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ABSTRACT 

In this thesis memory effects and nonlinearities of Gallium Nitride (GaN) Doherty power 

amplifier (PA) were studied for measurement based behavioral modelling purposes. In 

SoC simulations a PA model is needed to simulate the performance of different  

linearization algorithms and to optimize the digital pre-distortion (DPD) design to cancel 

the memory effects of the PA, thus the model needs to be capable of modelling the memory  

effects sufficiently. Aim was to study if there were any differences in power amplifiers  

behavior and memory effects between time division duplexing (TDD) and frequency 

division duplexing (FDD) and what kind of model topologies are needed to model the PA 

sufficiently. 

In this thesis, two PAs were measured in different operation modes. Characterization 

setup was built, and an equalizer was characterized to remove the frequency selectivity of 

the test setup to obtain more accurate measurement results. Two signal bandwidths of 

20MHz and 100MHz were used to extract data from power amplifier output with FDD 

and TDD operation. A generalized memory polynomial was fitted to model the PAs and 

found to be sufficient to model FDD operation. However,  with TDD operation generalized 

memory polynomial model was not as accurate due to complex memory effects such as 

thermal and trapping memory. Models were also validated by using a digital pre-distorter 

and compared with measurement results and the models seem to work well and provide  

adjacent channel power ratio (ACPR) of -53.5dBc on lower channel and -53.3dBc on 

upper channel with 100MHz signal. 
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Toivanen J-J. (2022) GaN RF-tehovahvistimen käyttäytymistason mallinnus. Oulun 

yliopisto, tieto- ja sähkötekniikan tiedekunta, elektroniikan ja tietoliikennetekniikan tutkinto -

ohjelma. Diplomityö, 60 p. 
 

 

TIIVISTELMÄ 

Tässä työssä tutkittiin Galliumnitraatti (GaN) Doherty-tehovahvistimen (PA) muisti-

ilmiöitä ja epälineaarisuutta mittauksiin perustuvaa käyttäytymistason mallinnusta 

varten. SoC-simuloinneissa tarvitaan PA-mallia erilaisten linearisointialgoritmien 

suorituskyvyn simuloimiseksi. Erityisesti digitaalisen esisäröttimen (DPD) suunnitte lun 

optimoimiseksi tehovahvistimessa esiintyvän muistin kumoamiseksi mallin on pystyttävä 

mallintamaan muistia riittävällä tarkkuudella. Työn tavoitteena oli selvittää, onko 

tehovahvistimien käyttäytymisessä ja muisti-ilmiöissä eroja aika- ja 

taajuusdupleksoinnin (TDD, FDD) välillä ja millaisia mallitopologioita tarvitaan, jotta 

tehovahvistinta voidaan mallintaa riittävällä tarkkuudella.  

Tässä työssä käytettiin kahta tehovahvistinta eri toimintatilojen mittaamiseen. Työssä 

rakennettiin mittausympäristö ja lisättiin taajuuskorjain kumoamaan 

mittausympäristön taajuusselektiivisyyttä. Kahta signaalinkaistanleveyttä 20 MHz:a ja 

100 MHz:ä käytettiin datan keräämiseen tehovahvistimen ulostulosta aika- ja 

taajusjakoista dupleksointia käyttäen. Tehovahvistimen mallintamiseen sovitettiin 

muistipolynomi, jonka todettiin olevan riittävän tarkka FDD-toiminnan mallintamiseen, 

mutta TDD-toiminnassa malli ei ollut yhtä tarkka monimutkaisten muisti-ilmiöiden, 

kuten lämpö- ja elektronien ansoitusmuistin, vuoksi. Mallit validoitiin myös käyttämällä 

digitaalista esisärötystä ja niitä verrattiin mittaustuloksiin. Mallit näyttävät toimivan 

hyvin ja tuottavan vierekkäisen kanavan tehosuhteen (ACPR) -53,5dBc alemmalla 

kanavalla ja -53,3dBc ylemmällä kanavalla 100MHz signaalilla. 

 

Avainsanat: Käyttäytymistason mallinnus, tehovahvistin, digitaalinen esisärötys. 
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1 INTRODUCTION 

Radio frequency (RF) power amplifiers (PA) are critical part of 5th generation (5G) cellular 

base station. The main purpose of PA is to amplify transmitted signal to sufficient power levels 

to be able to detect the signal at the receiver end without introducing too much noise in the 
signal.  

In recent years the need for more efficient and easily linearizable power amplifiers has 

increased due to the wide bandwidths (BW) and high efficiency demands in 5G radios [1]. To 
speed-up the characterization and to understand how the power amplifiers work with availab le 

linearization techniques such as digital pre-distortion (DPD), modelling of the PA is being in a 

bigger role and creates interest in the industry [1]. The overall system performance needs to be 
simulated before the actual hardware is available, thus creating the demand for more accurate 

PA models which would work in different use cases. 

In 5G, time division duplexing (TDD) transmission and receiving of the data is possible on 
a single branch. This however means that the RF-power is on and off for a certain period from 

the PA perspective which creates demands for the PA because it needs to be able to handle fast 

changes and constant switching of power. 
This switching of power enables the use of many power saving features like discontinuous 

transmission in which the data is packed at the beginning of the frame, making it possible to 

switch the PAs gate off in a symbol time scale. This however means that the PA can produce 
more memory effects and nonlinearities, making the signal quality worse. The need to create 

models of the PA in the early phase of base station development is increased and therefore the 

PA modelling is a hot topic in the industry [1]. 
The demand for more efficient amplifiers has led to the industry being interested in GaN 

PAs rather than more commonly used LDMOS PAs due to GaN PAs high efficiency [1]. The 

maturity of GaN technology has reached a level where it’s now being used in base stations [2]. 
GaN however brings new challenges as it has high thermal conductivity as well as it being very 

nonlinear with memory effects due to thermal and trapping memory [3]. 

 Generalized memory polynomial (GMP) has been widely used to model LDMOS PAs since 
it has been found to be accurate enough to model memory and nonlinearities of LDMOS PAs 

[4]. However, with more complex memory as in GaN PAs and the addition of thermal and 

trapping memory calls for longer time constants in behavioral modelling than GMP is able to 
produce [4,5].  

Goal of this thesis is to generate models which can model accurately TDD and FDD 

operation and thus, several measurements were made with different signal bandwidths to 
understand what kind of memory effects and nonlinearities are present. After generation of 

models, the models are validated by using measurement data. 

The thesis is constructed as follows: in Chapter 2 basic theory of RF PA is presented with 
memory effects and nonlinearities specific to the semiconductor technology. Chapter 3 

introduces behavioral modelling and DPD which is going to be used later in the thesis. Chapter 

4 presents the model extraction methods used and Chapter 5 presents the model generation and 
modelling results. Chapter 6 discusses the outcome and results of the thesis. Chapter 7 

concludes the thesis. 
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2 RF-POWER AMPLIFIER 

PAs are a fundamental part of cellular base stations used for wireless communication system. 

The main purpose is to convert direct current (DC) power into RF power and amplify the 

downlink RF-signal linearly and with a good efficiency. It amplifies the signal which is then 
fed to antenna while trying to keep the noise and distortion as low as possible. Usual PA in 

cellular base station consists of a high linearity driver amplifier, followed by a final stage 

amplifier which consists of multiple amplifier stages. Multiple stages are used to get the wanted 
amount of gain and output power. Usually, the final stage device is the one that needs to be 

optimized and often the pre-driver is linear and wideband device. 

 
 

2.1 Gain compression and efficiency 

The gain of the amplifier is the ratio of output power and input power, and it is expressed in 

decibels (dB) as follows 

 

 𝐺𝑑𝐵 = 10𝑙𝑜𝑔10 (
𝑃𝑜𝑢𝑡

𝑃𝑖𝑛
) , (1) 

 

where 𝑃𝑜𝑢𝑡 is the output power of the PA and 𝑃𝑖𝑛 is the input power. Gain of the PA is dependent 
on different factors like input power, bias circuitry, frequency, and DC input power. Gain 

remains constant to a certain output power level and due to the nonlinear nature of the PA it 

begins to compress until reaches the saturation point as illustrated in Figure 1 1dB compression 
point is a Figure of merit, where measured gain differs 1 dB from the linear gain and is a point 

where PA start to exhibit strong nonlinearity. This amplitude dependent gain variation is usually 

called amplitude-to-amplitude conversion (AM-AM). Power amplifiers usually operate very 
close to the saturation point where efficiency is at the maximum. When power levels are backed 

off from the saturation point, it’s called power back-off. 

 

 
Figure 1. Output power in relation to input power. 

