input, oppositely phased, such that it
is canceled at the PA output. Meanwhile in [P2], the estimation was based on the
closed loop DPD architecture with decorrelation-based learning, and memory e [edts
were included.
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CHAPTER 4

Sub-band DPD for Spurious
Emission Mitigation

In this Chapter, the contributions to DPD for spurious emission mitigation in [P1],
[P2], [P5] - [P7], and partly in [14,116] are reviewed. The elementary third-order
sub-band DPD for spurious emission mitigation was proposed in [P5] using a novel
decorrelation-based closed loop learning algorithm, which was then extended in [P6]
to include memory-based processing. A more implementation friendly version of the
algorithm was then presented in [14] along with an FPGA implementation of the DPD
solution. Higher-order nonlinearity processing with memory was then introduced in [P2]
along with comprehensive RF measurements. The sub-band DPD solution was then
extended in [116] to enhance its performance when linearizing multiple sub-bands and
further reduce the complexity, especially for hardware implementation. In the special
case when the spurious emissions overlap with the own RX band in FDD transceivers, the
sub-band DPD proposed in [P7] used the main RX for DPD learning without requiring
any additional observation RX. Finally, the overview article [P1] highlighted the main
principles and advantages of such low complexity sub-band DPD solutions.

This Chapter is organized as follows. Section 4.1 presents the mathematical modeling
of the dilerknt considered spurious components at di[erent sub-bands, produced by
a nonlinear PA with memory. Stemming from this modeling, also the corresponding
main path processing of the proposed DPD is formulated. Then, Section 4.2 presents
the proposed DPD parameter learning solutions, covering both sample-adaptive and
block-adaptive decorrelation-based solutions at di [erknt sub-bands. Section 4.3 shortly
presents a lower complexity sub-band DPD in the special case when the spurious
emissions overlap with the own RX band in FDD transceivers. Section 4.4 then analyzes
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Figure 4.1: lllustration of di[erent distortion components created by a nonlinear PA when
excited with a non-contiguous CA signal with two component carriers. Here, nonlinear distortion
components up to order 7 are shown.

the computing complexity of the sub-band DPD in terms of the number of floating point
operations. Finally, Sections 4.5 and 4.6 report some simulations and RF measurements
evidencing excellent spurious emission suppression in di[erknt realistic scenarios.

4.1 Nonlinear Distortion Modeling and DPD Main
Path Processing

4.1.1 Nonlinear Distortion Modeling

When a noncontiguous dual-carrier signal is applied at the PA input, the PA nonlinearity
leads to intermodulation (IM) distortion at di [erent IM sub-bands (i.e., IM3, IM5, etc.),
as shown in Fig. 4.1, and as also explained in Section 2.3. In general, each IM sub-band
includes nonlinear distortion components of di [erent orders, as shown in Fig. 4.1. For
example, in the case of seventh-order PA nonlinearity, the IM3 sub-band contains third,
fifth and seventh-order nonlinear components, while the IM5 sub-band contains fifth
and seventh-order components, and so on.

In this dual-carrier scenario, the composite baseband equivalent input and out-
put signals of the P™-order Parallel Hammerstein (PH) PA model, with monomial
nonlinearities and FIR branch filters, respectively, read

x(N) = x1 (M) 2T+ + x,(n)e T2 HEN, (4.1)
| —
y(n) = fo.n OX(N)[P~x(n), (4.2)
pchdld
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where x1(n) and x»(n) are the baseband component carrier signals, fy¢ refers to half the
carrier spacing between the CCs, f, , denotes the PH branch filter impulse responses of
order p, and [ the convolution operator.

