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PREFACE

This thesis represents a culmination of work and learning that has taken place over
a period of three years (2010 - 2013). It started as a small group of people(leaded
by Assoc. Prof. Jifi Petrzela) with backgrounds primarily in electronics, physics
and maths, with idea that an explanation and analysis of nonlinear systems, mainly
focused on the deterministic chaotic theory, can be done using electronic circuit

theories.

In 2011 T joined a research group at ESIEE Paris led by Prof. Genevieve Bau-
doin where I started my work at project AMBRUN (with participants from: ESIEE
Paris, SUPELEC, TeamCast and Thales Communications & security). The project
is mainly focused at linearization of high power amplifiers and description of non-
linear devices. With background in electronics and non-linear devices I have joined
the laboratory ESYCOM. We have decided to do a Ph.D. under double supervision
(cotutelle) by Université Paris Est and Brno University of Technology.

Therefore the thesis is divided in two parts that are practically connected only by
the non-linear phenomenas. The first part deals with linearization of power ampli-
fiers. The second part describes phenomena and analyzing techniques related with

chaotic systems.

[ have also been involved in other collaborative work; in particular with Univ.Prof.
Christoph Mecklenbréauker (TU Wien) and Prof. Ales Prokes (BUT) trying to as-
sembly test-bench for UWB measurements in the optical domain (1550nm) for in-car
communication. The obtained measurements will be used for modeling the channel
in cars.

I have been a member of Wireless communication teams (WICOMT) since 2011
focused on the investigation of microwave components of communication systems
and on research of wireless communication systems. The WICOMT project was
followed by the regional research centre of Sensor, Information and Communication

Systems (SIX) where I have been a member since 2012.



Original contributions of the thesis

This thesis is primarily focused on the modeling and analyzing of non-linear dynam-

ical systems.

The main contributions can be summarized to several categories:

PART I:

First the generalities on radio frequency power amplifiers have been intro-
duced.

Several known techniques for linearizing and modeling the non-linear systems
(especially PA) have been presented (RF models, baseband modes - static and
quasi-static, multistage, dynamical and neural network models).
Identification of models (and DPDs) have been presented. Brief complexity
have been discussed.

Test signals for measuring PAs have been created.

Modeling and linearization of five measured amplifiers from several manufac-
turers (TeamCast, Thales) has been presented. Subsequently the comparison
is presented.

The fractional least mean square algorithm for modeling and linearizing is
presented.

The optimal order estimation of DPDs and models using integer genetic algo-
rithm is presented.

Influence of time delay mismatch (integer and fractional time) on the DPD
performance is presented. Consequently in order to compensate an integer
advance time mismatch, the PMM model is introduced.

Modeling and linearization of PA with spectral artifacts (an asymmetrical
spectrum and spikes in adjacent channels) are discussed. Consequently the
filtered LS solution is presented.

Multiple solutions in adaptive indirect learning architectures for predistortion
have been shown with proposed solution.

A testbench has been assembled in order to measure and validate wideband

RF power amplifiers.



PART II:

Methods for analyzing the mathematical models and time series (with recon-
struction) have been introduced.

Fractional order series is briefly discussed and it is shown, that there can exists
autonomous chaotic dynamical system with order lower than 3. Research of
fractional behavior is leading to interesting properties, such as memory effects,
that natural description can not provide.

New dynamical system with chaotic solution having periodical discrete jumps
is presented. Consequently new method for analysis called spherical quantifi-
cation have to be used.

Generalization of piecewise-linear approximation of vector field is used for sev-
eral examples. As the result of the linearization, possible analytical solutions
of chaotic systems arises.

In the next section as a consequence of discretization of vector fields system
with so-called sampled dynamics is presented and verified by practical circuit.
New quantifier for systems with large state attractor dynamics is generalized
into the n-spherical quantifier.

The area of generating dynamical chaotic jerk-functions is investigated from
the sampled dynamic point of view. Therefore synthesis of circuit having
discrete vector field step function is presented.

Parallelization of calculation of Lyapunov exponents is presented.

Parallel particle swarm optimization is presented and is used in order to find
chaotic solutions of generic set of differential equations with piecewise-linear

vector fields.
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Part 1

Modeling and linearization of

non-linear systems






1 MOTIVATION

It is common situation that nonlinear devices are simulated using computers. There
can be complex models modeling physical phenomenas of each electronic part. Mod-
els on physical level are usually very complex and difficult to handle even with mod-
ern computers. Another approach can be modeling systems in fact as a black-box

device.

