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Digital Predistortion for Power Amplifier Linearization in Radar-Communication
Shared Apertures

A Complexity and Robustness Study of Memoryless and Generalized Memory Poly-
nomial Models

MANS MUNTZING

Department of Electrical Engineering

Chalmers University of Technology

Abstract

Shared radar and communication apertures are commonly optimized with radar per-
formance as the primary design objective. As a result, transmitter operating condi-
tions such as output power and amplifier efficiency are often chosen in a way that
is sub-optimal for communication performance. In particular, operating a power
amplifier close to compression improves efficiency and radar signal-to-noise ratio,
but introduces nonlinear distortion that degrades communication metrics.

This thesis investigates the use of digital predistortion as a software-based lineariza-
tion technique for communication signals transmitted through commonly utilized
radar power amplifiers. Two amplifier models are considered: a memoryless Saleh
model representing a traveling-wave tube amplifier (TWTA), and a generalized mem-
ory polynomial (GMP) model representing a solid-state power amplifier (SSPA) with
nonlinear memory effects. Four communication waveforms are evaluated: two sin-
gle carrier waveforms and two orthogonal frequency-division multiplexing (OFDM)
waveforms. Digital predistortion models are trained using an indirect learning ar-
chitecture and assessed in terms of linearization performance, model complexity,
robustness to noise, and sensitivity to amplifier mismatch.

The results show that digital predistortion can significantly reduce nonlinear distor-
tion without requiring changes to the radio frequency hardware. For the memoryless
TWTA model, a low-complexity memoryless polynomial predistorter provides suffi-
cient linearization performance. For the memory-dependent SSPA model, memory
depth is the dominant factor affecting performance, especially for OFDM-based
waveforms. Polynomial order and cross terms provide additional improvements, but
with diminishing returns. Further analysis also shows that the predistortion models
are robust to moderate noise and amplifier variations, although the SSPA model case
is more sensitive to nonlinear memory mismatch. Overall, the thesis demonstrates
that digital predistortion is a promising approach for improving communication per-
formance in shared radar-communication transmitter systems.

Keywords: digital predistortion, power amplifier linearization, generalized memory
polynomial, TWTA, SSPA, radar-communication systems, EVM, ACLR, NMSE
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1

Introduction

In systems where a shared aperture is used for both radar and communication
purposes, radar performance is typically the primary design driver. Consequently,
transmitter parameters such as operating point, linearity requirements, and spectral
characteristics are often optimized to satisfy radar constraints. While this approach
ensures radar functionality, it may render the aperture sub-optimal for communica-
tion purposes, thereby limiting the achievable communication link performance.

One primary optimization target is high transmitter output power, which is essen-
tial for achieving a high radar signal-to-noise ratio (SNR) and improving overall
transmitter efficiency. In practice, this objective is constrained by the well-known
linearity-efficiency trade-off in radio frequency (RF) power amplifiers (PAs) [1], [2].
To achieve high efficiency, PAs are often operated close to saturation or in the com-
pression region. However, when a PA is driven near or beyond its linear operating
region, the output power no longer increases proportionally with the input power.
This nonlinear behavior is commonly described through amplitude modulation to
amplitude modulation (AM/AM) and amplitude modulation to phase modulation
(AM/PM) conversion [3], [4], and it leads to unwanted effects such as in-band dis-
tortion, constellation distortion, and spectral regrowth in the communication signal

[5], [6].

Digital predistortion (DPD) is a well-established technique for mitigating nonlin-
ear PA distortion [7]-[9]. By intentionally modifying the digital baseband signal
prior to amplification, DPD compensates for the nonlinear transfer characteristics
of the PA. When properly implemented, the cascade of the predistorter and the PA
approximates an overall linear response. A wide range of behavioral models have
been proposed for this purpose, including memory polynomial (MP) and generalized
memory polynomial (GMP) models, which are particularly relevant when PA mem-
ory effects are significant [5], [6], [10]-[12]. DPD is therefore an important enabling
technique in modern high-efficiency wireless transmitters, where stringent linearity
and spectral-emission requirements must be met while maintaining high data rates
[13], [14].

Compared with its maturity in communication transmitters, DPD has seen limited
application in joint radar and communication apertures, particularly for DPD mod-
els capable of linearizing different types of amplifiers. Applying DPD in this context
therefore has the potential to enable the use of more complex modulation schemes
and thereby increase achievable data rates. Higher data rates allow information to
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be transmitted in shorter bursts, which can reduce the system’s exposure time to
interference and jamming and improve overall robustness.

1.1 Aim

The aim of this thesis is to develop and evaluate a DPD framework to mitigate
PA nonlinearities in a communication link operating on a radar-optimized shared
aperture.

The project will:
e Quantify communication performance degradation when the PA operates near
or within compression.
» Develop a GMP behavioral model capturing AM/AM,; AM/PM, and memory
effects.
e Design and implement a DPD model to compensate for these nonlinearities.
o Evaluate improvements in error vector magnitude (EVM), adjacent channel
leakage ratio (ACLR), and normalized mean square error (NMSE).
o Evaluate the model based on characterization needs and assess how removing
certain parameters affects the model performance.
The objective is to assess whether software-based linearization can enable increased
communication throughput without modification of the RF hardware.

1.2 Research questions

The research questions are divided into one primary research question and several
secondary research questions. The primary research question defines the overall
objective of the thesis, while the secondary research questions further specify the
aspects of model complexity, waveform dependence, robustness, and generalization
that are investigated.

1.2.1 Primary research question

What is the minimum-complexity DPD model that achieves acceptable linearization
performance for radar-communication waveforms under nonlinear PA distortion and
noise?

1.2.2 Secondary research questions

o« Model complexity: How do GMP parameters, such as polynomial order,
memory depth, and cross terms, affect linearization performance? Where is
the point of diminishing returns?

o« Waveform dependence: How do QAM, CP-OFDM, and DFT-s-OFDM
waveforms differ in their DPD requirements? Does waveform PAPR correlate
with the required model complexity?
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« Noise robustness: How sensitive is the DPD performance to input noise and
PA output or feedback noise? At what SNR does DPD become ineffective?

e Model mismatch and generalization: How well does a trained DPD model
perform when the PA characteristics or operating conditions vary?

o Complexity-performance trade-off: What is the trade-off between the
number of model parameters and performance metrics such as EVM, ACLR,
and NMSE?

1.2.3 Definition of acceptable linearization performance

The considered radar-communication shared-aperture scenario is not tied to a spe-
cific communication standard. Therefore, no fixed external requirement is imposed
for EVM, ACLR, or NMSE. Instead, acceptable linearization performance is defined
relative to the achievable performance of the simulated system.

In this thesis, a DPD model is considered to provide acceptable linearization perfor-
mance if it significantly improves the communication performance compared with
the uncompensated PA case, while further increases in model complexity yield only
marginal improvements. Marginal improvement is interpreted as less than approx-
imately 1 dB improvement in NMSE or ACLR, or less than 0.5 percentage-point
improvement in RMS EVM, when increasing the polynomial order, memory depth,
or cross-term depth. The minimum-complexity model is therefore defined as the
model with the fewest coefficients that reaches this performance plateau across the
evaluated waveforms, or for a specific waveform when waveform-dependent model
selection is considered.

1.3 Scope and limitations

The scope of this project is to analyze the nonlinearities in both solid-state (SSPA)
and traveling-wave tube amplifiers (TWTA) when operating near and beyond the
1 dB compression point (P1dB), and to develop a suitable DPD model capable of
compensating for these effects. The project further seeks to evaluate how DPD im-
proves communication link metrics such as EVM, NMSE, and ACLR.

Due to confidentiality constraints related to the hardware, measured data from the
operational system cannot be presented or directly utilized in this project. Con-
sequently, the primary analysis is based on software behavioral models of power
amplifiers and communication links. These models are designed to be sufficiently
general and parameterized to enable straightforward adaptation and integration with
real hardware in future implementations.
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2

Theory

This chapter presents the theoretical background required to understand the mod-
eling and linearization of nonlinear power amplifiers. First, the main nonlinear dis-
tortion mechanisms in power amplifiers are introduced. Then, behavioral modeling
approaches are described, with particular focus on MP and GMP models. The chap-
ter then discusses digital predistortion as a linearization technique and describes how
model parameters can be estimated from measured data. Finally, the performance
metrics used to evaluate the modeled and predistorted signals are defined.

2.1 Power Amplifier Nonlinearities

The two dominant forms of constellation distortion in power amplifiers are AM/AM
distortion and AM/PM distortion. AM/AM distortion occurs when variations in
the input amplitude produce nonlinear changes in the output amplitude, resulting
in radial displacement of the constellation points. AM/PM distortion occurs when
variations in the input amplitude introduce phase shifts in the output signal, caus-
ing angular rotation of the constellation points. Together, these nonlinear effects
degrade modulation accuracy and increase the bit error rate (BER) [1], [4].

In a memoryless power amplifier model, the output signal y[n] depends only on the
instantaneous input signal z[n|, without considering past or future input samples.
The model can therefore be expressed as

yln] = f(z[nl), (2.1)
where f(-) is an arbitrary nonlinear function [9], [15].

Moreover, in wideband PAs, the output signal depends not only on the current input
sample but also on previous input samples due to dynamic effects in the amplifier.
These memory effects arise from frequency-dependent behavior, bias circuits, ther-
mal effects, and other electrical phenomena within the PA. Consequently, models
with memory are required to accurately capture the nonlinear dynamic behavior of
wideband power amplifiers [10]-[12], [16].

A general behavioral model with memory can be expressed as

yln| = f(z[n],z[n —1],...,x[n — M]), (2.2)
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where the output signal depends not only on the current input sample but also on
the previous input samples up to the memory depth M. Here, f(-) represents an
arbitrary nonlinear function describing both the nonlinear and dynamic behavior of
the power amplifier [9], [15].

2.2 Behavioral Modeling of Power Amplifiers

Behavioral modeling is used to describe the input—output relationship of a power
amplifier without requiring a detailed physical description of the internal device
structure. Instead, the amplifier is represented by mathematical models that cap-
ture the dominant nonlinear and dynamic effects observed at the signal level. Such
models are useful both for predicting amplifier distortion and for designing digital
predistortion systems that compensate for this distortion [9], [15].

In this section, several commonly used behavioral models are presented, beginning
with memoryless models such as the Saleh model and static polynomial model,
followed by models with memory including Wiener, Hammerstein, Volterra-based,
MP, and GMP models.

2.2.1 Memoryless models

The model presented in [3] has been widely used for power amplifier modeling due
to its simplicity and its ability to accurately describe TWTAs. The Saleh model
is memoryless, meaning that the output signal depends only on the current input
sample and not on past or future inputs.

For a complex baseband input signal z[n], the corresponding output signal y[n] is
given by
y[n] = A[n]e/ @I+, (2.3)

where 1 [n]| denotes the phase of the input signal,

ol [n]]

Aln] = AR I (2.4)
and
_ aglz[n)?
d[n] = T+ Baleln] (2.5)

The parameters o and [ determine the characteristics of the model. The subscript
a corresponds to the AM/AM conversion, while the subscript ® corresponds to
the AM/PM conversion. Consequently, the complete memoryless behavior of the
TWTA can be characterized using four real-valued parameters.



2. Theory

Another commonly used memoryless behavioral model for power amplifiers is the
static polynomial model [13], [15], which represents the nonlinear relationship be-
tween the input and output signals using a finite-order polynomial expansion. The
model is given by

yln] = kZ_: a(k)a[n]|z[n][*", (2.6)

where K denotes the maximum polynomial order and a(k) are the complex-valued
polynomial coefficients describing the nonlinear characteristics of the amplifier.