 

Efficiency of the PA is one the key figure of merit as the PA is consuming significant amount 
of energy in base stations. The DC power is usually fed to the transistors’ drain, and thus, 

efficiency is often defined as drain efficiency. This is the ratio between RF power delivered and 

the DC input power fed to the transistor as follows [6 p. 96]  
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 η =  𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝐷𝐷𝐷𝐷

, (2) 

 
where 𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅  is the power delivered and 𝑃𝑃𝐷𝐷𝐷𝐷 is the power supplied to transistors’ drain. Another 
common way to define the efficiency of the PA is power added efficiency (PAE) where the RF 
input power is considered. PAE is calculated as follows 

 

 𝑃𝑃𝑃𝑃𝑃𝑃 =  𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 − 𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝐷𝐷𝐷𝐷

. (3) 

 
As seen from (3), this considers the gain of the PA and therefore is more useful tool to analyse 
the efficiency. 

 
 

2.2 Doherty structure 

Doherty topology is commonly used in cellular base stations due to its ability to have high 
efficiency at backoff power levels. Doherty PA consists of two amplifiers called main and peak 
which operate at lower and higher power levels, respectively. Main amplifier is biased at class 
A or AB and peaking amplifier at class C. Operating classes are discussed in more detailed in 
[7]. Doherty topology is shown in Figure 2 where it can be seen that there are quarter wave 
transformers, also called impedance inverters in both branches. 

 
Figure 2. Doherty topology. 

 
The impedance inverter at main amplifier branch has a critical role as it makes the load 

modulation possible [8]. It can transform the impedance as 
 

 𝑍𝑍𝑅𝑅 =  √𝑅𝑅1 ∗ 𝑅𝑅2, (4) 
 
where Z_t is the impedance of the quarter wave transformer, R1 is the impedance seen by the 
main amplifier and R2 is impedance seen from the main branch. The quarter wave transformers 
impedance is constant thus the impedance seen by the main amplifier is 

 

 𝑅𝑅1 =  𝑍𝑍𝑅𝑅
2

𝑅𝑅2 . (5) 

 
The impedance R2 seen by the main branch can be expressed by the following two equations 
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 𝑉𝑅2 = 𝐼2 ∗ 𝑅2, (6) 

 
 𝑉𝑙𝑜𝑎𝑑 = 𝑅𝐿 ∗ (𝐼2 ∗ 𝐼3 ). (7) 

 

These two equations lead to 
 

 𝑅2 = 𝑅𝐿 ∗
(𝐼2+𝐼3)

𝐼2
. (8) 

 

Now we can solve the output impedance of main amplifier when combined with (2) as 
 

 𝑅1 =  
𝑍𝑡

2

𝑅𝐿

𝐼2

(𝐼2 +𝐼3 )
.  (9) 

 
Usually, the impedances are scaled so that the transformer impedance Z_t is equal to R_opt and 

R_load is equal to R_opt/2. From these assumptions and by the fact that the impedance 

transformer is lossless we can yet simplify the equation to following 
 

 𝑅1 = 2 ∗ 𝑅𝑜𝑝𝑡 ∗
𝐼1

𝐼1 +𝐼3
. (10) 

 

From this equation we can finally see the principle of the load modulation. The impedance seen 

by the main amplifier is dependent on the current of the peak amplifier branch. At the lower 
power levels the peak amplifier is not conducting and thus 𝐼3 is zero. That means that the 

impedance seen by the peaking amplifier is infinity. From (10) we can see that the impedance 

seen by the main amplifier is 2 ∗ 𝑅𝑜𝑝𝑡 .  

When the input power levels rise above the threshold voltage of peaking amplifier the current 

𝐼3 starts to increase. As a result, the impedance of the main branch changes according to (8). 

Now thanks to the impedance inverter the impedance seen by the main amplifier starts to 
decrease from 2 ∗ 𝑅𝑜𝑝𝑡 towards 𝑅𝑜𝑝𝑡 . Ultimately, after the input power is at the maximum the 

impedances R1, R2 and R3 are all 𝑅𝑜𝑝𝑡 . In Figure 3 efficiency curve of Doherty amplifier can 

be seen. Nominal output power corresponds to the situation where the main amplifier matched 
to 𝑅𝑜𝑝𝑡  and peaking amplifier is not yet conducting. When input power level is increased from 

nominal power level the impedance seen by peak amplifier is starting to decrease towards 𝑅𝑜𝑝𝑡 . 

This operation allows high efficiency at back-off power levels. However, if the input power is 
decreases from nominal output power the efficiency drops fast which is why the wanted 

operating point is at nominal output power. 
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Figure 3. Efficiency curve of Doherty-PA.  

 

 
2.3 Nonlinearities and distortion 

Power amplifiers need to be operated at the edge of their saturation region to satisfy the 
efficiency needs as seen in Figure 3 This unfortunately distorts the output of the PA. RF PAs 

are nonlinear circuits which has memory in them. Nonlinearity can be modelled simply with 

power series as follows [9]. 
 

 𝑦_𝑜𝑢𝑡(𝑡) =  𝑎0 + 𝑎1𝑥𝑖𝑛(𝑡) + 𝑎2 𝑥𝑖𝑛
2 (𝑡) + ⋯ 𝑎𝑛𝑥𝑖𝑛

𝑛 (𝑡), (11) 

 

where 𝑎0 is the DC-term, 𝑎1𝑥𝑖𝑛(𝑡) is the linear term and 𝑎𝑛𝑥𝑖𝑛
𝑛 (𝑡) are the nonlinear terms of 

higher orders. These higher order nonlinear terms are responsible for distortion and saturation. 
Here the power series can be used to model memoryless nonlinear system. In the following 

Sections memoryless nonlinearities will be discussed. There are few important phenomena 

which causes unwanted spectral regrowth like clipping, intermodulation distortion and 
harmonics. 

 

 
2.3.1 Harmonic and intermodulation distortion 

When the amplifier is driven in the saturation region the output power is getting compressed as 
illustrated in Figure 1 This means that the amplifier cannot anymore amplify the signal linear ly 

as a function of input power but starts to distort it.  

First let’s look at the case of a single tone input signal.  
 

 𝑉(𝑡) = 𝐴(𝑡) ∗ cos (𝜔𝑡 + 𝜙(𝑡)), (12) 

where 
A is the amplitude of the signal, 𝜔 = 2𝜋𝑓, t is time, f is the frequency and 𝜙(𝑡) is the phase 

shift. 

 
When V(t) is passed through a nonlinear system the output signal can be written as  
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𝑉𝑜𝑢𝑡 (𝑡) = 𝑎0 + 𝑎1(𝐴(𝑡) ∗ cos(𝜔𝑡 + 𝜙(𝑡))) +  𝑎2(𝐴(𝑡) ∗ cos(𝜔𝑡 + 𝜙(𝑡)))
2

+ 𝑎3 (𝐴(𝑡) ∗

cos(𝜔𝑡 + 𝜙(𝑡)))
3
.  (13) 

 

When expanding (13) further we get, 

 

𝑉𝑜𝑢𝑡 (𝑡) = 𝑎0 +  
1

2
𝑎2𝐴(𝑡)2 + (𝑎1𝐴(𝑡) +

3

4
𝑎3𝐴(𝑡)3) cos(𝜔𝑡 + 𝜙(𝑡)) +

(
1

2
𝑎2𝐴(𝑡)2) cos(2𝜔𝑡 + 𝜙(𝑡)) + (

1

4
𝑎3𝐴(𝑡)3) cos(3𝜔𝑡 + 𝜙(𝑡)). (14) 

 
From here we can see that the output contains several higher order terms and a DC-term. These 

terms are called harmonic distortion components and those are illustrated in Figure 4 These 

higher order harmonic distortion components are always one 𝜔 away from the fundamenta l 

signals and thus they don’t have much effect on PA performance since they can usually be 
filtered away in the PA design.  

 

 
Figure 4. Harmonic distortion components. 

 

In the case of multi tone input the amplifier starts to produce mixing effects of the signals 

fed into the input. By applying two tone continuous wave signals to the input of the PA we can 
observe the intermodulation distortion (IM) easily. The output spectra contain mixing of the 

signals as seen from Figure 5 Note that odd order nonlinearities also fall on top of fundamenta l 

frequencies which can cause expansion or compression. 
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Figure 5. Intermodulation distortion of two-tone signals. 

 

The amplitude and phase of the mixed signals depends on the nonlinearity of the PA. By 
sweeping the two-tone continous wave (CW) signals through some wanted bandwidth we can 

make predictions on how linearly the PA will behave by observing IM3 and IM5. The most 

troublesome mixing products are IM3’s since they fall right beside the fundamental frequenc ies 
and causes unwanted spectral regrowth [10]. In the case of modulated signals which contains 

more than two frequencies the spectral regrowth can be seen easily and is the product of the 

phenomena described above [10]. Figure 6 Shows IMD of modulated signals. In 
telecommunication systems complex wideband signals are used, where information is 

modulated in frequency carrier’s amplitude and phase, which causes varying amplitude.  