Another aspect of non-linear systems is the reduction and modeling of inconve-
nient effects connected with a real characteristic of many real-world parts [3], 123,
140], especially the modeling aspects connected with non-linear power amplifiers

(PA) used in wireless communications and broadcasting.

Power amplifiers are critical elements of mobile communication and broadcasting
systems because their efficiency conditions the autonomy and the weight of mobile
handset batteries and their linearity influences on performance of the communica-
tion. In practice, PAs are not perfectly linear and present memory effects, i.e. the
output signal is a function of the current and of previous input signal values. And

a compromise must be achieved between the efficiency and the linearity of the PA [4].

The aim of this work is to bring new innovative solutions to improve the perfor-

mance of RF power transmitters.

The work conducted in this thesis is a part of work for the project AMBRUN
(FUT project with partners: Thales, TeamCast, Supélec and ESIEE Paris). The
project aims to improve the radio performance of the amplification of multiplexed
signals using adaptive algorithms for dual applications: tactical communication and
broadcasting VHF band. The originality and ambition of the project lie in the band-
widths of processed signals (above 40 MHz) the involved powers (up to 100W) and

the non-stationarity of tactical multiplex signals.

In Figll.Tone can see increasing demands on communications system with every
generation of devices. One may observe, that in 1985 for AMPS systems the re-
quired bandwidth of signal was 30kHz. Comparing for example with the latest LTE
Advanced, that can require 100MHz of bandwidth. The LTE Advanced requires
approximatively 3400 times larger bandwidth than AMPS systems. That is also

challenging in terms of signal processing.
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Fig. 1.1: Time schedule for the complexity and signal bandwidth.
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2 GENERALITIES ON RADIO FREQUENCY
POWER AMPLIFIERS

In this chapter we would like to introduce some generalities related with power
amplifiers. This first, general chapter consists of three sections. The first section is
dedicated to description of ideal power amplifier. The second section brings overview
of performance evaluation methods. Finally the last section introduces generalities

on linearization of power amplifiers.

2.1 Ideal and Real Power Amplifier

The main task of power amplifier is to increase strength of signal. The ideal power
amplifier doesn’t introduce any distortion. Therefore the output V,,; of ideal power

amplifier is directly proportional to its input signal V;,, with gain G:
‘/out - G ‘/zn (21)

The layout is presented in Figl2.1] For small input signal powers, this is often

PA
V' Vout

Fig. 2.1: Schematic representation of power amplifier.

a sufficient description of the functionality. The ideal characteristic is not limited
by any value so called saturation effects and does not produce any memory effects.
However, if the input signal power is increased, at some point the PA begins to
saturate. The ideal saturation could be modeled by a limiter. As a consequence of
saturation, the gain decreases with increased input power. Gain compression occurs
because eventually the output signal (voltage, current, power) saturates, due to the

supply voltage or bias current limitation.

2.1.1 1dB Compression Point

A real power amplifier typically maintains a constant gain for low-level input signals.

However, at higher input levels, the amplifier usually goes into saturation and its
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2.1. Ideal and Real Power Amplifier

gain naturally decreases. The 1 dB compression point (P1dB) is a typical value used
for characterization and indicates the power level that causes the gain to drop by
1 dB from its small signal value. The 1 dB compression point is derived from the
gain relationship between output power and input power. It is measured by slowly

increasing source amplitude while monitoring the output power drop.

2.1.2 AM/AM and AM/PM Conversion

Using the AM/AM and AM/PM conversion characteristics is based on the idea of
separable effects of the non-linearities. AM-to-AM conversion characteristics de-

scribe output power depending on the input power.
Similarly an AM-to-PM conversion measures the amount of undesired phase de-
viation (PM) that is caused by input power variations (AM) of the system. Usually

the conversion characteristics are measured with one tone signals.