2.2.2 Models with memory

A common simplification when modeling memory effects in power amplifiers is to
assume that the dynamic behavior can be represented by linear filtering combined
with a memoryless nonlinearity. In this case, the memory effects are modeled using
linear convolutions together with a static nonlinear block [6], [17], [18].

A linear time-invariant filter can be expressed as

yinl= 3 hfmlaln - m), 2.7)

m=—0oQ

where h[m] denotes the impulse response of the filter.

When the linear filter precedes the memoryless nonlinear block, the structure is
referred to as a Wiener model. In this case, the filter determines how previous in-
put samples influence the signal before the nonlinear operation. Conversely, when
the linear filter follows the memoryless nonlinear block, the structure is called a
Hammerstein model. Here, the nonlinear signal is shaped by the linear filter before
generating the final output signal. Finally, when linear filters are placed both before
and after the nonlinear block, the model is referred to as a Wiener-Hammerstein
model. This structure captures both input-side and output-side dynamic effects
surrounding the nonlinearity [6], [17], [18].

While Wiener and Hammerstein models provide intuitive block-oriented representa-
tions of nonlinear systems with memory, Volterra-based models offer a more general
mathematical framework for behavioral PA modeling [15], [19].

2.2.2.1 Volterra-based models

The general nonlinear model with memory in (2.2) can be represented using a
Volterra series [19]. A truncated discrete-time Volterra series is given by

K M-1 M-1 k
k=1m1=0 mg=0 =1
where K is the nonlinear order, M is the memory depth, and hy(my, ..., my) denotes

the kth-order Volterra kernel. Each kernel describes how different delayed input

7
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samples interact to contribute to the output sample. Although the Volterra series is
very general, it typically requires a large number of coefficients, which makes direct
implementation computationally expensive [15], [19].

2.2.2.2 Memory Polynomial Model

A commonly used simplification of the Volterra series is the MP model. The MP
model only includes diagonal Volterra terms and can be written as

K M
yln] = > > alk,m)zln —m]lz[n —m]|*~". (2.9)
k=1m=0
Here, K denotes the nonlinear order, M denotes the memory depth, and a(k,m)
are the complex-valued model coefficients [5], [16].

2.2.2.3 Generalized Memory Polynomial Model

The MP model can be further extended by incorporating cross terms between the
signal and delayed or advanced envelope components. This yields the GMP model

[6] )

K, M,

yln| = Z Z_Oa(k:, m)x[n — m]|z[n —m]|F?

—l—kz_: Zogb(k,m, Dx[n —m]|z[n —m —1]F! (2.10)

#3053 elkymDafn — mlfaln —m o+ O]

k=1m=0 (=1

In this model, the coefficients a(k, m) describe the main memory polynomial terms,
while b(k,m,l) and c(k, m, ) describe the lagging and leading cross terms, respec-
tively. The parameters M,, M,, and M, define the memory depths of the corre-
sponding terms, while L, and L. define the lagging and leading cross-term depths.

2.3 Power Amplifier Technologies

The choice of behavioral model depends strongly on the amplifier technology, the
signal bandwidth, and the operating region. Two commonly used PA technolo-
gies for joint radar-communication apertures are TWTAs and SSPAs. These differ
in both their static nonlinear behavior and the significance of memory effects [2], [9].

TWTASs are often modeled using memoryless behavioral models, particularly in cases

where memory effects are weak. One widely used example is the Saleh model, pre-
sented in (2.3). Due to its low complexity and ability to capture the dominant static
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nonlinearities, the Saleh model is well suited for simple TWTA characterization.

SSPAs, on the other hand, often exhibit more pronounced memory effects, espe-
cially when driven by wideband modulated signals. These memory effects arise from
frequency-dependent behavior, biasing networks, thermal effects, and other dynamic
mechanisms in the amplifier [6], [10], [11], [20]. Therefore, memoryless models are of-
ten insufficient for accurate SSPA characterization under wideband operation [6], [9].

As a result, behavioral models that include both nonlinear and dynamic effects are
commonly used for SSPAs. In particular, MP and GMP models provide a practical
trade-off between modeling accuracy and computational complexity, making them
widely used for SSPA behavioral modeling and digital predistortion applications [5],

(6], [9]-

2.4 Digital Predistortion

DPD is a widely used technique for linearizing nonlinear power amplifiers. The prin-
ciple is to modify the baseband signal before amplification so that the predistorter
compensates for the nonlinear characteristics of the PA. Ideally, the predistorter
approximates the inverse behavior of the amplifier, resulting in an approximately
linear cascaded output [8], [9].

A simplified representation of this principle is

y[n] = fea(fopn(z[n])), (2.11)

where x[n] is the original baseband input signal, fppp(-) is the predistorter function,
and fpa(-) is the PA function. The objective is to choose fppp(-) such that

fea(fopp(z[n])) = Gzln], (2.12)

where GG is the desired linear gain. In this way, the combined response of the
predistorter and PA becomes approximately linear. The predistorter must therefore
compensate for AM/AM and AM/PM distortion, and in wideband systems also for
memory effects [6], [9].

2.4.1 Inverse Modeling

DPD is based on approximating the inverse behavior of the PA. For a memoryless
amplifier, this inverse relationship can conceptually be written as

z[n] = foa(y(n). (2.13)

In practice, however, an exact analytical inverse is often difficult or impossible to ob-
tain. For example, the Saleh model introduced in (2.3) contains nonlinear AM/AM
and AM/PM characteristics that are not globally invertible over all operating re-
gions. Practical PAs may also exhibit saturation and non-unique input—output
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mappings, which further limit the existence of an exact inverse [9].

Instead, DPD systems estimate an approximate inverse using behavioral models and
measured input—-output data. Polynomial-based models are commonly used for this
purpose because they provide a practical balance between modeling accuracy and
computational complexity [5], [6], [9].

2.4.2 DPD Model Structures

The behavioral models introduced for PA modeling can also be used for DPD, but
with a different interpretation. In PA modeling, the model represents the forward
mapping from PA input to PA output. In DPD, the same model structure is in-
stead used to approximate the inverse mapping, generating a predistorted signal
that compensates for the PA distortion [9], [21].

For amplifiers with weak memory effects, the static polynomial model in (2.6) can
be used as a memoryless predistorter, where the coefficients are chosen to introduce
inverse AM/AM and AM/PM characteristics. For amplifiers with significant mem-
ory effects, the memory polynomial model in (2.9) extends this compensation to
nonlinear distortion that depends on previous input samples. The generalized mem-
ory polynomial model in (2.10) further includes lagging and leading cross terms,
allowing more complex dynamic interactions to be modeled [5], [6].

Thus, the static polynomial, MP, and GMP structures can all be used either as
forward PA models or as DPD models. When applied to DPD, the coefficients are
estimated to approximate the inverse behavior of the PA rather than its forward
response [9], [21].

2.5 Parameter Estimation

The performance of behavioral PA models and DPD systems depends strongly on
accurate estimation of the model coefficients. Several estimation techniques exist,
including least-squares (LS), recursive least-squares (RLS), and adaptive gradient-
based methods. Among these, least-squares estimation is one of the most commonly
used approaches due to its simplicity, computational efficiency, and well-established
theoretical properties [9], [22].

2.5.1 PA Model Estimation

Behavioral PA models are typically identified using measured input—output signal
pairs. Let x denote an N x 1 complex input vector applied to the PA, and let y
denote the corresponding measured output vector [9], [22].

For the GMP model, the basis functions are constructed according to (2.10). The
resulting regression matrix X contains terms of the form

10
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z[n — m]|z[n — m]|F?, (2.14)
z[n —m]|z[n —m —[)|F 1, (2.15)

and
z[n —m]|z[n —m + 11, (2.16)

which correspond to the main polynomial branch, lagging cross terms, and leading
cross terms, respectively [6].

Collecting all model coefficients into a parameter vector w, the PA output can be
expressed in matrix form as

y = Xw. (2.17)
The coefficient vector is then estimated using least-squares regression according to
w = (X"X)" X"y, (2.18)

where X denotes the Hermitian transpose of X [22].

In practice, the regression matrix may become ill-conditioned due to highly corre-
lated basis functions. To improve numerical stability and reduce overfitting, regu-
larized least-squares estimation is often used [23], [24],

w= (XX + M)t Xy, (2.19)

where A is a regularization parameter and I denotes the identity matrix. This ap-
proach corresponds to ridge regression, also known as Tikhonov regularization [24],

[25].

Once the coefficients have been estimated, the modeled PA output is obtained as

¥ =Xw, (2.20)

where y denotes the estimated amplifier output signal.

2.5.2 DPD Coefficient Estimation

The estimation of DPD coefficients follows a similar procedure, but instead attempts
to reconstruct the PA input from the measured PA output. In this case, the predis-
torter approximates the inverse behavior of the amplifier [8], [21].

A regression matrix Y is constructed from the measured PA output signal using
GMP basis functions. The coefficient vector is then estimated according to

w = (YY) lyfx, (2.21)
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where x denotes the desired PA input signal.
The estimated predistorted signal is subsequently obtained as

X=Yw. (2.22)

The resulting model estimates the PA input from the PA output and therefore
behaves as a post-distorter rather than a true predistorter. However, under the
assumption that the PA is sufficiently invertible, the estimated post-distorter can
be used as a predistorter [8], [21].

2.5.3 Indirect Learning Architecture

The indirect learning architecture (ILA) was first introduced for Volterra predis-
tortion and has since become a common approach for estimating DPD coefficients
[8], [21]. In the ILA approach, a post-distorter is first identified using measured
PA input—output data. The estimated post-distorter coefficients are then copied
directly to the predistorter placed before the PA.

The ILA approach avoids the need for direct optimization of the predistorter inside
the transmitter loop and significantly simplifies the coefficient estimation procedure.
Due to its simplicity and robustness, ILA has become one of the most widely used
learning architectures for digital predistortion systems [8], [9].

2.6 Performance Metrics

To evaluate the performance of the communication system, four complementary
metrics are considered: PAPR, NMSE, EVM, and ACLR. Together, these metrics
provide insight into the dynamic range, waveform accuracy, modulation quality, and
spectral characteristics of the transmitted signal [9], [14].

2.6.1 PAPR

PAPR is used to quantify the dynamic range of a transmitted signal. It describes
the relationship between the maximum instantaneous signal power and the average
signal power. PAPR is particularly important for multicarrier waveforms such as
OFDM, where the superposition of many subcarriers can result in large instanta-
neous signal peaks [13], [26]. For a discrete-time complex baseband signal S[n], the

PAPR in dB is defined as

_ maxy, (|S[n]|*)
PAPR,dB =10 lOglO (]17 22721 |S{n]|2> . (223)

where |S[n]|? represents the instantaneous signal power and N is the length of the
complex baseband signal.
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A high PAPR means that the signal contains large instantaneous peaks compared
to its average power. These peaks place stricter requirements on the linearity and
dynamic range of the transmitter hardware, especially the power amplifier [1], [2].

If a high-PAPR signal is amplified close to the saturation region of the power ampli-
fier, the peaks may be clipped or compressed. This introduces nonlinear distortion,

which can degrade the in-band signal quality and increase out-of-band emissions. As
a result, PAPR is closely related to metrics such as EVM, NMSE, and ACLR [1], [14].

To avoid nonlinear distortion, the power amplifier is often operated with input or
output back-off, meaning that the average signal power is reduced relative to the
saturation power. While this improves linearity, it also lowers the power efficiency
of the transmitter. Therefore, a lower PAPR is generally desirable, as it allows the
signal to be transmitted more efficiently while maintaining acceptable signal quality
and spectral characteristics [1], [2].

2.6.2 EVM

EVM is a commonly used metric for quantifying modulation quality in digital com-
munication systems and is widely used in wireless transmitter conformance testing
[14]. Tt measures how far a received constellation symbol deviates from its ideal
reference position in the complex plane, known as the constellation diagram. The
deviation is caused by impairments such as noise, nonlinear distortion, phase noise,
synchronization errors, and hardware imperfections [9].