Modulated signals and its relation to varying amplitude is explained in Section 4.2. 
 

 
Figure 6. IMD of modulated signals. 

 
In Figure 7 frequency spectrum of captured output signals with different power levels are 

plotted. From there can be seen the unwanted spectral growth when the PA is driven with higher 

output power. The in-band output power is 10dB higher at nominal output power levels, but the 
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adjacent channel power has now increased almost 20dB, which is due to the fact that e.g. 3rd 

order distortion level increases in the power of 3 vs input amplitude as implied in (11). 

 

 
Figure 7. NR20 output with 10dB back-off and nominal power levels. 

 

 
2.3.2 Clipping 

As explained the PA needs to operate close to the saturation region to be efficient. This causes 
a signal peaks to be clipped and causes unwanted spectral regrowth [11]. In time domain the 

clipping can be seen as compressed peaks, but in frequency domain the effects of the 

nonlinearity can be seen clearly.  
The clipping effect can be seen in Figure 8 where a sinusoidal signal is clipped, which then 

causes significant spectral regrowth. In a multi-tone signal like 5G NR-signals the same kind 

of behavior can be observed where the PA is driven into compression, and it starts to clip the 
output signal. 

Clipping can cause the gate of the GaN diode to open and thus limit the gate voltage. This 

results in additional DC-component (self-biasing) which can add to the transistor biasing 
voltage, making the transistors operating point to shift from class AB towards class C. With 

GaN amplifier this can lead to a gain collapse due to gate forward current [12]. 

 



 

 

17 

 
Figure 8. Clipped and unclipped sine waves and corresponding spectra. 

 
 

2.4 LDMOS and GaN 

LDMOS has been the most used technology in the market of high-power RF-power amplifie rs 
from 1 MHz to 3.5GHz [13]. LDMOS’s advantages are its good efficiency, gain and low cost. 
LDMOS die is n-channel enhancement mode MOSFET. Power density in LDMOS PA is 
usually around 1-2W/mm [14]. In the recent years GaNs popularity has grown since LDMOS 
has its frequency limitations. 3-4GHz is often considered as the maximum operating frequency 
for LDMOS [14]. GaN on the other hand is used up to 30GHz frequencies [14]. 

GaNs main advantages are the transistors large breakdown voltage, high power density, high 
thermal conductivity, and reduced power requirements. GaN transistors are capable of higher 
efficiency which is often a key requirement of a PA. When higher power densities are achieved 
it leads to lower gate periphery and thus the input/output capacitances are lower. GaN PAs die 
is packed in smaller area than LDMOS PAs due to its high-power density and thus thermal is 
one the challenges in GaN PA design since the heat dissipation area is relatively small. 

 
 

2.4.1 Memory effects 

Power amplifiers exhibits memory effects which causes distortion to the output signals passing 
through the PA. This means that the output of the PA is not only dependent on the input signal 
at a given time 𝜏𝜏, but also depends on the past time 𝜏𝜏-1, 𝜏𝜏 -2, …, 𝜏𝜏 -n. Here n is the memory 
depth. These memory effects have a major effect on PA’s linearizability and results in leftover 
in-band and out-of-band distortions. The mechanism’s which causes memory effects can be 
divided into electrical memory effects and electrothermal [15]. Electrothermal memory appears 
typically in low modulation frequencies and electrical memory appears in higher modulat ion 
frequencies [15].  
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Memory effects can be subdivided into two forms: short term memory and long- term 

memory [16]. Short term memory occur at RF time scale and the impulse response is in ns 

scale. Long term memory occurs at envelope time scale and is in ms/us scale. Since memory 
effects are caused by the circuits sensitivity to beating frequency  𝜔2 − 𝜔1, dispersion of low 

frequency effects manifests as PA envelope memory [16]. Envelope memory can be caused by 

the device itself causing thermal and trapping memory or by bias circuitry. 
Long term memory is responsible for many system impairments like degradation of EVM 

and BER [16]. Quite often the source of long-term memory is in the bias circuitry of the PA. 

LDMOS-based PAs long-term memory is mostly due to temperature fluctuations. These PAs 
have low thermal conductivity which leads to large thermal time constants. This means that the 

temperature doesn’t follow the fast variation of communication signals and thus it stays 

moderately close to its average value. This means that linearizability of LDMOS PAs are not 
as much affected by thermal behavior [17].  

GaN PAs are affected by trapping in addition of electrothermal effects. Trapping is usually 

generated by the drain peak voltage [18]. These traps are a consequence of accumulation of 
charge and can span from few milliseconds to several seconds [19]. Trapping and 

electrothermal memory are main reasons for long term memory and they are hard to mitiga te  

in design level. Trapping is believed to cause a virtual gate in series between the source and 
drain. This virtual gate causes self-biasing of the PA, which is controlled by the amount of 

trapped charge in gate drain access region [20]. This makes the GaN HEMT-based PAs 

challenging to linearize due to high thermal conductivity and trapping time constants. 
 

 
2.4.2 AM-AM, AM-PM 

One way to see the memory effects and nonlinearities are through an AM-AM curves. The 

thickness of the curve is due to PAs memory effects and the curve is due to gain compression. 
In a fully linear PA, the curve would be straight. In Figure 9 relation of input signal power and 

instantaneous gain plot of a CW signal with minor overshooting is plotted. From there it is seen 

that there are few measurement points where the gain is overshooting over 1dB which 
corresponds to the overshoot seen in time domain in Figure on the left side. In Section 5.8 

overshooting is discussed in more detail. As the input signal is a rectangular pulse signal there 

is a constant input power. Amplitude-to-phase (AM-PM) follows the same logic as above 
except now we are watching at the phase difference relative to input power. AM-PM for one 

PA can be seen in Figure 10. 

 

 
Figure 9. AM-AM of a pulsed CW input signal. 

 

In Figure 10 the Doherty operation can be seen where the AM-AM cloud starts to thicken 
i.e. Where the peaking amplifier starts to conduct preventing too deep compression and 
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allowing operating at a more efficient operating point. AM-AM curves are a useful tool when 
tuning the Doherty action by adjusting the bias point of the main and peak amplifiers.   

 

 

 
 

Figure 10. AM-AM and AM-PM of GaN PA. 
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3 PA MODELLING AND DIGITAL PREDISTORTION 

Power amplifier models are often used to determine if the performance of the PA is suffic ient 

on a system level. It’s especially useful in the early R&D phases of PA development of where 

one needs to know some key aspects like peak power, gain, gain flatness and linearizability of 
the power amplifier. Thus, creating a model which is accurate enough to model the 

nonlinearities and memory effects but simple enough that it can be easily created is an important 

part of PA design. These models can be used to optimize algorithms used in digital front-end 
(DFE) and linearization techniques. 

 

 
3.1 Behavioral modelling of PAs 

Behavioral modelling is a high abstraction level modelling where the device or a system is a 
black box model. This model is solely based on measurements from which data is extracted and 

from which model is built and thus needs no information on what’s physically modelled. This 

makes behavioral modelling compelling to designers.  
There are some drawbacks of behavioral modelling since it’s solely based on empirica l 

measurement results since the measurement setup will inevitably influence the model and its 

effect will need to be minimized. The measurement setup used in this thesis is calibrated and 
equalized which is discussed in Sections 4.6 and 4.7 in more detail. 

Models made in this thesis focus on behavioral models that are built from capturing input 

and output in-phase and quadrature component (IQ)-data. The goal of the behavioral models in 
this thesis is to build a model which can be easily extracted and contains the nonlinearities and 

memory effects of the device with sufficient accuracy. 

The model built from the extracted data can then be used to optimize linearization techniques 
and evaluate overall TX branch performance with other parts in the TX chain. Different kind 

of models are needed when the system is driven in a certain use case, for example, for power 

saving features where the RF-power is off for a varying amount of time. In this thesis a study 
is made to see if the model extracted in TDD operation is sufficient to model these use cases. 

 

 
3.1.1 Volterra series 

Volterra series can be used to model various nonlinearities like saturation, IMD and AM-PM 
conversion. Volterra series is a modified Taylor series that takes previous inputs into account  

[20]. The number of coefficients in Volterra series grows quickly when memory depth and 

degree of nonlinearity is expanded, which makes Volterra series not so appealing due its 
complexity. 