The example of such conversion characteristics can be seen in the Fig[2.2]
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Fig. 2.2: AM/AM conversion characteristics (top) and AM/PM conversion charac-
teristics (bottom).
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2.1. Ideal and Real Power Amplifier

2.1.3 Two Tone Test and Intermodulation Distortions

A widely used method for evaluating an amplifier’s linearity is the two-tone test.
The two tone test signal is constructed by summing two closely-spaced unmodulated
RF carriers with amplitude A, and frequencies f; . Modulating the signal with ideal
RF modulator we get:

Vinrr(t) = A cos(2m fit) + A cos(2m fat) = 2 A cos(27 fint) cos(2m fet), (2.2)

where f,, = —h;fl and f, = —h;h.
Now applying the signal to an amplifier considering only amplitude distortions
of the signal we may describe the amplifier characteristics by general polynomial

series as:
Vot (1) = a1 Vi (t) + a2 Vi (£)* + .. + @ Vi ()" 4+ ... + kn Vin (). (2.3)

When the two-tone signal is applied to input of this amplifier, each order of nonlin-

earity will generate additional frequency components or intermodulation products:

frv =mfi +nfo, (2.4)
where m and n are positive or negative integers and |m| + |n| = k where k is the
order of intermodulation. The even order terms generate intermodulation (IMD)
products that are located away from the input frequencies. Therefore they can be
easily filtered. Unfortunately, the odd-order IMD products are close to the useful

band (Fig[2.3).

Over the decades, the two-tone test has proven to be a powerful PA linearity test

Two tone signal Output of 5t order polynomial series
close to fundamental frequencies
3rd 3rd
5th 5th
fi f2 fi f2

Fig. 2.3: In-band IMD products for an amplifier with up to fifth orders of nonlin-

earity.

procedure that can be performed with a relatively simple experimental setup. How-
ever, nowadays modulated signals are far more complex and the simple two-tone

test may be insufficient.
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2.1. Ideal and Real Power Amplifier

2.1.4 Nth Order Intercept Point

The interception point is defined at the extrapolated intersection of two lines in
AM/AM plot - extrapolated fundamental component line and the line that gives
power of the Nth order intermodulation product as a function of the input power.
For example the third-order intercept point (IP3) relates nonlinear products caused
by the third-order nonlinear term to the linearly amplified signal. The intercept
point is a purely mathematical concept, and does not usually correspond to physi-

cal power level. In many cases, it lies far beyond the damage threshold of the device.

The typical approach measuring an Nth-order intercept point uses two-tone sig-
nals. It begins by applying two sinusoids to the circuit input at frequencies f; and
fa. We increase their power while plotting the power at the output in a fundamen-

tal and in an Nth-order intermodulation product (for example for the IP3 we chose
either 2f1 — fg or 2f2 — fl)

A ""’I/
71 1P3
1dB Compression point™ .
Saturation \ /
3
o
S
5]
.(\ »
e Fundamental,”
a
5
o
34 Order Harmonics
(Products) |
~>

Input power [dBm]

Fig. 2.4: Graphical representation of Saturation point, IP3 and 1dB Compression

point.

The graphical representation of each definition is visualized in Fig2.4]
Parameters like 1dB compression point and IP3 are parameters usually given

by PA manufactures (Fig)2.4). However such points are not sufficient, because the

measurements are performed only for tone signals. Thus PA characterization is not
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2.1. Ideal and Real Power Amplifier

sufficient for wideband signals.

2.1.5 Efficiency of Power Amplifier

A very important figure of merit for a power amplifier is its efficiency which denotes
how much of the supplied power is transfered to the output and how much of the
power is transformed to other forms of energy(usually heat). The efficiency is related
with power consumption. The worst the efficiency, the worst the battery life is.

Different definitions of efficiency can be given, one of the most useful is the Power
Added Efficiency (PAE). PAE is calculated as follows:

Pout_Pi

PAE = " 100%, (2.5)
Ppc

where Pp¢ is the power consumption.

2.1.6 Signal Crest Factor - PAPR

The crest factor of a signal is defined as the ratio between peak amplitude input
and its root mean square (RMS) value:

x
’ ‘peak. (26)

xrms

C =

A derived measure from Crest factor is the peak-to-average power ratio (PAPR).
The PAPR is usually used in signal processing applications. It is defined as power
ratio:

2
||

Dpeak _ 2, (2.7)

2
Lrms

Usually the PAPR is expressed in decibels (dB). The knowledge of PAPR is im-

portant, because it is a measure of the envelope dynamics.

PAPR =

The PAPR can be measured on radio-frequency (RF) or baseband complex en-

velope signals. There is a 3dB difference between the two definitions.

Widely used Orthogonal Frequency-Division Multiplexing (OFDM) signals have
quite high PAPR (approx. 12dB in RF) unlike sine wave which has 3.01dB. The
PAPR is an important signal parameter for a PA, because it leads to using large

back-off to preserve linearity whilst the efficiency is degraded.
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2.1. Ideal and Real Power Amplifier

Saturation

Good efficiency
Low linearity

Output Power [dBm]

Low efficiency
Good linearity

>

Pavg Pigg Input power [dBm]

Fig. 2.5: Graphical representation of PAPR, AM/AM characteristics of PA with

average power Py ¢ and saturation power Pgp.