For a single transmitted symbol, the error vector is defined as the difference between
the ideal transmitted symbol and the corresponding received symbol,

€ = Six — Six, (2.24)

where s, denotes the ideal transmitted symbol and s,, denotes the received symbol.
The magnitude of this vector, |e|, represents the instantaneous error for that symbol.

In practice, EVM is evaluated over a sequence of N received symbols. The most
commonly used measure is the RMS EVM, which provides an average measure of
the modulation error across all symbols. Assuming that the reference constellation
is normalized to unit average power, the RMS EVM, expressed as a percentage, is
given by

1 N
EVMgus = 1004 — Y [Ster — Senl*- (2.25)
Nk:l 7 ’

A lower RMS EVM indicates that the received symbols are located closer to their
ideal constellation points, corresponding to higher modulation accuracy and im-
proved signal quality [14].
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In addition to the RMS value, the maximum EVM is often reported to characterize
the worst-case symbol error within the measured sequence. It is defined as

EVM,,.x = 100 max (|stx.k — Sxk]) - (2.26)

While RMS EVM reflects the average modulation accuracy, the maximum EVM
highlights the largest instantaneous deviation observed during the measurement in-
terval.

2.6.3 ACLR

ACLR is a metric used to quantify out-of-band emissions in wireless communication
systems. It describes how much signal power leaks from the intended transmission
channel into adjacent frequency channels due to impairments such as nonlinear dis-
tortion, spectral regrowth, and hardware imperfections [9], [14].

ACLR is defined as the ratio of adjacent-channel power to main-channel power,

Padj

ACLR = =4
CLR = 2%,

(2.27)

where Py, is the power contained in the main transmission channel and F,g; is the
power measured in the adjacent channel.

Since the adjacent channel power is typically much smaller than the in-band channel
power, ACLR is commonly expressed in decibels (dB),

PLg;

ACLRag = 101ogy ( dJ) . (2.28)
Pch

A more negative ACLR corresponds to lower spectral leakage and therefore im-

proved spectral confinement of the transmitted signal.

The exact definition of ACLR depends on the communication standard and mea-
surement setup, including the channel bandwidth, measurement filter, and channel
spacing [14]. In this thesis, ACLR is evaluated separately for the lower and upper
adjacent channels, using the ratio of adjacent-channel power to main-channel power.
The adjacent channels are assumed to be located directly next to the main channel
without any additional guard band or channel spacing.

2.6.4 NMSE

NMSE is used to quantify the overall distortion between transmitted and received
complex baseband signals. Unlike EVM, which evaluates symbol-wise constella-
tion errors, NMSE measures the discrepancy between the complete transmitted and

received signal waveforms and is commonly used when evaluating behavioral PA
models and DPD performance [5], [6], [27].
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Prior to the NMSE calculation, the transmitted and received signals are synchro-
nized in frequency, phase, and time. In addition, the received signal is scaled such
that both signals have equal average power. This ensures that the NMSE reflects
waveform distortion rather than differences in signal amplitude [9].

The NMSE is defined as

>on 1Six([n] — er{n]ﬁ
> [Se[n]]”

NMSE = : (2.29)

where Six[n] and Sy [n] denote the transmitted and received complex baseband sam-
ples, respectively.

The numerator represents the total error power between the transmitted and re-
ceived signals, while the denominator normalizes the error with respect to the
transmitted signal power. A lower NMSE therefore indicates a more accurate re-
construction of the transmitted waveform and improved overall system performance.

NMSE is often expressed in decibels (dB) according to

NMSEqg = 101log,,(NMSE). (2.30)
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Methods

This project began with the implementation of several digital communication links
in MATLAB. Two single-carrier QAM waveforms and two OFDM waveforms were
evaluated. The baseline performance of the communication systems was assessed
using standard metrics including EVM, ACLR, and NMSE.

Subsequently, behavioral PA models were introduced in order to emulate nonlin-
ear distortion effects. DPD models were then trained and evaluated for different
waveform and PA combinations. Finally, additional studies investigating model
complexity, robustness to noise, and PA mismatch were conducted.

3.1 Communication System Implementation

There are several modulation formats used in communication systems. In this thesis,
two single-carrier modulated signals were used as well as two OFDM signals.

3.1.1 Single-Carrier Waveforms

Two single-carrier modulation formats were implemented: QPSK and 16-QAM. The
transmitter chain is illustrated in Fig. 3.1.

Symbol | ] Add R Up- ,| RRC
Mapping Preamble sampling Filtering

v

Input Bits

Figure 3.1: Block diagram of the single-carrier transmitter chain.

First, 1 x 10* random bits were generated using MATLAB’s default random number
generator. The bits were then mapped onto normalized Gray-coded QAM constel-
lations. A repeated 13-bit BPSK-modulated Barker sequence was appended to the
beginning of the frame to serve as a synchronization preamble for frame synchro-
nization and carrier recovery.

The resulting symbol stream was upsampled by a factor of 10 (SPS = 10) and pulse-

shaped using a root-raised cosine (RRC) filter with a roll-off factor of 5 = 0.2 and
a filter span of 10 symbols (span = 10).
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After transmission, several channel impairments were introduced to emulate realistic
communication conditions. These impairments included random carrier frequency
offset (CFO), random phase offset, and random timing offset. Optional additive
white Gaussian noise (AWGN) was also included to simulate noisy channel condi-
tions.

The impaired signal was subsequently processed by the receiver chain shown in
Fig. 3.2. Frame synchronization was performed by correlating the received signal
with a locally generated version of the preamble, which had undergone the same
upsampling and filtering operations as in the transmitter. Once the frame start was
detected, the total filter delay,

y span; SPS’

was removed.

Matched Remove Symjbol Down-
Frame Sync P > . > Timing .
RRC Filter Delay sampling
Recovery
v
Symbol Remove Fine Coarse
Output Bits [« YO e 4 Freq+Phase [¢ Freq+Phase
Demapping Preamble
Sync Sync

Figure 3.2: Block diagram of the single-carrier receiver chain.

The frequency correction first used the known preamble to estimate and remove the
main carrier frequency and phase offset. After stripping off the known preamble
symbols, the remaining phase rotation was fit with a straight line; its slope gave
the coarse frequency offset and its intercept gave the phase offset. This correction
was applied to the full frame. A finer tracking loop then removed residual error:
it used the known preamble for reliable updates, then switched to decision-directed
tracking on the payload, updating only when symbol decisions were confident. The
result was a stabilized received signal with reduced carrier rotation and drift.

3.1.2 OFDM Waveforms

Two OFDM-based waveforms were considered: one conventional CP-OFDM and
one DFT-s-OFDM. The implemented transmitter chain corresponds to the DFT-
s-OFDM case, while CP-OFDM is obtained by omitting the DFT spreading and
inverse spreading operations.

The payload bit stream was generated and mapped in the same manner as for the
single-carrier systems. Random bits were grouped and mapped to normalized 16-
QAM constellation symbols. The mapped symbols were then reshaped into blocks
of Ny, = 50 symbols, where each block corresponds to one DFT-s-OFDM symbol.
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A total of 50 payload blocks were used.

In contrast to the single-carrier implementation, no pulse shaping or explicit symbol-
rate upsampling was applied. Instead, each block of N,. QAM symbols was processed
by the multicarrier modulation chain. For DFT-s-OFDM, an Ng.-point DFT was
first applied to the QAM-symbol block. The resulting frequency-domain samples
were then mapped to a localized set of active subcarriers in an Ng = 200-point
frequency grid. The allocation was centred around DC while excluding the DC sub-
carrier, with Ny./2 subcarriers placed below DC and N,./2 placed above DC. For
CP-OFDM, the same localized subcarrier allocation is used, but the DFT spreading
stage is omitted.

After subcarrier mapping, an Ng-point IFFT was used to generate the time-domain
OFDM symbol. Each symbol was extended by a cyclic prefix of length NV, = 16.
In addition, weighted overlap-and-add (WOLA) windowing was applied using an
overlap length Ny, = 8. This was implemented by adding a cyclic suffix of length
Nyola, applying complementary raised-cosine fade-in and fade-out windows to the
beginning and end of each extended symbol, and overlap-adding adjacent symbols
with a hop size of Ng, + Ngp. Setting Nyola = 0 reduces the processing to standard
cyclic-prefix insertion without WOLA.

A known synchronization preamble was prepended to the payload. The preamble
was generated from 2N,. random bits using a fixed random seed and QPSK mod-
ulation. The resulting N,. QPSK symbols were DFT-spread, mapped to the same
localized active subcarriers, and transformed to the time domain using the same
IFFT operation as the payload. Two identical preamble symbols were then trans-
mitted consecutively and processed using the same WOLA overlap-add procedure.
The repeated preamble structure was used for frame synchronization and coarse
CFO estimation.

The transmitter structure for the DFT-s-OFDM waveform is shown in Fig. 3.3. The
main structural difference between CP-OFDM and DFT-s-OFDM is the inclusion of
the DFT spreading stage before subcarrier mapping and the corresponding inverse
DFT stage at the receiver. Due to this spreading operation, each data symbol in
DFT-s-OFDM is distributed over all allocated subcarriers, which generally reduces
the PAPR compared with conventional CP-OFDM.
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Figure 3.3: Block diagram of the discrete Fourier transform spread orthogonal
frequency division multiplexing transmitter chain.

The transmitted signal was passed through the same impairment model as the single-
carrier systems. The channel model applied a random timing offset, a random phase
offset, and a normalized frequency offset. AWGN was also added according to the
selected SNR value.

At the receiver, frame synchronization was performed by correlating the received
signal with the known WOLA-processed preamble sequence. The start of the frame
was estimated from the peak of this correlation metric. Coarse CFO estimation was
then performed using the two repeated preamble symbols. Specifically, the useful
Ngi-sample portions of the two preamble blocks were compared, and the phase dif-
ference over one WOLA symbol hop was used to estimate the normalized CFO. The
estimated CFO was compensated over the full received signal.

After coarse CFO correction, a common phase offset was estimated using the full
known preamble and removed from the received signal. The payload portion was
then extracted using the known preamble length and the OFDM/WOLA block spac-
ing. A residual CFO estimate was additionally obtained from the cyclic prefix of
each payload block. To avoid the samples affected by WOLA overlap, the first Nyoa
samples of the cyclic prefix were excluded from this estimate. The final fine CFO
estimate was computed as the average of the per-block estimates and was applied
to the extracted data portion.

The DFT-s-OFDM demodulation then proceeded block-wise. For each received data
block, the FFT window was placed after the cyclic prefix, and an Ng-point FFT was
applied. The localized active subcarriers were then extracted from the FFT-shifted
frequency grid. For DFT-s-OFDM, an N, -point inverse DF'T was applied to recover
the QAM-symbol estimates. For CP-OFDM, this inverse spreading step is omitted.

Finally, a decision-directed common phase correction was applied independently to
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each received symbol block. Each estimated symbol was first mapped to its nearest
reference constellation point, and the resulting block-wise phase error was estimated
and compensated. The corrected QAM symbols were then serialized, normalized by
their RMS value, and demapped to output bits. The receiver structure is shown in
Fig. 3.4.

Frame Sync P Coarse CFO P P'hase.: » Fine CFO
Estimation
¥
Extract Remove
[Sjnfeoa(]?iET <+ Active ¥ FFT 4 Cyclic
P & || Subcarriers Prefix
¥
Phase? R Paralls:l-to- R Symbql b Output Bits
Correction serial Demapping

Figure 3.4: Block diagram of the discrete Fourier transform spread orthogonal
frequency division multiplexing receiver chain.

3.2 GMP Model Simplifications

To reduce the model complexity for both the PA model and the DPD models, the
GMP structure in (2.10) was simplified by setting

K,=K,=K, =K,
M, = M, = M, = M,

and

Ly=L.=1L.