 

 
3.1.2 Polynomial models with memory 

Memory polynomial (MP) is a simplified Volterra series and is widely used in behaviora l 
modelling due to its ability to sufficiently model the wanted nonlinearities with relatively small 

number of coefficients. MP implements a filter for each nonlinearity order and sums them with 

the coefficients into a 2-D array. Equation (15) and Figure 11 show how the memory 
polynomial is implemented [21]. 
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 𝑦𝑀𝑃 (𝑛) =  ∑ ∑ 𝑎𝑘𝑚𝑥(𝑛 − 𝑚)|𝑥(𝑛 − 𝑚)|𝑘𝑀 −1
𝑚=0

𝐾−1
𝑘=0  . (15) 

 

 

 
Figure 11. Memory polynomial model structure with different nonlinear branches. 

 

One of the model structures used in this thesis is generalized memory polynomial (GMP) 

which introduces so called cross terms to MPM by calculating exponentiated envelopes from 
additional time samples. By using the lagging and leading envelopes the model accuracy 

increases but so does the number of coefficients. GMP model can be written as [21] 

 

𝑦𝐺𝑀𝑃 (𝑛) =  ∑ ∑ 𝑎𝑘𝑚𝑥(𝑛 − 𝑚)|𝑥(𝑛 − 𝑚)|𝑘  

𝐿𝑎−1

𝑚=0

𝐾𝑎−1

𝑘=0

+  ∑ ∑ ∑ 𝑏𝑘𝑙𝑚𝑥(𝑛 − 𝑙)|𝑥(𝑛 − 𝑙 − 𝑚)|𝑘

𝑀𝑏 −1

𝑚=1

𝐿𝑏 −1

𝑙=0

𝐾𝑏

𝐾=1

+  ∑ ∑ ∑ 𝑐𝑙𝑘𝑚 𝑥(𝑛 − 𝑙)|𝑥(𝑛 − 𝑙 + 𝑚)|𝑘

𝑀𝑐

𝑚=1

𝐿𝑐 −1

𝑙=0

𝐾𝑐

𝐾=1

  

            (16) 

 
where 𝐾𝑎 , 𝐿 𝑎 are the number of coefficients for signal and envelope as in memory polynomia l 

and 𝐾𝑏 , 𝐿𝑏, 𝑀𝑏 are the number of coefficients for signal and lagging envelope and  𝐾𝑐 , 𝐿𝑐, 𝑀𝑐 

are the coefficients for signal and leading envelope. One of the advantages of using GMP is that 

the coefficients are in linear form thus estimating the parameters can be done using least-squares 
algorithms [21].  

 

 
3.2 Digital predistortion 

As stated before, power amplifiers are used in a nonlinear region making them susceptible to 
generating out-of-band spurious emissions. Regulatory agencies mandate the level of spurious 

emission allowed for base stations [22]. This is regulated so that these spurious emissions don’t 

affect the neighboring channels causing inter channel interference, often specified by adjacent 
channel leakage ratio (ACLR). 
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There exist various techniques for limiting the spurious emissions. Easiest one is to back-off 

the input power level of the PAs so that they operate in a linear region as can be seen from 

Figure 7 where a 10dB back-off will improve the situation significantly. The trade-off is that 
efficiency will drop making it not a feasible solution. To have the same output power, PAs 

would need to be much larger in size and thus more expensive. 

A popular way to battle the ACLR is to employ digital predistortion before the power 
amplifier [22]. This allows to compensate for the nonlinearities and memory effects, while 

operating at higher output power levels. Basic principle is that the pre-distorter is calculat ing 

an inverse transfer function of the PA and sum the response of PA and DPD, making the output 
of the PA linear.  

 

 
3.3 DPD architectures 

Two of the most common architectures used to identify parameters for pre-distorter is indirect 
learning architecture (ILA) and direct learning architecture (DLA) [22]. In Figure 12 an indirect 

learning algorithm block diagram is presented, and there the post-distorter is being fed by d(n) 

which is the output of the PA with an inverse of linearized PA gain 
1

𝐺0
 . Post-distorters output 

𝑑𝑝(𝑛) is summed with the output of the pre-distorter x(n). The coefficients solved by post-

distorter is then copied to the pre-distorter which is why it’s called indirect learning algorithm.  
Adaptive algorithms constantly solve the coefficients of PA input and output signals using least-

squares algorithm (LS) if used offline and least mean squares (LMS) or recursive least squares 

(RLS) when used online. 𝜔𝑘𝑚 are the solved coefficients of the adaptive algorithms. The pre-
distorter feeds the PA with the inverse signal, generating a linear response in the PA output.  

The ILA-based DPD has its drawbacks like suffering from poor efficiency when the PA is 

operating in the saturation region [22]. The performance of ILA-DPD is heavily affected by the 
noise in the system when calculating the inverse model from the PA output [22]. 

 

 
Figure 12. ILA block diagram. 

 

Figure 13 presents direct learning algorithms which is estimating the wanted input signal 

with the output signal. DLA-DPD can be performed online and offline. In online version 
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𝐺𝐺0𝑢𝑢(𝑛𝑛) is the wanted output signal and that is compared with the output signal y(n) thus leaving 
behind the error signal e(n). This error signal is then reduced with LMS or RLS algorithms. 
Drawback of DLA-based DPD is that it’s computationally expensive to compute the 
instantaneous gradient of mean square error [22]. 

 

 
Figure 13. DLA block diagram. 
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4 MODEL EXTRACTION 

The amplifiers studied in this thesis are so called final stage amplifiers which have 2-GaN 

Doherty stages integrated within the same package. This makes the model extraction 

challenging since to model properly the complex memory effects in dual stage devices, the 
model optimization and extraction methods must be carefully decided.  

One of the main interests in this thesis was to study what kind of effects does the extraction 

conditions bring to the PA models and how the behavior of the PA changes. Different extraction 
conditions are discussed in Section 4.3 The device under test (DUT) of the thesis is two-stage 

GaN Doherty PA with TX frequency range from 3.4GHz-3.8GHz and nominal RMS output 

power of 39 decibel-milliwatt (dBm) with 5G NR signals. Centre frequency of the signals used 
are 3.5GHz so we are using the lower band of the 400MHz instantaneous bandwidth. 

Timing of the capture was studied to see if we can see the thermal effects and trapping. 

Signals were first captured while PA is in steady state in FDD mode where the PA is constantly 
enabled, and long time-constant memory effects are stabilized. Second test cases were to use 

TDD-mode, so the PA has 0.5ms to cool down between the cycles and short-term traps released. 

Third case was to use triggered measurements where the PA has been off for at least 30 seconds 
and then the output captured immediately when the RF-power is switch on. After extraction the 

signals are processed in MATLAB and models are generated.  

 
 

4.1 Modulated signals 

Models were extracted using modulated signals with different kind of bandwidths and carrier 

configurations. The modulated signals are 5G NR signals with 7.5dB of peak-to-average power 

ratio (PAPR) and 30kHz subcarrier spacing. PAs were driven in nominal output power of 
38.5dBm as well as 10dB backoff-powers. Signals used were NR20 and NR100. Different 

signal configurations are explained in more detail in [23]. Example signals power spectral 

density (PSD) can be seen in Figure 14. 
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Figure 14. Example of signal used in characterization. 64-QAM NR100 signal with 7.5dB 

PAPR. 
 

In 5G quadrature amplitude (QAM)-modulation method is used to modulate amplitude and 
phase data to complex electric field. When the signal is being demodulated, error vector 
magnitude (EVM) is often used to quantify the combination of all signal impairments in a 
system. In-band distortion causes a shift in the symbols on IQ plane, also known as constella t ion 
diagram, away from wanted constellation point. EVM is defined as the distance between the 
reference signal and measured signal i.e., as magnitude vector.  EVM is calculated by finding 
the reference constellation point for each symbol and then calculating all error vector 
magnitudes between the measured location and their closest reference constellation location.  
Basic unit of EVM measurement is defined over one slot in the time domain [23]. In Figure 15 
the principle of 16-QAM constellation diagram is shown. From there the EVM can be defined 
as 
 

 𝐸𝐸𝐸𝐸𝐸𝐸 =  |𝑃𝑃𝑒𝑒𝑒𝑒𝑒𝑒|
|𝑃𝑃𝑒𝑒𝑒𝑒𝑟𝑟 | , (17) 

 
where 𝑃𝑃𝑟𝑟𝑟𝑟𝑟𝑟 is the reference vector and 𝑃𝑃𝑟𝑟𝑟𝑟𝑟𝑟  is the error vector. Often percentage is used to define 

the EVM results by multiplying (17) with 100.  
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Figure 15. Error vector in 16-QAM constellation diagram. 