In order to have good efficiency, the operating point of PA needs to be set close to
saturation area, but the higher the operating point is, the worst the linearity. Usu-
ally we need to set a certain compromise between linearity and efficiency. Therefore
a back-off is used. The value of the back-off is of the same order as the PAPR
(Back —of f ~ PAPR).

2.1.7 Memory Effects

Memory effects (MEs) have been receiving a great deal of attention as they are
known to impair most common (memoryless) PA linearization schemes. When us-
ing narrowband signals, memory effects does not play an important role, however in

wideband and high-power systems, the memory should be taken into account.

In fact, since traditional PA linearizers are designed as memoryless devices, they
simply breakdown in presence of some sort of dynamic IMD behavior. This is so
important that microwave PA industry has been asking for some form of MEs met-
ric [B], capable of evaluating the PA linearizability. The memory effects could be
expressed basically as frequency-domain fluctuations in the transfer function or in

time domain.
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2.2. System performance evaluation: ACPR, EVM, NMSE

MEs can be subdivided into two different groups of phenomena basically accord-

ing to the time constants involved.

Short-term MEs are characterized by time constants comparable with the carrier
period. They are usually caused by the reactive components of the active device
and matching networks at the RF band. Such PAs are usually modeled with small

memory order.

On the contrary, long-term MEs are low-frequency phenomena involving time
constants that are comparable to period of useful signal envelope. They can be

caused by thermal effects, active device charge carrier traps, or by biasing networks.

In general these memory effects results in AM/AM and AM/PM characteristic
depending on the input signal.

2.2 System performance evaluation: ACPR, EVM,
NMSE

There are several parameters used to evaluate the influence of PA non-linearity on

system performance in the case of modulated signals, in particular ACPR and EVM.

2.2.1 Adjacent Channel Power Ration - ACPR

The imperfections and non-linearities usually results in some adjacent channel spec-
tral regrowth. This phenomenon can be quantified with the parameter ACPR that
is defined as a bandwidth limited ratio between the power in the main channel and
the power in one adjacent channel (Fig. Therefore we can define this property
for left and right adjacent channel. The right and left channel ACPRs are defined
by:

iy P(f)df) 28

ACPRg[dB] = 10log (‘B/‘“’
Jis® By()df

55 Py(f)f )
Cann Pf)df )

where B represents the bandwidth of the signal and P,(f) is power spectral density.

ACPR.[dB] = 1010g<
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2.2. System performance evaluation: ACPR, EVM, NMSE

BL B BRr
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fe-fa fc fc+fa f

Fig. 2.6: Graphical representation of ACPR for left and right sides.

2.2.2 Normalized Mean Square Error - NMSE

For the quantification of performance we can also use Normalized Mean Square
Error (NMSE)[6]. It is an estimator of the overall deviations between predicted
and measured values. For two complex vectors x and y of N samples the NMSE is
defined as:

NMSE(x,y)[dB] = 10log <(X — ) x - Y)) . (2.9)

xHx
Where (.)# stands for transposed complex conjugation of vector also so-called Her-

mitian transpose.

The NMSE is a global measure of quality. But it does not distinguish between
linear and non-linear distortion.
For example bad NMSE could be due to time shift between signals and/or bad

gain alignment.

2.2.3 Error Vector Magnitude - EVM

Error vector magnitude (EVM) is a measurement of performance in the presence
of impairments. The measured symbol location obtained after decimating the re-
covered waveform at the demodulator output are compared with the ideal symbol
locations of constellation points. EVM is defined as normalized average value of the
vector error. It is usually estimated on a window of N samples. As shown in Fig[2.7]
the measured symbol location is given by w. However, the ideal symbol location
(using the symbol map) is given by v. Therefore, the resulting error vector is the

difference between the actual measured and ideal symbol vectors defined as e = w—w.
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2.83. Linearization of Power amplifier
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Q BN Measured symbol location
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Fig. 2.7: Graphical representation of error vector magnitude (EVM).