This simplified the parameter optimization process while still preserving the dom-
inant nonlinear memory effects. However, when minimizing the total number of
coefficients, these parameters may be independently optimized.

Furthermore, only odd-order polynomial terms were included in both the GMP PA
and DPD models, as they dominate the in-band intermodulation distortion and
spectral regrowth generated by RF power amplifiers. Even-order terms generally
contribute less to the distortion of interest and have been shown not to provide a
richer description of PA behavior [28].
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Additionally, the lagging and leading cross terms were included starting from third
order. For k = 1, the cross terms reduce to z[n —m]|z[n —m=+1]|° = x[n —m], which
is already included in the main branch. Hence, these terms add redundant basis
functions without increasing the modeling capability, while increasing the number
of estimated parameters. The resulting simplified GMP model is given in (3.1).

> 3 alk,m)aln — mlfafn — ]!

k=1 m=0
k odd
K M L
+ 30 0 > bk m, Daln = mllafn —m — g (3.1)
k=3 m=01=1
k odd
K M L
+ 3 3N ek, m, Daln — m|zin —m + 1"
k=3 m=0[=1
k odd

3.3 Power Amplifier Modeling

Behavioral power amplifier models were introduced in order to emulate nonlinear
distortion effects commonly observed in practical RF transmitters. Two different
PA models were considered: a memoryless Saleh model representing a TWTA, and
a GMP model representing a SSPA.

3.3.1 TWTA Saleh Model

The TWTA was modeled using the memoryless Saleh model described in [3]. The
model parameters were extracted from measurements of a real TWTA [3] and are
summarized in Table 3.1.

Table 3.1: Saleh parameters used to emulate a realistic TWTA.

a, | 1.6623
a, | 0.1533
Ba | 0.0552
By | 0.3456

The Saleh model was selected due to its ability to accurately capture both AM/AM
and AM/PM nonlinear characteristics commonly observed in traveling-wave tube
amplifiers.

3.3.2 SSPA GMP Model

The SSPA was modeled using the simplified GMP model given in (3.1). The GMP
coefficients were identified by solving the regularized least-squares problem in (2.19),
using A = 1 x 107%. The identification was performed using the APA_200MHz dataset
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from OpenDPD/OpenDPDv2 [27], [29]. This dataset contains measured complex
baseband input—output samples from a TM3.1a 200 MHz OFDM test signal trans-

mitted through a real 3.5 GHz GaN Doherty power amplifier.

The measured output signal therefore captures the nonlinear amplitude, phase, and
memory effects introduced by the hardware PA. After coefficient extraction, the
resulting GMP parameters were used to implement the behavioral SSPA model

according to (2.20).

3.3.3 PA Model Validation

To achieve a close approximation of the measured PA characteristics, a maximum
polynomial order of 5, a memory depth of 3, and 2 lagging/leading cross terms were

selected.

Using this configuration, the GMP model achieved an NMSE of —31.21 dB between
the measured PA output and the modeled output signal.

The resulting AM/AM and AM/PM characteristics of both PA models are shown
in Fig. 3.5.
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Figure 3.5: Input versus output characteristics of the TWTA and SSPA.

3.4 Digital Predistortion Modeling

The DPD models were evaluated in several stages. First, a baseline evaluation of the
communication links was conducted without any PA distortion in order to establish

reference performance levels.

Next, the two PA models were inserted directly after the transmitter chain to eval-
uate the nonlinear distortion introduced by each amplifier model for all considered

waveforms.

Finally, DPD models were trained and applied to compensate for the PA nonlin-
earities. For the parameter extraction process, both the PA input and PA output
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signals were stored and used within the DPD parameter estimator.

For the TWTA case, a memoryless polynomial DPD model with odd polynomial or-
ders up to ninth order was employed. For the SSPA case, a GMP-based DPD model
was used. A summary of the DPD model configurations is provided in Table 3.2.

Table 3.2: A summary of the number of parameters used for each of the DPD
models.

Model TWTA DPD | SSPA DPD
Max Polynomial Order 9 7
Max Memory Depth 0 )
Max lagging/leading terms 0 3
Total number of parameters ) 132

3.5 Complexity Reduction Study

After establishing the baseline DPD performance, a complexity reduction study was
performed. In this part, the complexity of each model was reduced and swept over
the different parameters.

The performance of the DPD model is presented against the complexity of the
model. First, the polynomial model is tested with different maximum polynomial
orders against the Saleh model given in (2.3). For this test, the NMSE, ACLR, and
EVM are evaluated.

After the memoryless DPD is evaluated against the TWTA model, the GMP model
is evaluated with different maximum polynomial orders, maximum memory depths,
and maximum lagging/leading terms.

A summary of the maximum DPD model configurations is provided in Table 3.3.

Table 3.3: A summary of the maximum number of parameters used for each of the
DPD models when performing the parameter sweep.

Model TWTA DPD | SSPA DPD
Max Polynomial Order 15 7
Max Memory Depth 0 6
Max lagging/leading terms 0 6
Total number of parameters 8 280
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3.6 Noise Robustness Analysis

The models were then tested against noise. First, input noise was tested where the
DPD parameters were extracted from an ideal input and output. The parameters
were then frozen. AWGN was then applied to the input of the power amplifier with
signal-to-noise ratios between 25 dB and 50 dB with steps of 5 dB. The DPD was
then applied with the frozen parameters extracted from the ideal PA input and
output, followed by the PA model. Finally, the performance of each PA and DPD
model was evaluated. Since the noise was applied to the signal itself, rendering the
calculations for ACLR and NMSE invalid, only the EVM was calculated for this test.

Moreover, the models were also tested against output training noise (AWGN), where
the SNR was swept between 15 dB and 50 dB with steps of 5 dB. In this test, the
noise was applied to the output of the power amplifier before extracting the DPD
parameters. Thus, the parameters were extracted from a noisy output signal. The
DPD was then applied to an ideal signal using these parameters. EVM, ACLR, and
NMSE were then calculated.

3.7 Power Amplifier Mismatch

To evaluate whether the DPD would still work with a slightly different power am-
plifier, a power amplifier mismatch test was conducted. First, the DPD parameters
were extracted in the ideal case and applied to the respective signal. Then, different
parts of the power amplifier model were changed.

For the TWTA model, the linear gain was first varied by £1 dB, followed by varying
the input level at which the signal entered compression by £5%. The amplitude-
to-phase distortion was then varied by +5%. Finally, random impairments were
introduced by multiplying the four parameters by noise levels of 2% and 5%. To
obtain reliable results, the tests involving random impairments were repeated 100
times, and the mean value of each performance metric was computed.

The tests for the SSPA mismatch were similar to those for the TWTA mismatch.
First, the linear gain was varied by 4+1 dB, followed by varying the linear memory
drift by £1 dB. Static nonlinear drift, nonlinear memory drift, and nonlinear lag-
ging/leading drift were then introduced, each varied by +5%. A nonlinear phase
shift was subsequently applied by changing the phase of the GMP parameters by
+3°. Finally, random impairments were introduced in the same manner as for the
TWTA model mismatch, where 2% and 5% complex white noise were added to each
parameter. These tests were repeated 100 times, and the average performance was
computed.
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Results and Discussion

In this chapter, the results of the thesis are presented and discussed. First, a baseline
performance is established, followed by the complexity reduction study. Then, a
noise analysis and a power amplifier mismatch analysis are performed. Finally,
future work and limitations of the thesis are discussed.

4.1 Baseline performance

This section presents the baseline performance of the implemented communication
link. The evaluation includes three cases: the undistorted reference link, the per-
formance degradation introduced by the nonlinear PA models, and the performance
obtained when DPD is applied together with the PA models.

4.1.1 Optimal scenario

The baseline performance of the implemented communication links under ideal op-
erating conditions is presented in Tab. 4.1. In this scenario, neither power amplifier
distortion nor additive noise is applied. The results therefore represent the intrinsic
performance limitations of the implemented transmitter and receiver chains.

Table 4.1: Baseline performance metrics of the different signals used.

: PAPR | Lower ACLR | Upper ACLR | NMSE | EVMgus
Modulation (dB) (dB) (dB) (dB) (%)
QPSK 5.20 -38.49 -38.07 —00 0.73
16-QAM 6.79 -37.57 -36.64 —00 0.71
DFT-s-OFDM | 8.03 25.23 -26.19 —00 0.00
CP-OFDM 8.85 -26.24 -25.56 —00 0.00

As expected, the OFDM-based waveforms exhibit the highest PAPR, with CP-
OFDM reaching the largest value of 8.85 dB. The DFT-s-OFDM waveform achieves
a slightly lower PAPR due to the DFT-spreading operation, which distributes the
symbol energy more evenly across the allocated subcarriers. In contrast, the single-
carrier waveforms exhibit lower PAPR values, particularly the QPSK signal.

The ACLR results also reflect the different spectral characteristics of the evaluated
waveforms. The single-carrier signals achieve significantly lower adjacent-channel
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leakage compared to the OFDM-based signals, primarily due to the root-raised co-
sine filtering used in the transmitter chain.

The NMSE is equal to —oo dB for all waveforms, since the transmitted and received
signals are identical after synchronization and normalization in the ideal case. Fur-
thermore, the OFDM-based waveforms achieve nearly zero EVM, while the single-
carrier signals exhibit slightly higher EVM values. These small residual errors are
mainly attributed to synchronization inaccuracies and imperfections introduced by
the pulse-shaping and matched-filtering operations.

The single-carrier constellation diagram for the ideal 16-QAM scenario is presented
in Fig. 4.1.
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Figure 4.1: Single-carrier constellation diagram of the 16-QAM signal with 2500
symbols, 10 samples per symbol, a roll-off 5 = 0.2, and a span of 10.

As shown in Fig. 4.1, the received constellation points are tightly clustered around
the ideal reference symbols. This indicates that the implemented transmitter and
receiver chains operate correctly under ideal conditions. Only minor deviations from
the ideal constellation locations are observed.

The constellation also maintains a clear separation between all symbol points, result-
ing in zero bit errors for the evaluated frame. The small symbol spread is consistent
with the low EVM values reported in Tab. 4.1. This figure therefore serves as a
useful reference for later comparisons, where the effects of PA nonlinearities and the
performance of the DPD models are evaluated.

4.1.2 PA distortion

In this section, the effects of the two implemented PA models on the different commu-
nication signals are evaluated. First, the distortions introduced by the memoryless
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TWTA model are analyzed. The GMP SSPA model is then evaluated. The resulting
degradation in constellation quality, spectral containment, and overall signal quality
is quantified using the previously defined performance metrics.

4.1.2.1 TWTA

The baseline performance metrics of the communication signals after distortion by
the TWTA model are presented in Tab. 4.2.

Table 4.2: Baseline performance metrics of the traveling-wave tube amplifier with
the evaluated signals.

Modulation | Lower ACLR (dB) | Upper ACLR (dB) | NMSE (dB) | EVMgus (%)
QPSK -26.06 -25.89 -10.42 5.49
16-QAM -25.73 -25.70 -10.91 8.95
DFT-s-OFDM -21.63 -21.75 -11.57 9.10
CP-OFDM -22.08 -21.64 -11.64 10.72

As shown in Tab. 4.2, the TWTA model significantly degrades the performance of
all evaluated waveforms. The ACLR values are substantially worse than in the ideal
case, indicating pronounced spectral regrowth caused by the nonlinear compression
characteristics of the amplifier. This degradation is particularly noticeable for the
OFDM-based waveforms, which show the poorest ACLR performance due to their
inherently high PAPR.