 
 

4.2 PAPR of OFDM signal 

Orthogonal frequency-division multiplexing is a multicarrier modulation technique where the 
spectrum is divided into subcarriers where each of the subcarrier contains a data stream [24]. 
In OFDM each of the subcarriers are out of phase relative to each other in such a way that they 
are orthogonal. PAPR in OFDM system is high due to linear combination of quadrature 
amplitude modulation (QAM)-symbols in the inverse fast-Fourier transform (IFFT) operation 
which causes some samples to have high envelope value. The ratio of the peaks compared to 
average power of the signal is called peak-to-average power ratio (PAPR) [25].  In Figure 16 
PAPR is illustrated and it’s usually expressed in dB. 
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Figure 16. Peak and average power of a 5G NR100 signal. 

 

PAPR is defined in as  P𝐴𝐴𝐴𝐴𝐴𝐴 =  |𝑥𝑥𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 |2

𝑥𝑥𝑟𝑟𝑟𝑟𝑟𝑟
2 , (18) 

 
where 𝑥𝑥𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  is peak power of the signal and 𝑥𝑥𝑟𝑟𝑟𝑟𝑟𝑟 is the root mean square (RMS) value of the 
signal. The probability of different levels of peak power in a signal can be illustrated with 
complementary cumulative distribution function (CCDF) plot as seen in Figure 17 Crest factor 
(CF) is the peak amplitude value of the signal divided by rms-value of the signal [26]. 

From Figure 17 we can see that crest factor reduction (CFR) is used and the peak values are 
clipped to achieve the wanted CF of 7.5dB. This clipping can cause a clipping noise which can 
be seen in the frequency domain. Hard clipping is avoided due to the additional off-band 
distortions it causes. 
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Figure 17. CCDF vs CF of a 5G NR100 signal. 

 

PAPR is one of the aspects that needs to be considered when designing a power amplifier 
because one wants the PA to be at the maximum possible power added efficiency (PAE). As an 

example, when designing a 39dBm PA which is used with a 7.5dB PAPR, the maximum 

allowed compression points need to be at 39dBm + 7.5dB = 46.5dBm. One of the problems 
with that is that the PA is now operating at 7.5dB back-off levels, thus degrading the efficiency.  

Therefore, a Doherty structure is used to compensate the efficiency drop in backoff power 

levels. In Figure 3 it can be seen the efficiency curve of a Doherty- amplifier and its relation to 
CF from which can be seen that the efficiency drops fast at backoff power levels which is why 

the desired operating point is at the nominal output power level. The back-off power levels can 

be designed by adjusting the asymmetry in the Doherty design [1]. By making the peak 
amplifier larger relative to main amplifier the back-off power level can be adjusted further in 

relative to maximum input power. However, when going to even more back-off power levels 

the PAPR is increased to improve EVM results, due to relaxation of clipping. 
 

 
4.3 TDD and FDD mode extraction 

Two-way communication is used in base stations and for that duplex communication is used. 

There are two different methods used for separating the uplink and downlink, FDD and TDD 
[27] (See Figures 18 and 19). 

FDD means that the base station uses separate frequencies for uplink and downlink and thus 

can simultaneously transmit and receive signals. The transmitter (TX) and receiver (RX) paths 
are separated and use different antennas. TDD separates downlink and uplink by using time 

slots for uplink communication and downlink communication. This leads to TDD being more 

efficient in using the whole frequency spectrum available since no frequency separation is 
needed. In TDD base stations the TX and RX paths are separated only by a circulator which 
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provides a path for signals and simultaneously good isolation between PA and low-noise 
amplifier (LNA). Circulators also provides a good load for the PA.  

 
Figure 18. TDD base station structure. 

 
 
 

 
Figure 19. TDD and FDD. 

 
In a cellular network 80% of the energy can be consumed by the base stations and in a single 

base station, the power amplifier can consume 80% of the total energy usage [28]. This makes 
any upgrade to PAs energy efficiency particularly attractive. One of the advantages of TDD 
base station compared to FDD is that the PA can be switched off during uplink communica t ion 
by using gate switching on the PA, thus enabling to save energy between uplink and downlink 
communication. This however can bring problems to the design as the gate needs to be fast 
enough to keep up with the fast communication signals, and different kind of nonlinearit ies 
might rise from the temperature fluctuation and trapping in the PA. 

From Figure 20 we see NR100 signal used to operate the PA in TDD mode. The top two 
graphs we see the I- and Q domains of the signal and on the bottom, we can observe the 
frequency spectrum. Marker M1 signal controls the gate switching and M2 is used to 
synchronize the measurement setup. Measurement setup is discussed in Section 4.6. 
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Figure 20. NR100 TDD signal. 

 

In this thesis, 30kHz subcarrier spacing is used in TDD operation and we get a signal length 
of 1ms of which 0.5ms is downlink and 0.5ms is uplink. The gate of the PA has some delay 

when switched on/off and thus the gate is switched on 2.5us before the RF signal and off 1.5us 

after the RF signal.  
Third condition to measure was triggered (TRG) measurements where the RF-power has 

been off for at least 30 seconds including the gate and the IQ-data is captured immediately after 

RF-power has been switched on. This is done to see if there are some long traps where the de-
trapping time is long that the traps aren’t fully released with TDD operation.  Also, long thermal 

memory is studied with TRG measurements to see if the PA is fully cooled down during TDD 

operation.   
 

 
4.4 Frame structure in 5G 

Comparing to long term evolution- (LTE) signals one big difference is that NR-signals can have 

different types of subcarrier spacings [29]. Since 5G NR is meant to support a wide variety of 
use cases, different kind of subcarrier spacings are needed. The higher the carrier frequency the 

more we get Doppler shift. This then leads to increased Inter Carrier Interference (ICI) which 

is then battled by using a wider subcarrier spacing. Subcarrier spacings can be seen in Table 1. 
 

Table 1. Subcarrier spacing of NR 

μ (2^μ)*15[kHz] Cyclic prefix 

0 15 Normal 

1 30 Normal 

2 60 Normal, Extended 

3 120 Normal 

4 240 Normal 
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In Figure 21 we can see that when using 30kHz subcarrier spacing we get 2 slots in each 
subframe. The number of slots changes when the subcarrier spacing is changed. FR1 is meant 
to support 30kHz subcarrier spacing [30] and thus it is used in this thesis. 
 

 
Figure 21. Radio frame structure 

 
 

4.5 Sample rate and bandwidth of IQ-capture 

The IQ-data was captured by using Rohde&Schwarz spectrum analyzer which was controlled 
by MATLAB scripts. In order to get bandwidth sufficient for analysing data the sample rate of 
spectrum analyzer was changed depending on signal bandwidth. In Table 2 The sampling rate 
of spectrum analysers’ relation to signal bandwidth is shown. 
 
Table 2. Spectrum analyzer sample rate relation to signal bandwidth 

Sampling 
rate (Fs) 
[MHz] 

Analysis bandwidth 
[MHz] 

Max signal bandwidth 
[MHz] 

30.72 24.576 12.288 

61.44 49.152 24.576 
122.88 98.304 49.152 
245.76 196.608 98.304 
491.52 393.216 196.608 

983.04 786.432 393.216 
 

In order to capture IM3 the oversampling rate must be 2*signal bandwidth. Capture length 
of 1ms was used which contains 9830400 samples on 100MHz signals and 4915200 samples 
in <100MHz signals. The output of the PA contains a circulator which starts to attenuate after 
800MHz BW. This makes wider BW captures not feasible since it would have affected the 
captured signal.  
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4.6 Test bench 

In this Chapter the measurement setup which is used to extract IQ-data from the PA is 
discussed. The measurement setup used in this thesis runs MATLAB which controls the signal 
analyzer, signal generator, pre-amplifier, and power meters. Measurement setup configura t ion 
can be seen in Figure 22. 

The signals used in this thesis are created in MATLAB using inhouse algorithms. After the 
signals have been created, they are scaled in a way that signal generator outputs cleanest 
possible signal. Then the signal is fed through a linear pre-amplifier so that the power levels are 
suitable for DUT. The signal is then fed through the PA and then attenuated to sufficient levels 
for signal analyzer and power meter, and output power measured. Finally, the signal’s IQ-data 
is captured using signal analyzer and processed in MATLAB. Signal processing will be 
discussed more in Section 5.2. 
 

 
Figure 22. Measurement setup used in this thesis. 

 
PAs nonlinearity and behavior depends on the output power levels which is why it is crucial 

to monitor the power levels and make sure we are in a power region where the PA is intended 
to be used. The measurements are done in nominal output power levels.  

Each equipment of the measurement setup is calibrated to produce accurate measurement 
results. Power meters contains s2p files which eliminates the offset from the power meter to 
DUT input and output. Same principle is used in signal analyzer and signal generator where the 
attenuation level is considered to get correct readings. 