Direct substitution of (4.1) in (4.2) allows extracting the baseband equivalent distor-
tion terms at the IM sub-bands (e.g., IM3, IM5, and IM7 sub-bands), which, through
straight-forward manipulations, yield

Yims.(N) = T3+ pn CUzs p(N), (4.3

Yims. () = oz pn [Uss p(N), (4.4)

Yim7.(N) = 74+ p.n [y p(N), (4.5)
=7
ppodd
where a3+ pn, fs+ pn, and f7o pn denote the baseband equivalent impulse responses
corresponding to the wideband PH PA model filters T, ,, evaluated at the IM3%, IM5+,
and IM7=+ sub-bands, respectively.
Assuming then a 7t order PA model (i.e., P = 7), as a concrete high-order example,
the static nonlinear (SNL) basis functions uz+ p(n), Us+,p(N), and uz+ p(n) read

us+ 3(n) = x5th)x3(n), (4.6)
Uz+5(N) = Uz+ 3(N)(2x1(N)]? + 3|x2(n)[?), 4.7)
Uz+,7(N) = Uz+ 3(MBIxa (M)]* + 6]x2(n)|* + 12]x1 (N)[x2(M)[?), (4.8)
Us+5(N) = (X2() *x1(n)?, (4.9)
Us+,7(N) = Us+ 5(N)(4x2(N)]? + 3|x1(N)[?), (4.10)
Uz+,7(n) = (X2(n) H®x1 (N)*. (4.11)

The corresponding basis functions for the negative IM sub-bands can be obtained by
simply interchanging x;(n) and x,(n) in the above expressions. Next, these behavioral
modeling results are utilized to formulate the sub-band DPD concept which was used in
[P2], [P5] - [P7] and [14].

4.1.2 Sub-band DPD Main Path Processing

The key idea of the sub-band DPD concept is to inject a proper additional low-power
cancellation signal, with structural similarity to (4.3), (4.4), and (4.5) into the PA input
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F 3

at the corresponding frequencies, such that the level of the IM distortion at the PA
output is reduced. An appropriate digital injection signal can be obtained by adopting
the basis functions in (4.6)-(4.11), combined with proper filtering, as shown in Fig. 4.2
for the IM3+ sub-band DPD as an example. The advantage of this injection-based DPD
structure is that it allows linearizing each sub-band separately with a lower rate DPD
and thus reducing the overall DPD complexity as shown in [P2] and in Section 4.4. On
the other hand, the classical DPD philosophy based on inverting the PA model does not
provide such flexibility, in general.

4.2 Decorrelation-based DPD Learning

Decorrelation-based learning is a signal processing concept used for separating a particu-
lar useful signal from an unwanted interference by decorrelating it from this interference,
i.e, minimizing the correlation between the useful signal and the interference. This
concept has has been used in the literature in the context of interference cancellation
and signal separation, mostly in linear systems [40,52,59]. However, in this work, this is
the first time that this concept is used in the context of sub-band DPD, while utilizing
the injection-based main path processing approach. The unwanted interference here is
the nonlinear distortion due to the PA per sub-band. The decorrelation-based DPD
learning algorithm is applied in this Chapter, along with the injection-based main path
DPD processing, for spurious emission mitigation at the IM sub-bands. It is also applied
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Figure 4.3: Detailed block diagram of the sample-adaptive decorrelation-based IM3+ sub-band
DPD with higher-order nonlinearities and memory.

in Chapter 5 in the context of linearization of the main carriers for mitigating in-band
and out-of-band distortion due to the PA.

4.2.1 Sample-adaptive Learning

The sample-adaptive decorrelation-based DPD learning algorithm in [P2] is now shortly
reviewed, and the reader is referred to the original article for full details. Based on the
nonlinear distortion modeling and the sub-band DPD concept explained in the previous
section, a computationally feasible and highly e [cieht closed-loop DPD estimation algo-
rithm with adaptive filtering was developed in [P2]. The DPD parameter optimization
task was formulated as minimizing the correlation between the nonlinear distortion at
the considered sub-band at the PA output, and the basis functions representing this
nonlinear distortion. Those basis functions were orthogonalized for better numerical
properties and stability when used in the adaptive filtering and parameter estimation
context [105, 107, 108].

For simplicity of presentation, the IM3 sub-band DPD is considered here which
can then easily be generalized to include other sub-bands, as shown also in [P2]. The
orthogonal version of the IM3 sub-band basis functions us+ q(n) in (4.6