The EVM values also increase considerably for all waveforms, demonstrating the
negative impact of the TWTA nonlinearities on constellation quality. The CP-
OFDM waveform experiences the largest degradation, reaching an EVM of 10.72%.
This is consistent with its high PAPR and increased sensitivity to static nonlinear
distortion. In comparison, the QPSK signal achieves the lowest EVM, which can be
attributed to its lower envelope variations and reduced susceptibility to compression
effects.

The resulting constellation distortion of the 16-QAM signal after TWTA amplifica-
tion is illustrated in Fig. 4.2.
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Constellation Diagram
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Figure 4.2: Single-carrier constellation diagram of the 16-QAM signal with 2500
symbols, 10 samples per symbol, a roll-off 5 = 0.2, and a span of 10. The signal is
distorted using the TWTA model.

As shown in Fig. 4.2, the constellation points are no longer tightly clustered around
the ideal symbol locations. Instead, both radial spreading and angular rotation are
observed, corresponding to the AM/AM and AM/PM distortions introduced by the
TWTA model. The outer constellation points are affected most severely, since these
symbols have higher instantaneous amplitudes and are therefore driven further into
the nonlinear compression region of the amplifier.

Despite the increased symbol dispersion, the constellation clusters remain sufficiently
separated for most symbols to be detected correctly. However, the reduced decision
margins increase the sensitivity to additional impairments, such as additive noise
and synchronization errors. Fig. 4.2 therefore clearly demonstrates the need for
digital predistortion to compensate for the nonlinear TWTA behavior and restore
the constellation quality.

4.1.2.2 SSPA

The constellation diagram illustrating the distortion introduced by the SSPA model
is shown in Fig. 4.3.
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Figure 4.3: Single-carrier constellation diagram of the 16-QAM signal with 2500
symbols, 10 samples per symbol, a roll-off 5 = 0.2, and a span of 10. The signal is
distorted using the GMP-based SSPA model.

As shown in Fig. 4.3, the SSPA model introduces substantial constellation spreading
and distortion. Compared to the TWTA case, the distortion pattern appears less
symmetric, which is consistent with the memory effects included in the GMP-based
amplifier model. The constellation points exhibit both amplitude compression and
phase distortion, causing the received symbols to deviate from their ideal locations.

The outer constellation points are again affected more severely due to their higher
instantaneous amplitudes. However, in contrast to the memoryless TWTA model,
the SSPA model also introduces additional spreading due to memory effects. This
results in a less regular constellation deformation and highlights the increased com-
plexity associated with linearizing SSPAs compared to memoryless amplifiers.

The baseline performance metrics for the SSPA distortion case are summarized in
Tab. 4.3.

Table 4.3: Baseline performance metrics of the solid-state amplifier model with
the evaluated signals.

Modulation | Lower ACLR (dB) | Upper ACLR (dB) | NMSE (dB) | EVMgus (%)
QPSK -29.75 -29.30 -19.50 6.21
16-QAM -29.70 -29.02 -20.16 7.67
DFT-s-OFDM -23.31 -24.96 -18.93 8.78
CP-OFDM -23.90 -24.22 -18.73 9.48

From Tab. 4.3, it can be observed that the SSPA model introduces considerable
degradation for all evaluated waveforms. Similar to the TWTA case, the OFDM-
based signals exhibit the worst ACLR performance due to their high PAPR charac-
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teristics. However, the ACLR values are slightly improved compared to the TWTA
case, indicating that the SSPA model produces less severe spectral regrowth under
the evaluated conditions.

The EVM values show that the OFDM-based waveforms remain the most sensitive
to nonlinear distortion, with DFT-s-OFDM and CP-OFDM reaching the highest
EVM values. The single-carrier waveforms achieve lower EVM values, suggesting
that the SSPA memory effects have a stronger impact on multicarrier waveforms
than on single-carrier signals.

The NMSE results further indicate that the SSPA-induced distortion is substan-
tial, although generally less severe than the TWTA distortion for the single-carrier
cases. However, due to the inclusion of memory effects in the GMP-based amplifier
model, the resulting distortion is more waveform-dependent and more difficult to
compensate.

4.1.3 DPD baseline performance

In this section, the baseline performance of the implemented digital predistortion
models is evaluated for both the TWTA and SSPA amplifier models. The objective
is to investigate how effectively the full DPD models compensate for the nonlinear
distortions introduced by the amplifiers and restore the communication link perfor-
mance.

4.1.3.1 TWTA

The power spectral density (PSD) of the single-carrier 16-QAM signal is presented
in Fig. 4.4.
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Power Spectral Density
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Figure 4.4: Power spectral density of the 16-QAM signal without distortion, with
TWTA distortion, and with polynomial DPD followed by the TWTA model. The
DPD uses odd-order polynomials up to order 9. Both axes are normalized: the
y-axis is normalized relative to the maximum value, and the x-axis is normalized
frequency.

As shown in Fig. 4.4, the TWTA model introduces significant spectral regrowth
compared to the undistorted reference signal. The nonlinear compression of the
amplifier causes signal energy to spread into adjacent frequency bands, resulting
in substantial ACLR degradation. When the polynomial DPD model is applied
prior to amplification, the spectral regrowth is significantly reduced and the PSD
approaches that of the ideal undistorted signal.

The effectiveness of the DPD model can also be observed in the constellation diagram
shown in Fig. 4.5.
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Constellation Diagram
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Figure 4.5: Single-carrier constellation diagram of the 16-QAM signal with 2500
symbols, 10 samples per symbol, a roll-off 5 = 0.2, and a span of 10. The signal
is predistorted using the polynomial DPD model and subsequently amplified using
the TWTA model.

Compared to the distorted constellation presented previously, the DPD-compensated
constellation points are significantly more concentrated around their ideal symbol
locations. The radial spreading and phase rotation introduced by the TWTA are
largely removed, demonstrating that the polynomial DPD successfully approximates
the inverse characteristics of the amplifier.

A small number of symbols still exhibit minor deviations from their ideal locations,
particularly among the outer constellation points where the nonlinear compression
is strongest. Nevertheless, the remaining distortion is sufficiently small that all sym-
bols remain within their correct decision regions, resulting in zero bit errors for the
evaluated frame.

A summary of the baseline DPD performance for the TWTA model is presented in
Tab. 4.4.

Table 4.4: Baseline performance metrics of the polynomial DPD model when cas-
caded with the TWTA model.

Modulation | Lower ACLR (dB) | Upper ACLR (dB) | NMSE (dB) | EVMgus (%)
QPSK -38.28 -37.88 -44.16 0.77
16-QAM -37.26 -36.40 -41.70 0.85
DFT-s-OFDM -25.26 -26.19 -39.98 0.52
CP-OFDM -26.19 -25.53 -39.10 0.72

The results in Tab. 4.4 show that the polynomial DPD model restores the commu-
nication performance close to the ideal undistorted case. The ACLR values improve
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significantly for all waveforms compared to the uncompensated TWTA case, indi-
cating that the spectral regrowth has been effectively suppressed.

The EVM values are also substantially reduced and approach the ideal baseline val-
ues. Similarly, the NMSE values improve dramatically for all waveforms, confirming
that the predistorter accurately compensates for the TWTA nonlinearities.

Overall, these results demonstrate that a relatively low-complexity memoryless poly-
nomial DPD model is sufficient to effectively linearize the memoryless TWTA am-
plifier model.

4.1.3.2 SSPA

The power spectral density of the single-carrier 16-QAM signal after SSPA distor-
tion and DPD compensation is presented in Fig. 4.6. In this baseline evaluation,
the GMP DPD configuration uses odd-order polynomials up to order 7, a mem-
ory depth of 5, and 3 lagging/leading cross terms. This configuration is used as a
high-complexity reference before the complexity reduction study in Section 4.2.
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Figure 4.6: Power spectral density of the 16-QAM signal without distortion, with
SSPA distortion, and with GMP DPD followed by the SSPA model. The DPD uses
odd-order polynomials up to order 7, with memory depth of 5 and 3 lagging/leading
cross terms. Both axes are normalized: the y-axis is normalized relative to the
maximum value, and the x-axis is normalized frequency.

As shown in Fig. 4.6, the SSPA model introduces substantial spectral regrowth due
to its nonlinear and memory-dependent behavior. The adjacent-channel leakage in-
creases significantly compared to the ideal case. However, when the GMP-based
DPD model is applied, the spectral regrowth is strongly reduced and the PSD ap-
proaches the undistorted reference spectrum.
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The corresponding constellation diagram for the DPD-compensated SSPA case is
shown in Fig. 4.7.
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Figure 4.7: Single-carrier constellation diagram of the 16-QAM signal with 2500
symbols, 10 samples per symbol, a roll-off 5 = 0.2, and a span of 10. The signal
is predistorted using the GMP DPD model and subsequently amplified using the
SSPA model.

Compared to the uncompensated SSPA case, the constellation points become signif-
icantly more concentrated around the ideal symbol locations after DPD compensa-
tion. The GMP-based predistorter successfully compensates for both the nonlinear
amplitude distortion and the memory effects introduced by the amplifier.

The overall constellation quality is therefore substantially improved. The remaining
distortion is much lower than in the uncompensated case, showing that the GMP
DPD model effectively captures the dominant characteristics of the amplifier.

A summary of the baseline performance of the GMP DPD model for the SSPA case
is presented in Tab. 4.5.

Table 4.5: Baseline performance metrics of the GMP DPD model cascaded with
the SSPA model.

Modulation | Lower ACLR (dB) | Upper ACLR (dB) | NMSE (dB) | EVMgus (%)
QPSK -38.27 -37.98 -40.66 0.76
16-QAM -37.35 -36.51 -42.94 0.78
DFT-s-OFDM -25.06 -26.08 -27.17 0.93
CP-OFDM -26.01 -25.44 -28.45 0.79

The results in Tab. 4.5 demonstrate that the GMP-based DPD model significantly
improves the communication performance for all evaluated waveforms. The ACLR
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values improve substantially compared to the uncompensated SSPA case, indicat-
ing that the spectral regrowth caused by the amplifier memory effects is effectively
reduced.

The EVM values are also considerably reduced for all waveforms. Although the
OFDM-based signals still exhibit slightly higher EVM values than the single-carrier
16-QAM signal, the overall improvement remains significant. This suggests that
the GMP DPD model successfully compensates for the dominant nonlinear memory
effects present in the SSPA model.

The NMSE values further confirm the effectiveness of the DPD model. Although
the SSPA case does not achieve the same NMSE performance as the memoryless
TWTA case, the overall signal quality is still greatly improved compared to the
uncompensated amplifier. This indicates that the GMP DPD model is capable
of linearizing relatively complex amplifier behavior with a manageable number of
parameters.

4.1.3.3 Baseline Performance Summary

The results demonstrate that both the TWTA and SSPA models introduce signif-
icant nonlinear distortion into the communication signals. However, the distortion
characteristics differ considerably between the two amplifier types. The memoryless
TWTA model introduces severe static AM/AM and AM/PM distortion, resulting
in a strongly distorted signal. However, since the model does not include memory
effects, its behavior is comparatively easier to compensate using a memoryless pre-
distorter.

The SSPA model, on the other hand, introduces both nonlinear distortion and mem-
ory effects. This results in a more complex and waveform-dependent distortion be-
havior, as observed from the constellation diagrams and the performance metrics.
Although the SSPA distortion is in some cases less severe in terms of ACLR and
NMSE, the presence of memory effects makes the linearization problem more chal-
lenging.

The OFDM-based waveforms experience the largest degradation across most of the
evaluated performance metrics. This behavior is closely related to their higher
PAPR. Since the input signals are scaled such that the maximum signal power cor-
responds to the maximum input power of the PA model, waveforms with higher
PAPR operate at a lower average input power. In addition, their large envelope
variations make them more sensitive to nonlinear compression and memory effects.