Important aspect of capturing signals is the sample rate and analysis bandwidth of the signal 
analyzer. Signal analyzer used in this thesis is Rohde&Schwarz FSW with 983.04 Ms/s. This 
sample rate is sufficient for capturing the wanted bandwidth and is capable for seeing the 
memory effects of the DUT. 

To reduce the effect of the measurement setup an equalizer filter was created to post-distort 
the captured output signals and can be used to eliminate the effect of circulator in the results.  
In following Section, the equalizer is discussed in more details. 
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4.7 Test bench equalizer 

To model only the PA, test setup equalizer was studied to mitigate the effect the test bench has 
on captured signals. Circulator was kept on the setup when equalizer data was extracted. PA 
was taken out of the setup and 800MHz NR modulated signal was sent through the setup and 
captured at the output. From Figure 23 it can be seen that the test setup has ~1dB ripple through 
the band and this can influence the extracted PA output signals. This frequency response comes 
from the cascaded effect of pre-amplifier, circulator and passive elements of the setup. To fix 
this response an equalizer filter was created. The filter coefficients were solved by indirect 
learning algorithm using least squares solver.  

Figure 23 presents the equalizer where input signal is the original signal driven through the 
setup and output signal is the tilted signal captured by the spectrum. These signals were used to 
train the linear filter. When using the equalizer as a pre-equalizer it can be seen that it creates a 
opposite frequency tilt through the band and thus the pre-equalized output signal is flatted out. 
By using the equalizer, the circulator can be kept in the measurement setup when measuring 
the PA since the frequency selectivity will be countered by the filter. It is important to keep the 
circulator at the PA output to keep the output matching of the PA on a realistic level and not 
change the PA characteristics to get a realistic model. Every model build in this thesis uses the 
equalizer as a pre-equalizer because it was found to be most accurate to flatten the response. 
The frequency tilt was found to be located mostly before the DUT, thus by applying the 
equalizer to input signals, the signals will be flat when they reach the DUT. Another way to 
characterize the equalizer would be to measure the frequency selectivity of the bench from 
signal generator to DUT input, and to another measurement from DUT output to spectrum 
analyzer and train two filters to be sure that the PA input will be as flat as possible. Due to the 
behavior of linear filters the finite- impulse response (FIR) will expand towards infinity at the 
edges, thus the usable frequency range of the filter is less than the training signal bandwidth. 
With 100MHz and 20MHz signals used in this thesis the bandwidth of the filter is sufficient. 

 

 
Figure 23. Test setups’ frequency response of 800MHz and equalized signals to test the 

equalizer performance. 
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5 MODEL GENERATION AND VALIDATION 

This Chapter presents how the GMP-model is implemented, pruned and validated. This Chapter 

also includes pulsed CW measurements where the memory effects present in TDD-operation is 

studied with different power levels with and without gate switching. 
 

 
5.1 GMP modelling 

Models used in this thesis are GMP models which uses the same notation as in [21] and (16). 

Model contains following tunable parameters shown in Table 3, which are later pruned to get 
more efficient number of parameters.  

 

Table 3. GMP-parameters 

Ka 0 1 2 3 4 5 6 7 Nonlinear orders for the aligned memory terms 

La 5 5 5 5 4 3 2 2 Aligned memory terms for every nonlinear basis functions  

Kb 1 2 3 4 5 6 7 8 Nonlinear orders for the lagging envelope basis functions 

Lb 5 5 5 4 3 2 2 1 Aligned memory for the lagging envelope basis functions 

Mb 3 3 3 2 2 1 1 0 Lagging envelope for every nonlinear order 

Kc 1 2 3 4 5 6 7 8 Nonlinear orders for the leading envelope basis functions 

Lc 5 5 5 4 3 2 2 1 Aligned memory for the leading envelope basis functions 

Mc 3 3 3 2 2 1 1 0 Leading envelope for every nonlinear order 

 

Behavioral models are generated by fitting a polynomial function between the input and 
output signals. The equation can be solved by using least-squares algorithm to solve the 

overdetermined problem. By using notation like in Equation (15) we can write the model as 

 
 𝒚 = 𝑿𝒂, (19) 

 

where y is the captured output signal, X is the input signal and a is the coefficient matrix. The 
input matrix X has rows containing samples from current and previous time and their 

multiplications with envelopes.  

 

𝑿 =  (

𝑥1 … 𝑥1−𝑚 𝑥1|𝑥1|1 … 𝑥1−𝑚 |𝑥1−𝑚|1 𝑥1|𝑥1|𝑛 … 𝑥1−𝑚|𝑥1−𝑚|𝑛

𝑥2

⋮
𝑥𝑛

…
…
…

𝑥2−𝑚

⋮
𝑥𝑛−𝑚

𝑥2|𝑥2|1

⋮
𝑥𝑛|𝑥𝑛|1

…
…
…

𝑥2−𝑚|𝑥2−𝑚 |1

⋮
𝑥𝑛−𝑚|𝑥𝑛−𝑚 |1

𝑥2|𝑥2|𝑛

⋮
𝑥𝑛|𝑥𝑛|𝑛

…
…
…

𝑥2−𝑚 |𝑥2−𝑚 |𝑛

⋮
𝑥𝑛−𝑚 |𝑥𝑛−𝑚 |𝑛

) (20) 

 

From (20) we can see that the problem is over-determined so to estimate the coefficients a, least 

squares algorithms was used in this thesis, which in MATLAB is backslash \ operator. The 
general solution to estimate coefficients a can be solved by [31] 

 

 𝑎 = (𝑿𝑯 ∗ 𝑿)−𝟏 ∗ 𝑿𝑯 ∗ 𝑦.                                      (21) 

 

To not overfit the model 30 000 samples were used to estimate the coefficients and 50 000 
samples of unseen data were used to validate the model. The difference of memory polynomia l 

model described above, and generalized memory polynomial is that the GMP model built by 

augmenting the MP model with more basis functions. These basis functions introduce the cross-
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terms which are corresponding to lagging and leading terms of the complex envelope. GMP-
model topology can be seen in Figure 24 where x(n) is the models input signal and y(n) is the 
output which combines all these terms, whereas MP model only uses time aligned terms.  

 

 
Figure 24. GMP model topology. 

 
Usually, the GMP is used when modelling complex structures since it can model especially 

the adjacent channel better due to its lagging and leading coefficients. 
 
 

5.2 Signal processing 

After capturing the output IQ-data, power levels needs to be normalized and magnitude and 
phase of the input and output signals aligned. The alignment was done in time domain using 
MATLAB’s xcorr and circshift functions [Matlab help]. Fine alignment was done by using 
fractional delay filters in frequency domain.  

From Figures 25 and 26 it can be seen that good correlation with alignment was achieved 
with used algorithms. Good correlation with input and output signals is needed in order to 
achieve accurate models. Correlation coefficient of 0.998 was achieved for signals shown 
above. For fine alignment correlation coefficient of >0.96 is needed and if not achieved the IQ-
capturing process needs to be done again since fractional delay filters aren’t able to do the fine 
alignment otherwise. 

In Figures 24 and 25 the captured TDD signals are shown before and after alignment. After 
alignment the signals are split in a way that only the TX part of signals remains so that when 
they are used in modelling, we don’t model the unwanted RX parts. Same kind of procedure is 
done with triggered signals since the signals used in triggered measurements are the same and 
needs to aligned the same way. 
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Figure 25. Time domain of unaligned input and captured output NR100 TDD signal 

 

 
Figure 26. Aligned time domain NR100 TDD input and output signals. 

 

FDD signals are processed in the same way, but they are not split since the same data is 

looped repeatedly and doesn’t include the RX parts. 
 

 
5.3 FDD and TDD modelling results using NR20 signal 

After signals have been processed the GMP model coefficients can be solved, and the model 

performance evaluated. The model was created from half the datapoints and validated on the 

   1            5             

        )

 

5

1 

15

  

 5

  

 5

 
 
 
  
  
 
 
   
 
 
 
   
 
 
  
 
)

                              

     1      1      1 
 

1 

  

          

         

   1            5             

        )

 

  1

   

   

   

  5

   

   

   

   

1

 
 
  
 
  z
 
 
  
  
 
 
   
 
 
 
   
 
 
  
 
)

                                                 

  5  1   5  1   5  1 
 

  5

1
        

         



 

 

37 

other half of the data. This way we can validate the model with data that has not been used in 

model fitting.  

In Figure 27 we can see that the model has a good match on the TX band and starts to drift 
off when going towards the noise floor. In the time domain we can observe that the match seems 

to be quite good and follows the actual measurement points very well. Biggest error of the 

model seems to be in the middle of the band and have a small spike there. 
  

 
Figure 27. NR20 FDD frequency spectrum and time domain of PA output and model output. 