The EVM is calculated after compensation of simple constellation determination:
offset and complex gain. Analytically, RMS EVM is defined as:

E(jv — cqw — co|2)
E(Jv]?) 7

where E(.) represents the average value, ¢y and ¢; are the optimal values of gain

EVM =

(2.10)

and offset. Using ergodic properties, it is estimated on N symbols by (in the case

where ¢y = 0 and ¢; = 1):

~ [(Ij — I7*)? 4 (Q; — QT6“8)2]

EVM =
o 17 + Q3

100%. (2.11)

2.3 Linearization of Power amplifier

In order to use very efficient power amplifiers, usage of signal processing methods
to compensate or reduce the distortion caused by the PA would be beneficial. Un-

fortunately, PAs are most efficient when operated near saturation.
The PA linearization techniques are well known approaches widely used for sev-

eral decades in analogue techniques. Due to rise of computational power, bandwidth

and advanced modulation techniques, the interest in digital predistortion techniques
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2.83. Linearization of Power amplifier

increased. The digital predistortion overcomes the analogue solution in its simplicity,

stability and adaptivity.

2.3.1 RVF Feedforward Linearization

The principle itself is old and was invented in Bell Laboratories [7]. The principle is
to calculate the distortion signal at the output of PA and then subtract it from the
output signal. Therefore an input signal splits into two paths as we can see in the
Fig[2.8l The first path consists of the main PA and time delay with some coupling
elements. The second one amplifies the difference between output of the first PA
and time delayed input. At the output we subtract by a coupler the amplified error
signal from the time delayed distorted output of the PA. Thus we reduce distortions
at PA output.

Such principle is simple but with some disadvantages. One of the greatest is
the high number of components and therefore also high sensitivity to perfect circuit
matching. The main advantage is the unconditioned stability and wide bandwidth

of such systems.

Main PA _dﬂh_ _ulL_

T
i i |
_ error signal
lule
T

error amplifier

Fig. 2.8: Fundamental layout of RF feedforward linearization.

Note that distortion from memory effects can also be compensated using the
feedforward technique, since these effects are included in the error signal. Such

scheme can be modified to be adaptive by adding feedback control loop.

2.3.2 RF Feedback Linearization

The use of feedback is well known across all the fields of electronics (oscillators,

amplifiers, optical systems, etc).
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2.83. Linearization of Power amplifier

In principle the output from feed-backed amplifier is subtracted from the input
signal with a certain attenuation. Therefore the PA is driven by the error signal.
The advantage is the relative simplicity of additional circuitry needed to provide
feedback. On the contrary, the main disadvantage of feedback is caused by prob-
lems of stability. We may classified feed-back linearization in two main groups: RF

feed-back and cartesian feed-back (or more generally transmitter feedback).

The fundamental layout of RF feed-back linearization can be seen in the Fig[2.9
Only nonlinear components are fed-back. The performance depends on the quality
of the cancellation process linked to the gain loop. The method can improve only
modestly the linearity in the case of wideband signal due to the limitation of the

loop-bandwidth product for static systems.

| | Substracter | | | |

> - PA > >
RF RF
input output
v
Gain Phase
controller controller

Fig. 2.9: Fundamental layout of RF feedback linearization.

Another possible solution of feedback linearization is the utilization of Cartesian
feedback transmitter presented in the Fig2.10l It is based on negative feedback
applied to the Cartesian coordinates of the baseband signals, I(t) and Q(t). The
error signal is created by subtraction of the down-converted output of PA from the
generated baseband I and Q signals. This approach is interesting since it can lin-
earize transmitters but it is limited to narrow-band signals because of long delays

in the loop that increases stability constraints.

There exists other methods like Envelope feed-back, Polar-Loop Transmitter and

others. All of the other mentioned methods are derived from feedback theory.
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2.83. Linearization of Power amplifier
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Fig. 2.10: Fundamental layout of Cartesian-loop feedback transmitter linearization.
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2.3.3 Analog and Digital Predistortion

First let us begin with a brief description of the principle of predistortion before

presenting the main structures or behavioral models usable for predistortion.

The principle of predistortion is to transform the signal before entering the am-
plifier to compensate for the distortions which are introduced by the amplifier. The
predistortion system should ideally have the inverse characteristics of the distortion

generated by the amplifier as shown in Fig[2.T1]

_A A
> . B .
= PAnonlinear 2 PA nonlinear
5 | characteristics = characteristics
2 'E PA linearized
*g characteristics
k7
PA linearized ©
. .. [
characteristics @
ey
a.
\ Predistortion
characteristics Predistortion
characteristics

Vin[ V] [Vin| [V]

Fig. 2.11: Principle of linearization of filtered baseband complex signals using digital

pr