The lower average operating power associated with high-PAPR signals also has prac-
tical implications. For a given peak power limitation, these signals transmit less
average power, which can reduce the achievable communication range in free-space
propagation. Furthermore, operating the amplifier with a larger power back-off
generally reduces power efficiency. This illustrates the trade-off between waveform
characteristics, amplifier efficiency, and linearity.
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Finally, the DPD results show that both amplifier models can be effectively linearized
when an appropriate predistorter structure is used. The memoryless polynomial
DPD provides strong compensation for the TWTA model, while the GMP-based
DPD is able to compensate for the more complex memory-dependent behavior of
the SSPA model. In both cases, DPD significantly improves ACLR, NMSE, and
EVM, restoring the link performance close to the ideal reference case.

4.2 Complexity Reduction Study

In this section, the relationship between DPD model complexity and linearization
performance is investigated. The objective is to determine the minimum model com-
plexity required to achieve acceptable linearization performance for the evaluated
waveforms and amplifier models.

First, the memoryless polynomial DPD model is evaluated with different maximum
polynomial orders when compensating for the memoryless TWTA model. There-
after, the GMP-based DPD model is analyzed when compensating for the full GMP
SSPA model. For the SSPA case, the effects of polynomial order, memory depth,
and lagging/leading cross terms are investigated.

4.2.1 TWTA

The normalized mean square error (NMSE) obtained when varying the maximum
polynomial order of the memoryless polynomial DPD model is shown in Fig. 4.8.

-30 [
—QPSK j
—16-QAM
8-35 CP-OFDM
S, —DFT-s-OFDM
L
=
=-40
_45 | | | | | ]
3 S 7 9 11 13 15

Polynomial Order

Figure 4.8: NMSE of the TWTA model cascaded with the polynomial DPD model
using different maximum polynomial orders up to order 15.
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As shown in Fig. 4.8, increasing the maximum polynomial order initially results in
a clear improvement in NMSE for all evaluated waveforms. The most significant
improvement is obtained when increasing the maximum polynomial order from 3 to
7. This indicates that the dominant nonlinear behavior of the TWTA model cannot
be fully compensated by the lowest-order polynomial terms alone, and that higher-
order nonlinear terms are required to accurately approximate the inverse amplifier
characteristics.

For polynomial orders above 7, the NMSE improvement becomes marginal or, for
several of the evaluated waveforms, begins to degrade. According to the acceptable
linearization criterion defined in Section 1.2, this indicates that the performance
plateau has been reached at approximately seventh order. Additional polynomial
terms therefore increase the number of model coefficients without providing a cor-
responding improvement in linearization performance. Since the TWTA model is
memoryless and has a relatively smooth AM/AM and AM/PM response, excessively
high polynomial orders are not required and may instead lead to overfitting of the
training data.

The ACLR obtained for varying polynomial orders is presented in Fig. 4.9.
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Figure 4.9: Lower ACLR of the TWTA model cascaded with the polynomial DPD
model using different maximum polynomial orders. The x-axis corresponds to the
maximum polynomial order used, the left y-axis corresponds to the ACLR perfor-
mance of the QPSK and 16-QAM signals in dB, and the right y-axis corresponds to
the ACLR performance of the CP-OFDM and DFT-s-OFDM waveforms in dB.

The ACLR behavior shown in Fig. 4.9 differs somewhat from the NMSE trend.
For the OFDM-based waveforms, the ACLR remains relatively unchanged across
the tested polynomial orders. This suggests that the ACLR performance for these
waveforms is not primarily limited by the memoryless nonlinear distortion of the
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TWTA model, but also by the inherent spectral characteristics of the OFDM sig-
nals and the selected waveform processing.

In contrast, the single-carrier waveforms show a clearer dependence on polynomial
order. Increasing the maximum polynomial order improves the ACLR performance
up to approximately order 7, after which the additional gains are small. For higher
polynomial orders, no consistent improvement is observed, and in some cases the
ACLR slightly degrades. This supports the conclusion drawn from the NMSE re-
sults: a seventh-order memoryless polynomial DPD model is sufficient to compensate
the dominant TWTA nonlinearities, while higher orders do not provide meaningful
additional benefit.

The EVM obtained for varying polynomial orders is shown in Fig. 4.10.
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Figure 4.10: EVMgys of the TWTA model cascaded with the polynomial DPD
model using different maximum polynomial orders.

As shown in Fig. 4.10, the EVM results follow the same general trend as the NMSE
results. Increasing the polynomial order substantially improves the modulation qual-
ity up to approximately order 7. Beyond this point, the EVM even deteriorates for
the tested waveforms, particularly for the OFDM signals.

Overall, the TWTA complexity sweep shows that a seventh-order static polynomial
DPD model is required to satisfy the defined acceptable linearization requirements
across all evaluated waveforms. Lower-order models do not consistently reach the
performance plateau in NMSE, ACLR, and EVM, while polynomial orders above 7
provide only marginal or ill-conditioned results. Therefore, a maximum polynomial
order of 7 is selected as the minimum-complexity TWTA DPD configuration that
satisfies all linearization requirements considered in this thesis.
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4.2.2 SSPA

This section evaluates the complexity-performance trade-off of the GMP-based DPD
model when compensating for the memory-dependent SSPA model. The effects of
polynomial order, memory depth, and lagging/leading cross terms are investigated
for the different waveform types.

4.2.2.1 ACLR Performance

The ACLR performance of the GMP-DPD model remains largely unchanged across
the tested parameter configurations, indicating that increased model complexity
yields only marginal improvements in spectral regrowth suppression. As shown in
Appendix A, the difference in ACLR between the simplest configuration, a memo-
ryless third-order model, and the most complex evaluated configuration is small for
all waveforms. The maximum observed difference is approximately 2 dB.

These results suggest that the additional GMP parameters provide limited ACLR
benefit under the considered operating conditions. In the present setup, spectral
regrowth therefore appears to be dominated mainly by the lower-order static non-
linearities, meaning that a simple third-order static polynomial model is sufficient
to suppress most of the adjacent-channel leakage.

4.2.2.2 NMSE Performance

The NMSE performance of the GMP-DPD model for the different waveform types
is presented in this section.

The NMSE performance for the QPSK signal is shown in Fig. 4.11.
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Figure 4.11: QPSK NMSE versus GMP DPD model complexity.

Fig. 4.11 shows a significant improvement in NMSE performance when moving from
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low-complexity models to models with increased memory depth. The most impor-
tant parameter for reducing the NMSE is the memory depth. A clear improvement
is observed when increasing the memory depth from M = 0 to M = 2, whereas
further increases provide diminishing returns.

The figure also shows that the polynomial order and the lagging /leading cross terms
have a smaller impact on the overall NMSE performance compared to the memory
depth. However, the best performance is still achieved when higher-order polyno-
mial terms and cross terms are included, indicating that these parameters provide
additional refinement once the dominant memory effects have been captured.

The overall NMSE behavior for the 16-QAM signal is similar to that of the QPSK
signal, as shown in Fig. 4.12.
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Figure 4.12: 16-QAM NMSE versus GMP DPD model complexity.

Fig. 4.12 shows that memory depth is again the dominant parameter affecting NMSE
performance. Increasing the memory depth results in the largest improvement, while
increasing the polynomial order and including lagging/leading cross terms provide
smaller additional gains. This confirms that the dominant impairment introduced
by the SSPA model is memory-dependent and must therefore be compensated using
a DPD model with sufficient memory.

Compared to the single-carrier signals, the parameter sweeps for the OFDM-based
waveforms exhibit a less distinct optimum. This behavior is illustrated in Fig. 4.13
and Fig. 4.14.
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Figure 4.13: CP-OFDM NMSE versus GMP DPD model complexity.
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Figure 4.14: DFT-s-OFDM NMSE versus GMP DPD model complexity.

For both OFDM-based waveforms, the NMSE performance is primarily influenced
by the memory depth of the GMP-DPD model. Increasing the memory depth im-
proves the NMSE up to M = 3, indicating that memory effects are important for
accurately compensating the PA distortion. However, further increasing the mem-
ory depth does not provide additional improvement. Instead, the NMSE starts to
degrade, which may indicate overfitting.

Overall, the results show that memory depth is essential for improving the NMSE

performance of the GMP-DPD model, but only up to a certain point.

For the
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considered OFDM-based signals, a memory depth of approximately three appears
to provide the best trade-off between model complexity and NMSE performance.

4.2.2.3 EVM Performance

The EVM performance of the GMP-DPD model for the different waveform types is
presented in this section. First, the EVM performance for the single-carrier signals

is shown in Fig. 4.15 and Fig. 4.16.
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Figure 4.15: QPSK EVMgyg versus GMP DPD model complexity.
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Figure 4.16: 16-QAM EVMgys versus GMP DPD model complexity.

Fig. 4.15 and Fig. 4.16 show trends similar to those observed for the NMSE perfor-
mance of the single-carrier signals. The memory depth is again the most important
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parameter, with the largest improvement obtained when increasing the memory
depth up to M = 2. Beyond this point, no significant additional improvement is
observed.

This indicates that a moderate memory depth is sufficient to capture the dominant
memory effects affecting the constellation quality of the single-carrier signals. Higher
polynomial orders and cross terms provide some additional improvement, but their
impact is smaller than that of the memory depth.

Finally, the EVM results for the OFDM-based waveforms are shown in Fig. 4.17
and Fig. 4.18.
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Figure 4.17: CP-OFDM EVMgyg versus GMP DPD model complexity.
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Figure 4.18: DFT-s-OFDM EVMgyg versus GMP DPD model complexity.

Both the CP-OFDM signal shown in Fig. 4.17 and the DFT-s-OFDM signal shown
in Fig. 4.18 exhibit a strong dependence on memory depth. A major improvement
is observed when increasing the memory depth up to approximately M = 3, with
some additional improvement observed up to M = 6.

This suggests that, for OFDM-based waveforms, the DPD model may require a
larger memory depth than the GMP PA model itself in order to achieve the best lin-
earization performance. This can be explained by the larger envelope variations and
higher PAPR of the OFDM signals, which make them more sensitive to memory-
dependent nonlinear distortion.

Fig. 4.17 and Fig. 4.18 also show that higher polynomial orders and lagging/leading
cross terms contribute to the EVM performance, although their impact is smaller
than that of the memory depth. Thus, while these additional terms can improve

the final performance, the memory depth remains the primary factor determining
the effectiveness of this GMP-DPD model.

4.2.2.4 SSPA Complexity Trade-off Summary

To summarize the SSPA complexity reduction study, memory depth is the most im-
portant parameter for the considered GMP-based PA model. Increasing the memory
depth provides the largest improvements in both NMSE and EVM, especially for the
EVM of the OFDM-based waveforms. In some cases, using a DPD memory depth
larger than that of the GMP PA model provides additional performance gains, indi-
cating that the inverse model may require a more extensive memory representation
than the amplifier model.

Although memory depth is the dominant parameter, additional improvements are
obtained by increasing the polynomial order and including lagging/leading cross
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terms. These parameters are particularly useful for refining the compensation once
the main memory effects have been captured. However, their contribution is gener-
ally smaller than that of the memory depth.

The ACLR results show only limited sensitivity to the tested complexity config-
urations, with less than 2dB difference between the simplest and most complex
models. This indicates that, for the evaluated conditions, increasing the GMP-DPD
complexity mainly improves in-band signal quality, as reflected by NMSE and EVM,
rather than adjacent-channel leakage.

Overall, the results show that the required DPD complexity depends on both the am-
plifier model and the waveform type. For the memoryless TWTA model, a seventh-
order memoryless polynomial DPD is required to satisfy the acceptable linearization
requirements across all evaluated waveforms. Lower polynomial orders do not con-
sistently reach the performance plateau, while higher orders provide only marginal
or inconsistent results due to overfitting.