 
From AM-AM curves in Figure 28 we can see the spread of the tail in back-off power levels 

and the match of the model seems to follow it quite well. Measured curve seems to have wider 

spread than the model but it is able to follow the general trend well. AM-PM seems to follow 
the trend also well. 
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Figure 28. NR20 FDD AM-AM and AM-PM of PA output and model output. 

 
In TDD operation in Figure 29 the error is much larger at in-band but remains the same at 

out-of-band as in FDD mode. This influences the overall normalized mean square error (NMSE) 
of the model since most of the error is usually located at in-band and that dominates the error. 
One of the things to observe when looking at the differences between FDD and TDD AM-AM 
curves is that the TDD-curves seems to be driven more into compression indicating that the PA 
is having larger gain and thus distorting the signal more. Also, adjacent channel error power 
ratio seems to higher in TDD. Model seems to have some problems to take into account the 
back-off power levels as the measured curve spreads more. 
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Figure 29. NR20 TDD frequency spectrum and AM-AM of PA output and model output. 

 
Triggered measurements seem to have quite similar behavior as TDD-mode operation, 

which is expected, and it seems that there are no large time constant traps that would have a 
visible effect on the PA behavior as seen in Figure 30 Also, the thermal memory seems to be 
short enough to consider TDD operation close enough for modelling purposes at 20MHz 
bandwidth. 
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Figure 30. NR20 Triggered frequency spectrum and AM-AM curves. 

 
 

5.4 FDD and TDD modelling results using NR100 signal 

With NR100 in FDD mode in Figures 31 the limitation of model bandwidth is seen more clearly 
and until 300MHz the model seems to follow the sidebands but then separates from the actual 
measurements. In-band accuracy is relatively good. The AM-AM and AM-PM distortion starts 
to spread out more because the bandwidth is now 5 times larger than in NR20 measurements. 
The model however can keep up with it relatively good. 
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Figure 31. NR100 FDD frequency spectrum, AM-AM and AM-PM curves. 

 
With TDD NR100 the model shows much larger error at in-band when comparing to FDD 

similarly as with NR20 signals as seen in Figure 32.  
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Figure 32. NR100 TDD PA output and model AM-AM curves. 

 
TRG results in Figures 33 are behaving very similarly as in TDD operation and no major 

differences are seen when comparing NR20 and NR100 signals, except that NMSE is worse the 
wider the bandwidth.  
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Figure 33. NR100 TRG PA output and model AM-AM curves. 

 
The expected error in time domain of TDD models was that it would show more error in the 

beginning of the signal since the fast thermal effects are taking place. The modelling results 
show that the error is surprisingly steady and grows towards the end of the data set. This could 
indicate that the GMP is having problems taking into account the long-term memory.
 
 

5.5 Comparison of the results 

NMSE of -41dB was achieved with NR20 in FDD mode. In Table 4 the modelling accuracy 
before pruning can be seen and there is a big difference in between different extraction methods. 
FDD-models achieved sufficient accuracy and can be used in future work. TDD and triggered 
models however seem to be exhibiting memory effects that GMP can’t model properly. This is 
likely due to large time constants of thermal memory in addition to trapping effects. It seems 
that there is no real difference between TDD and TRG model errors indicating that same 
memory effects are present. During off period in TDD mode it seems that the PA has enough 
time to cool down so that TRG models are not necessary. 
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Table 4. Model NMSE 
Model accuracy before pruning (NMSE) FDD TDD TRG 
NR20 -41.32 -35.34 -35.23 
NR100 -39.97 -35.00 -35.12 

 
Adjacent channel error power ratio is following the same trend as NMSE in a way that TDD 

and TRG seems to have higher error with both bandwidths as seen from Table 5. 
 

Table 5. Adjacent channel error power ratio (ACEPR) 
ACEPR before pruning FDD TDD TRG 
NR20 -40.46 -37.51 -37.30 
NR100 -39.28 -38.20 -38.16 

 
In Figure 34 AM-AM curves of NR100 signals is shown with the different extraction 

methods. From there it is clear that the PA will behave differently. It seems that TDD and TRG 
operation is showing more gain which could be due to overshooting of the envelope when RF-
power is switched on resulting in more compression of peak power. 

 

 

 
Figure 34. AM-AM of PA output of TRG, TDD and FDD and AM-PM of TDD and FDD 

measurements with NR100. 
 
In TDD operations it is important to understand in time domain which samples are being 

used to train the model. Since thermal and trapping memory is mostly present in the first few 
ms when RF-power is switched on. If the memory effect is long and has a constant slope before 
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flattening, the error is seen as static error with GMP-models since there aren’t enough 
coefficients to consider the long memory effects. This phenomenon is studied in Section 5.8 
where a CW pulse is transmitted, and output is captured on different power levels to understand 
the time scale in which the long memory effects manifests. 

 
 

5.6 Model pruning 

When the model is being fitted, the number of coefficients is 195 which is unnecessary high 
and most of the coefficients doesn’t have any meaningful impact on the model accuracy. Thus, 
by removing the unnecessary coefficients we get a lighter model with sufficient accuracy.  In 
this thesis a technique called doubly orthogonal matching pursuit is used in order to reduce the 
number of coefficients in a GMP model as explained in [32]. The model error difference  with 
pruned and original model in time domain can be seen Figure 35 and there seems to not be 
much of a difference. 

Figure 35. Pruned model and original model error in time domain. 
 
The estimation of the coefficients in a GMP model is intricate because the basis functions 

are highly correlated. This leads to large condition number which means that the system is ill-
conditioned and affect the least-squares solution [32]. The efficiency of the DOMP algorithm 
can be seen from Figure 36 where we start from 195 coefficients and end up with 56 with only 
a small increase of NMSE. The steep downhill compared to many matching pursuit algorithms 
shows that DOMP is an effective way of decreasing the number of coefficients. The number of 
coefficients in NR100 FDD case went down from 195 to 57. 
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Figure 36. NMSE as a function of the number of coefficients and a chosen number of 

coefficients. 
 

From Table 6 it can be seen that the model accuracy stays at a sufficient level even after 
pruning.  Pruning process decreased the model accuracy on every test case but by a very 
marginal amount. 

 
Table 6. NMSE after pruning 
Model accuracy after pruning (NMSE) FDD TDD TRG 
NR20 -41.24 -35.32 -35.22 
NR100 -39.76 -34.96 -35.06 

 
Table 7. Effect of pruning to model accuracy 
ACEPR after pruning FDD TDD TRG 
NR20 -40.58 -37.74 -37.57 
NR100 -39.13 -38.03 -38.03 

 
The difference between pruned and original model error is barely visible in frequency 

domain, meaning that the pruned model should be used due to it being faster to simulate. Small 
deviation in pruned and original model output can be seen when approaching the noise floor in 
Figure 37. 
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Figure 37. Original model and pruned model error. 

 
 

5.7 Measurements with different PA 

Due to the deep compression of the AM-AM curves with PAs used to generate these models, it 
made the usage of these models with DPD problematic, since the DPD needs to go to such big 
back-off power levels to linearize the PA. Another PA (called as PA2 onwards) was used in the 
following measurements in the next Sections. In Figure 38 is shown the difference of the 
compression between the PA used before and the PA2 used in the following Chapters. On the 
left is the new PA2 and on the right is the old one which was used to generate the models in 
this Chapter. 

 

Figure 38. AM-AM curves of PAs used in this thesis. Left is PA2 and right PA1. 
 
In addition to changing the PA, changes in the test bench attenuation and noise averaging 

were used to bring the noise floor down and bring more dynamics to measurement results. A 
tiny spike seen at 3800MHz is some disturbance in measurement environment. By using these 
methods, the NMSE of model was successfully minimized to -47.6dB and ACPR to -46.6dB. 
This makes the models more useful since now when linearized with DPD it doesn’t linearize it 
straight to the noise floor.
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Figure 39. NR100 FDD Frequency spectrum and AM-AM plot of PA2 output and model 

output. 
 

 
5.8 Continuous wave pulse measurements 

To understand the deeper compression on AM-AM curves in TDD and pulsed mode operation 
a study was made to transmit a rectangle CW pulse at 3.5GHz. Rise time was studied using 
switched gate and no gate switching. In Figure 40 the input signal can be observed. It contains 
983040 samples. Same 50% duty cycle is kept as in modulated signals to give the PA2 the same 
time to cool down and possible long time constant traps to resolve. Length of the whole signal 
is 1ms. Gate of the PA is switched on 2.5us before the pulse and off 1.5us after the pulse. 
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Figure 40. CW input signal. 