For the memory-dependent SSPA model, the results show that memory depth is the
dominant complexity parameter. Increasing the memory depth provides the most
important improvement in linearization performance, particularly for the OFDM-
based waveforms where in-band distortion is more pronounced. In contrast, increas-
ing the maximum polynomial order beyond third order and adding lagging or leading
cross terms provides only limited additional benefit relative to the increase in model
complexity.

Based on the acceptable linearization criterion used in this thesis, the minimum-
complexity SSPA DPD configuration is therefore selected as a memory polynomial
model with a memory depth of M = 3, a maximum polynomial order of K =
3, and no lagging or leading cross terms. Since only odd polynomial orders are
included, this corresponds to the linear and third-order terms. With four mem-
ory taps, (m=0,1,2,3), the resulting model contains (2 x 4 = 8) coefficients. This
configuration satisfies the acceptable linearity constraints according to the defined
performance-plateau criterion, although higher memory depths can provide addi-
tional waveform-specific EVM improvements for the OFDM-based signals. Conse-
quently, the complexity reduction study indicates that, for the considered SSPA case,
model reduction should prioritize retaining sufficient memory depth, while higher
polynomial orders and cross terms should only be included if additional waveform-
specific performance margins are required.

4.3 Noise Robustness Analysis

In this section, the robustness of the DPD models against additive noise is evalu-
ated. Two noise scenarios are considered. In the first scenario, noise is added to the
input signal between predistortion and amplification. This represents degradation
of the transmitted baseband signal itself.
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In the second scenario, noise is added to the PA output used during DPD training.
This represents measurement noise in the feedback path. The objective is to inves-
tigate whether the trained DPD models remain effective when either the operating
signal or the training data is corrupted by noise.

4.3.1 Input noise

The EVM results for the TWTA case with input noise are shown in Fig. 4.19. As
expected, the EVM increases as the input SNR is reduced. This degradation is
observed for all waveform types, since the input noise is passed through both the
DPD model and the amplifier. At high SNR levels, the EVM approaches the cor-
responding baseline DPD performance, indicating that the residual error is mainly
dominated by remaining nonlinear distortion and receiver imperfections. As the
SNR decreases, the additive noise becomes the dominant impairment and the per-
formance of all signals gradually deteriorates.

EVM vslInput Noise

3 ‘
—QPSK
25 —16-QAM I
= CP-OFDM
N
e 2 —DFT-s-OFDM |
215
|_|J .
1
05 | | | |
25 30 35 40 45 50

SNR (dB)

Figure 4.19: EVMgus of the TWTA for the different signals when input noise is
applied.

The single-carrier waveforms remain relatively robust over a wider SNR range,
whereas the OFDM-based waveforms generally exhibit stronger sensitivity to in-
put noise. This is consistent with their higher PAPR and increased sensitivity to
amplitude and phase perturbations. Nevertheless, the DPD model does not become
unstable when input noise is introduced. Instead, the observed degradation is pri-
marily caused by the additive noise itself.

For the SSPA case, shown in Fig. 4.20, a similar trend can be observed. The EVM
increases with decreasing input SNR for all evaluated signals. Compared to the
TWTA case, the SSPA results show slightly higher sensitivity due to the presence of
memory effects in the amplifier model. These memory effects cause the input noise
to influence not only the instantaneous sample, but also the effective nonlinear
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response over several samples. Consequently, the OFDM-based waveforms show a
more noticeable degradation.
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Figure 4.20: EVMgygs of the SSPA for the different signals when input noise is
applied.

Overall, the input-noise results show that the DPD models remain effective as long
as the input SNR is sufficiently high. At lower SNR values, the communication
performance becomes increasingly noise-limited, meaning that further improvements
in nonlinear compensation cannot significantly reduce the EVM.

4.3.2 Output training noise

The EVM results for the TWTA model when the DPD is trained using noisy output
data are presented in Fig. 4.21. In this case, the noise affects the coefficient esti-
mation rather than the transmitted signal directly. At high training SNR values,
the DPD model achieves performance close to the noiseless training baseline. This
indicates that the polynomial DPD model can accurately identify the inverse TWTA
characteristics when the feedback signal is only weakly corrupted by noise.
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EVM vs Output Training Noise
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Figure 4.21: EVMgyg of the TWTA for the different signals when the DPD is
trained using noisy output data.

As the training SNR is reduced, the EVM increases slightly. This degradation occurs
because the least-squares coefficient estimation begins to fit both the amplifier dis-
tortion and the noise component present in the measured output signal. As a result,
the extracted predistorter coefficients become less accurate. However, the TWTA
case remains relatively robust, since the amplifier is memoryless and the polynomial
DPD model contains a limited number of coefficients. The reduced model complex-
ity makes the coefficient estimation less sensitive to noisy training data.

The only exception is the QPSK signal below an SNR of 20 dB, where a signifi-
cant performance degradation is observed. At an SNR of 15 dB, the QPSK signal
reaches an EVM above 3%. This may be explained by its lower PAPR, which re-
sults in a larger portion of the signal operating closer to the amplifier compression
region. Consequently, the signal becomes more sensitive to noise at lower SNR levels.

Finally, the slight decrease in EVM between 20 and 30 dB training SNR for the
16-QAM, DFT-s-OFDM, and CP-OFDM signals may be attributed to the interac-
tion between measurement noise and the least-squares coefficient estimation used
during DPD training. At moderate noise levels, the added output noise can slightly
regularize the coefficient extraction by reducing the tendency of the model to fit
small signal-specific variations or numerical imperfections in the training data. As
a result, the estimated predistorter coefficients may generalize slightly better to the
evaluated signal, producing a small improvement in EVM. However, this effect is
not expected to be systematic and should be interpreted as a minor variation rather
than a fundamental performance gain.

The corresponding SSPA results are shown in Fig. 4.22. In this case, the impact of
output training noise is more pronounced. The GMP-DPD model contains memory
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terms and lagging/leading cross terms, resulting in a larger number of coefficients
that must be estimated from the measured data. When the training data is noisy,
the coefficient estimation therefore becomes more sensitive to measurement errors.
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Figure 4.22: EVMgygs of the SSPA for the different signals when the DPD is
trained using noisy output data.

The OFDM-based waveforms are again among the most sensitive cases. Their wider
amplitude distribution and higher PAPR require accurate modeling of both nonlin-
ear and memory-dependent behavior. When the feedback measurement is noisy,
the extracted GMP coefficients become less accurate, leading to increased residual
distortion after predistortion.

At training SNR values above approximately 30 dB, the extracted coefficients are
sufficiently accurate and the performance improvement begins to saturate. This
indicates that, beyond this point, further increases in feedback SNR provide di-
minishing returns, since the remaining EVM is mainly limited by residual model
mismatch and receiver imperfections rather than by coefficient-estimation noise.

In summary, the output-training-noise results demonstrate that feedback measure-
ment quality is important for reliable DPD identification. The memoryless TWTA
predistorter remains relatively robust to noisy training data, while the GMP-based
SSPA predistorter is more sensitive due to its higher model complexity and memory-
dependent structure.

4.4 Model Mismatch and Generalization

This section evaluates the ability of the trained DPD models to generalize when the
amplifier characteristics deviate from the model used during training. In practical
systems, such deviations may occur due to temperature changes, component aging,
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bias variations, operating-point drift or even the usage of another power amplifier.
The DPD model is therefore evaluated under several controlled mismatch scenarios

for both the TWTA and SSPA amplifier models.

4.4.1 TWTA

The EVM results for the mismatched TWTA cases are presented in Tab. 4.6, while
the corresponding NMSE results are shown in Tab. 4.7.

Table 4.6: EVMgys in % of the mismatched TWTA using the four evaluated
signals: QPSK, 16-QAM, CP-OFDM, and DFT-s-OFDM.

Modulation QPSK | 16-QAM | CP-OFDM | DFT-s-OFDM
Baseline 0.77 0.86 0.72 0.52
+1 dB linear gain drift 0.77 0.86 0.72 0.52
-1 dB linear gain drift 0.77 0.86 0.72 0.52
+5 % P1dB drift 0.78 0.93 0.79 0.59
-5 % P1dB drift 0.78 0.89 0.78 0.58
+5 % AM/PM 0.81 0.96 0.92 0.67
-5 % AM/PM 0.78 0.84 0.63 0.48
Random 2 % impairment | 0.78 0.88 0.75 0.55
Random 5 % impairment | 0.83 0.97 0.88 0.63

Table 4.7: Normalized Mean Square Error in dB of the mismatched TWTA using
the four evaluated signals: QPSK, 16-QAM, CP-OFDM, and DFT-s-OFDM.

Modulation QPSK | 16-QAM | CP-OFDM | DFT-s-OFDM
Baseline -44.16 | -41.70 -39.10 -39.98
+1 dB linear gain drift | -44.16 | -41.70 -39.10 -39.98
-1 dB linear gain drift -44.16 | -41.70 -39.10 -39.98
+5 % P1dB drift -37.79 | -37.70 -36.96 -37.43
-5 % P1dB drift -37.83 | -37.68 -36.96 -37.45
+5 % AM/PM -42.39 | -39.99 -37.57 -38.54
-5 % AM/PM -43.48 | -42.27 -39.88 -40.73
Random 2 % impairment | -42.09 | -40.57 -38.53 -39.29
Random 5 % impairment | -38.53 | -38.10 -36.63 -37.84

For the TWTA model, the DPD performance remains highly robust under the evalu-
ated mismatch conditions. A 41 dB linear gain drift has no visible impact on either
EVM or NMSE. This is expected since the receiver normalization compensates for
most of the linear amplitude scaling, and the nonlinear shape of the amplifier char-
acteristic remains unchanged.

The P1dB drift has a more visible impact on the NMSE, reducing the linearization

accuracy compared to the nominal case. However, the EVM degradation remains
small for all waveforms. This indicates that the predistorter still compensates the
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dominant nonlinear behavior sufficiently well, even when the compression point of
the amplifier is shifted.

The AM/PM mismatch mainly affects the phase response of the amplifier. The
results show that a positive AM/PM drift causes a slightly larger degradation than
a negative drift, particularly for the OFDM-based waveforms. This suggests that
the trained DPD model is more sensitive to an increase in nonlinear phase rota-
tion than to a corresponding reduction. Nevertheless, the overall EVM remains
low, demonstrating that the polynomial DPD model generalizes well to moderate
AM/PM variations.

The random impairment cases further confirm the robustness of the TWTA DPD
model. A 2% random impairment produces only a minor degradation, while the 5%
impairment results in a clearer NMSE penalty. Even in this case, the EVM val-
ues remain close to the baseline DPD results. Overall, the TWTA mismatch study
shows that the memoryless polynomial DPD model is robust to moderate param-
eter variations and maintains good linearization performance across all evaluated
waveforms.

4.4.2 SSPA

The EVM and NMSE results for the mismatched SSPA cases are presented in Tab.
4.8 and Tab. 4.9, respectively.

Table 4.8: EVMgys in % of the mismatched SSPA using the four evaluated signals:
QPSK, 16-QAM, CP-OFDM, and DFT-s-OFDM.

Modulation QPSK | 16-QAM | CP-OFDM | DFT-s-OFDM
Baseline 0.78 0.76 0.79 0.93
+1 dB linear gain drift 0.94 0.95 1.04 1.10
-1 dB linear gain drift 0.95 1.07 1.29 1.34
+1 dB linear memory drift 0.93 1.02 1.06 1.16
-1 dB linear memory drift 0.91 0.86 1.11 1.22
+5 % static nonlinear drift 0.90 1.02 1.14 1.12
-5 % static nonlinear drift 0.90 0.88 1.00 1.10
+5 % nonlinear memory drift | 1.99 2.18 3.76 3.71
-5 % nonlinear memory drift | 2.20 2.48 3.64 3.49
+5 % lagging/leading drift 1.97 2.10 3.31 3.23
-5 % lagging/leading drift 1.83 1.91 3.53 3.53
+3 deg nonlinear phase shift | 0.80 0.80 0.85 0.99
-3 deg nonlinear phase shift 0.80 0.85 0.87 0.96
Random 2 % impairment 1.73 1.98 3.06 2.91
Random 5 % impairment 3.93 3.88 7.58 7.50
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Table 4.9: Normalized Mean Square Error in dB of the mismatched SSPA using
the four evaluated signals: QPSK, 16-QAM, CP-OFDM, and DFT-s-OFDM.

Modulation QPSK | 16-QAM | CP-OFDM | DFT-s-OFDM
Baseline -40.66 | -42.94 -28.45 -27.17
+1 dB linear gain drift -35.77 | -35.21 -28.44 -27.41
-1 dB linear gain drift -35.04 | -34.67 -26.99 -25.90
+1 dB linear memory drift -28.89 -29.30 -26.07 -25.22
-1 dB linear memory drift -29.78 | -29.93 -26.92 -26.05
+5 % static nonlinear drift | -37.98 | -38.68 -27.85 -26.73
-5 % static nonlinear drift -39.21 | -41.16 -28.58 -27.33
+5 % nonlinear memory drift | -27.26 | -27.96 -24.32 -23.82
-5 % nonlinear memory drift | -26.05 | -27.05 -24.58 -24.30
+5 % lagging/leading drift | -28.14 | -29.24 -25.39 -24.96
-5 % lagging/leading drift -29.12 | -29.80 -24.69 -24.11
+3 deg nonlinear phase shift | -40.42 | -42.66 -28.46 -27.19
-3 deg nonlinear phase shift | -39.94 | -41.45 -28.34 -27.09
Random 2 % impairment -30.46 | -29.83 -25.13 -24.72
Random 5 % impairment -21.82 | -22.91 -19.75 -19.81

Compared to the TWTA case, the SSPA model exhibits a stronger sensitivity to
parameter mismatch. This is expected since the GMP-based SSPA includes both
nonlinear and memory-dependent behavior. A mismatch in the memory terms af-
fects not only the instantaneous amplifier response but also the relationship between
neighboring samples, making the predistortion problem more difficult.

The linear gain drift cases produce moderate degradation, especially for the OFDM-
based waveforms. The negative gain drift results in slightly higher EVM than the
positive drift, indicating that the trained predistorter is somewhat more sensitive
when the amplifier gain is reduced. The linear memory drift also affects the OFDM-
based signals more strongly than the single-carrier signals, which is consistent with
their higher sensitivity to memory-dependent distortion.

The static nonlinear drift has only a limited impact on performance. Both EVM
and NMSE remain close to the nominal DPD case, especially for the single-carrier
waveforms. This suggests that the GMP DPD model can tolerate moderate changes
in the static nonlinear coefficients.

In contrast, the nonlinear memory drift and lagging /leading drift cases cause a much
larger degradation. These impairments directly affect the dynamic nonlinear behav-
ior that the GMP DPD model is designed to compensate. Since the predistorter was
trained for the nominal memory structure, changes in these terms lead to residual
distortion that cannot be fully corrected. This effect is especially visible for CP-
OFDM and DFT-s-OFDM, where the EVM increases substantially compared to the
nominal DPD baseline.

The nonlinear phase-shift cases have a relatively small effect compared to the non-
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linear memory mismatch. This indicates that the evaluated phase perturbation is
less critical than errors in the dynamic nonlinear coefficients. However, some degra-
dation is still observed, particularly for the OFDM-based signals.

The random impairment cases summarize the overall sensitivity of the SSPA DPD
model to combined parameter variations. A 2% random impairment already pro-
duces noticeable degradation, while the 5% random impairment results in severe
performance loss, even making the frame synchronization of the QPSK unreliable.
This confirms that the GMP-based DPD model is significantly more sensitive to
model mismatch than the memoryless TWTA predistorter.

Overall, the model mismatch results show that the DPD models generalize well when
the amplifier deviations are moderate. The TWTA case is highly robust due to the
relatively simple memoryless amplifier behavior. The SSPA case is substantially
more sensitive, particularly to nonlinear memory and lagging/leading coefficient
variations.

4.5 Limitations and Future Work

The main limitations of this thesis stem from confidentiality constraints, which af-
fected both the evaluation methodology and the choice of waveforms. Specifically,
the evaluation was conducted using behavioral models rather than direct measure-
ments from operational hardware systems. Although these models were selected
to emulate realistic amplifier behavior, they cannot fully capture all practical im-
pairments present in real RF hardware. In addition, the waveforms used in the
evaluation were limited to general single-carrier and multi-carrier waveforms, rather
than proprietary or application-specific signal formats.

Due to these limitations, several possible extensions of this work can be identified.
An important next step would be to validate the proposed DPD models using the
actual communication waveforms used at Saab, together with the intended radar
functionality. This would make it possible to evaluate the DPD performance under
realistic joint radar-communication operation and verify that the combined use of
the waveforms does not degrade the linearization performance.

A second step would be to characterize and validate the specific TWTA and SSPA
used at Saab. This should include verifying that the amplifiers are sufficiently in-
vertible within their intended operating regions, since DPD relies on the possibility
of approximating the inverse behavior of the PA. During this characterization, mea-
sured PA input-output data should also be collected and stored. Such a database
would simplify future testing, benchmarking, and validation of different DPD mod-
els without requiring repeated hardware measurements.

The amplifier characterization should also be used to investigate the presence of

memory effects for the relevant waveforms and operating conditions. This is partic-
ularly important for the TWTA, where it should be verified whether the memoryless
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assumption used in this work remains valid for the actual Saab use case. If the
TWTA does not exhibit significant memory effects, then a relatively simple DPD
structure may be sufficient. For the SSPA, however, the results in Section 4.4.2 in-
dicate that memory effects and random impairments can have a stronger influence,
which should be considered in future implementations.

Once both the software and hardware validation have been completed, a more ad-
vanced DPD implementation could be developed. Two suitable alternatives are a
look-up-table (LUT) based DPD and an adaptive DPD implementation. The choice
between these approaches should depend on the measured amplifier behavior, the
required linearization performance, and the available implementation resources.

A LUT-based DPD is attractive due to its relatively low implementation complexity
[7], [30]. In such an implementation, the predistortion coefficients are stored in a
table and selected based on parameters such as input amplitude, operating point,
temperature, or frequency [30], [31]. However, LUT-based DPDs are often imple-
mented as memoryless models, which limits their ability to compensate for dynamic
PA behavior [31]-[33]. Since memory effects are more sensitive to operating con-
ditions and random impairments, as shown in Section 4.4.2, a LUT-based DPD is
likely most suitable for the TWTA, provided that the TWTA can be shown to have
negligible memory effects for the relevant waveform and operating region [3], [34].

An adaptive DPD, on the other hand, can track changes in the PA behavior over
time [7], [35], [36]. This includes variations due to temperature, supply voltage,
frequency, load mismatch, aging, and output power level [36], [37]. Adaptive pre-
distortion normally requires an observation path, including feedback, demodulation,
ADC conversion, and an adaptation algorithm [35], [36]. This makes the implemen-
tation significantly more complex than a fixed LUT-based DPD. However, it also
provides higher robustness and can be extended to include memory effects [6], [33],
[36]. For this reason, an adaptive DPD is likely the more suitable alternative for the
SSPA, where memory effects and operating-condition-dependent behavior must be
captured more accurately [6], [10], [11].
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Conclusion

This thesis has investigated digital predistortion as a software-based method for mit-
igating power amplifier nonlinearities in communication signals transmitted through
a radar-optimized shared aperture. The objective was to evaluate whether DPD can
improve communication performance without modification of the RF hardware, and
to determine how the complexity of the predistortion model should be selected for
different amplifier characteristics and waveform types.

The study considered two amplifier models: a memoryless Saleh model representing
a traveling-wave tube amplifier, and a generalized memory polynomial model repre-
senting a solid-state power amplifier with nonlinear memory effects. Four communi-
cation waveforms were evaluated: QPSK, 16-QAM, CP-OFDM, and DFT-s-OFDM.
Performance was assessed using EVM, ACLR, and NMSE.

The results show that nonlinear PA operation can significantly degrade communi-
cation performance through both in-band distortion and spectral regrowth. The
severity of this degradation depends on both the waveform and the amplifier model.
In general, the OFDM-based waveforms were more sensitive to nonlinear distortion
than the single-carrier waveforms, which is consistent with their higher PAPR. The
SSPA model also produced more complex distortion than the TWTA model due to
its nonlinear memory effects.

Digital predistortion was shown to substantially reduce the distortion introduced by
both amplifier models. For the memoryless TWTA case, a static polynomial pre-
distorter was sufficient to compensate for the dominant AM/AM and AM/PM dis-
tortion. Increasing the polynomial order improved performance only up to a certain
point, after which further increases led to diminishing returns and ill-conditioned re-
sults. For the evaluated TWTA case, a seventh-order memoryless polynomial model
provided the best overall result.

For the memory-dependent SSPA case, the results show that a memory-based poly-
nomial DPD is required to compensate for the nonlinear dynamic behavior. Among
the investigated parameters, memory depth was found to be the most important fac-
tor for improving EVM and NMSE performance, particularly for the OFDM-based
waveforms. Higher polynomial order and the inclusion of lagging and leading cross
terms also improved performance, but their contribution was generally smaller and
showed clearer diminishing returns. This indicates that memory depth should be
prioritized when selecting the complexity of the DPD model.
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The primary research question concerned the minimum-complexity DPD model re-
quired to achieve acceptable linearization performance under nonlinear PA distortion
and noise. The results indicate that this model should not be defined by a fixed
universal parameter set. Instead, the appropriate complexity should be selected
based on the point where further increases provide only marginal improvements in
EVM, ACLR, and NMSE. For memoryless amplifier behavior, this point can be
reached with a low-complexity memoryless polynomial model. For amplifiers with
nonlinear memory effects, sufficient memory depth is the dominant requirement,
while higher polynomial order and cross terms should be added only until the per-
formance reaches a clear plateau.

The robustness and model mismatch analyses show that DPD remains effective
under moderate noise levels and moderate variations in amplifier behavior. How-
ever, performance degrades as the SNR decreases or as the feedback signal used for
training becomes less accurate. The TWTA predistorter was relatively robust to
parameter variations, while the SSPA predistorter was more sensitive, especially to
variations in the nonlinear memory coefficients and cross terms. This suggests that
practical GMP-based DPD implementations require accurate amplifier characteri-
zation and may benefit from periodic retraining or adaptive coefficient updates.

Overall, the thesis demonstrates that digital predistortion is a promising approach
for improving communication performance in radar-communication shared aperture
systems. For amplifiers dominated by memoryless nonlinearities, a low-complexity
polynomial predistorter can provide sufficient linearization. For the amplifier with
nonlinear memory effects, an MP-based predistorter is needed, with memory depth
being the most important complexity parameter. The results support the conclu-
sion that software-based linearization can improve modulation quality and spectral
behavior without requiring changes to the RF hardware.

Future work should proceed from realistic joint waveform validation, to hardware
characterization, and finally to the implementation of DPD architectures adapted
to each amplifier type. A LUT-based DPD appears promising for the TWTA if
memory effects are negligible, while an adaptive DPD is likely required for the
SSPA to achieve sufficient linearization under realistic operating conditions.
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A

Appendix 1

In this appendix, the figures for the SSPA ACLR performance under the complexity
reduction are presented.
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Figure A.1: Lower ACLR for the QPSK signal when performing the complexity
reduction study.
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Figure A.2: Lower ACLR for the 16-QAM signal when performing the complexity
reduction study.
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Figure A.3: Lower ACLR for the DFT-s-OFDM signal when performing the com-
plexity reduction study.
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Figure A.4: Lower ACLR for the CP-OFDM signal when performing the complex-
ity reduction study.
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