 

Output signal is captured also by using 983040 samples. When the RF is switched on the 
output is overshooting which could indicate thermal memory as when the PA2 warms up the 

gain is dropping very fast to a more stable level. Long term thermal memory can be observed 

in Figure 41 and Figure 42 as the output slowly starts to stabilize during 200us period. One 
interesting observation made during CW measurements was that the gain drops 0.3dB when the 

gate is constantly enabled indicating that the PA2 has enough time to cool down during off 

periods. 
At the start of the transmission thermal memory manifests as an exponential reduction of the 

amplifier gain. The deviation from this can reveal trapping memory in the device. When the 

gain deviation is above 0.1 dB the thermal memory might need to be corrected with DPD, due 
to its effect on symbol EVM. This results in a need for more complex models which can 

consider the long-term thermal memory such as adding infinite impulse response (IIR)- filters 

in parallel with GMP-like model structure. 
Gate switching seems to have a big effect on the rise time and the magnitude of the 

overshooting as seen when comparing Figures 41 and 42 as the gate is switched off, the PA2 

will have time to cool down more and when RF is switched back on, thermal memory will 
manifest as overshooting. Another interesting observation is that there is an initial fluctua t ion 

of gain with gate switching that is not present without gate switching. The thickness of the plot 

is due to more noise in the signal when going to back-off power levels. The curve corresponds 
well to an RLC-step response type of behavior indicating that the source of this phenomena is 

likely located in the bias circuitry of the PA. 

With 5G NR signals, the length of cyclic prefix varies depending on the subcarrier spacing. 
With 30kHz subcarrier spacing the length of the prefix is 2.86us. Due to it being so short, the 

PA2 used in this thesis can cause problems since the thermal memory seems to stretch up to 

40us, causing EVM problems for first symbol when gate switching is used. These long thermal 
memory effects are the ones that needs to be modelled with IIR-filters since the number of 

coefficients with a GMP model is too short. Even without gate switching the gain fluctua t ion 

stretches to 40us, but without the notch after initial overshoot. 
In order to generate a more sufficient model, one needs to be able to consider the long- term 

memory of PA2 in addition of the overshooting.  
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Figure 41. Rise time of gate switched signal with different output power levels. 

 

 
Figure 42. Rise time of signal without gate switching with different output power levels.
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Figure 43. Pulsed signal with and without gate switching. 

 

 
5.9 Model verification with DPD 

In Section 3.2 DPD principle is introduced. By replacing the PA with the PA2 GMP-model 
generated in this thesis, the DPD performance can be estimated. Measurements were done using 

the PA2 with the same DPD engine as in the model validation. The correlation between DPD 

performance can give insight on model performance and its usefulness. Model limitations often 
causes DPD to diverge, making it impossible to linearize the PA. To validate model 

linearization performance DLA architecture was used. In Figure 13 we can see the topology 

which used but the PA is replaced with PA2. One thing to note is that when the model is 
extracted the PAPR needs to be higher than the PAPR that is used in DPD simulation. Thus, 

same methods as above is used to extract data for models used for DPD simulations, except that 

the PAPR is 10dB, instead of 7.5dB used before. This will give margin to model due to peak 
expansion the DPD is causing.  

Linearization results can be seen in Figure 44 and a good match between measurement bench 

and model was achieved. The model error of the model is also plotted to illustrate where the 
error occurs. Linearization bandwidth is 700MHz and we can see that the model will start to 

diverge at 3.15GHz. Slight inaccuracies can be seen since in the measurement bench the noise 

floor is almost reached. 
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Figure 44. Linearized PA2 model vs linearized PA2 on test bench. 

 
Model seems to behave in a stable manner with DPD. In Figure 47 can be observed the 

model output with different DPD iterations. Even though the adjacent channels are unbalanced 
with unlinearized output the DPD is still capable of linearizing the model output. The captured 
IQ-data for the PA2 model is different from Figure 44 as seen from the lack of disturbances in 
measurement setup at 3.2GHz and 3.8GHz. 

 

 
Figure 45. PA2 Model with DPD. 

 
AM-AM response of the PA2 model in Figure 46 shows how the DPDs inverse response 

added to PA2 input flattens the response. AM-AM response with 15 DPD iterations can be seen 
in Figure 47 where we can observe how the AM-AM changes when more DPD iterations are 
used.  
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Figure 46. PA2 output w/ and w/o DPD, and DPD response. 

 

 
Figure 47. PA2 model response with 15 DPD iterations. 
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6 DISCUSSION 

There have been many studies made on PA modelling but the limitation of those is that they are 

usually done with FDD signals which isn’t the operation mode with 5G base stations. 5G base 

stations use TDD operation with different kind of signal configurations. These kinds of models 
have very limited use cases if one wants to accurately model the system performance of base 

stations or optimize linearization techniques. In this thesis it was shown that when GaN PAs 

are used, the memory effects are more complex and harder to model if TDD operation is 
considered. When characterizing GaN PAs RF-performance for 5G base stations, TDD signa ls 

and gate switching needs to be considered to get accurate understanding how the PA will 

behave. 
The goal of this thesis was to study how the PA performance and memory effects changes 

when the PA is driven with different signal characteristics and operating mode. Data extraction 

methods in which the effect of test bench was minimized were generated and an equalizer filter 
was implemented which can flatten the frequency selectivity of the test bench. With this filter 

the frequency selectivity of circulator at the PA output was also reduced meanwhile keeping a 

good output match for the PA. This resulted in a more accurate model for the PA. Most of the 
frequency selectivity was found to be at the input side of the PA, thus pre-equalizer was used 

to get flat signal at the PA input. 

After capturing the IQ-data, signal processing was done to generate models. Initially a basic  
GMP-model was considered and based on experimental results a GMP-model was found 

sufficiently accurate to model FDD-operation. However, when TDD or triggered operation was 

considered the GMP seemed to lack the ability to model long term memory caused by thermal 
and trapping memory. With TDD operation overshoot was observed in time domain when RF-

power was switched on. There was a clear difference in AM-AM characteristics when 

comparing FDD and TDD modes, showing that deeper compression and more expansion was 
present with TDD than with FDD. It was observed that with TRG measurements the PA 

behavior was very similar as in TDD-mode and TDD-mode extraction was considered 

sufficient to model behavior when RF-power has been off for a while. Thus, to have a model 
which can be used with TDD simulations, the extraction methods and model topology needs to 

be carefully considered. 

 To study the length and characteristics of thermal and trapping memory, pulsed signals were 
generated and from there it could be seen that there are more complex memory and nonlinear ity 

present when using TDD operation. Another observation with pulsed signal extraction was that 

there is a significant difference on whether the gate switching of the PA is considered. With 
gate switching the overshooting was 1dB higher than without gate switching. When gate 

switching is considered, ringing of the output signal was observed likely due to gate biasing 

circuitry. Also, the amount of overshoot changed significantly depending on whether gate 
switching was used or not which could also indicate that the PA is more cooled down when 

gate is switched off during uplink communication.  

When PA models with TDD or triggered operation was generated, it showed worse NMSE 
especially in-band. To battle this error a new model topology was suggested which considers 

the long-term memory effects. IIR-filters have been used in behavioral modelling for long time 

and it has shown that it’s able to model thermal and trapping memory. 
When using a TDD signal what can be seen is that the gain fluctuates in ms time scale 

causing different symbols to be at different power levels which can have an effect on EVM, 

and this is important to be able to model and see early on when one wants to optimize DPD 
algorithms to try to combat these effects. In order to model those effects, IIR-filter will be fitted 
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to model the long-term time constants which improves the modelling accuracy [34], and it can 

model those long-time constants and follow the gain fluctuation. Future work includes the IIR-

filter fit. 
When conducting the DPD measurements with the PA models PA1 was found the be in too 

much compression for DPD to be able to linearize the model, thus by switching to PA2 with 

lesser compression the models linearizable and a good correlation between the real PA and PA 
model were found with used linearization techniques. 
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7 CONCLUSION 

Goal of this thesis was to understand what kind of modelling is needed for FDD and TDD 

operation with GaN PAs assess their linearizability. Behavioral models generated in this thesis 

used additional in-house developed signal processing to be able to support DPD simulations.  
The goal was achieved and more understanding was gained on how the PA will behave on 

different extraction conditions. By methods studied in this thesis, behavioral models with 

arbitrary GaN PAs can be generated with sufficient accuracy.  
Thesis was started by presenting basic theory on what kind of nonlinearities and memory 

effects are present in GaN Doherty-PA which are used in 5G-cellular base stations to transmit 

downlink signals to UE (user equipment). Understanding of what kind of memory effects are 
present is needed when extracting IQ-data from PA in order to use proper extraction conditions 

and to get accurate model. 

Behavioral modelling was presented with few different polynomial models that are widely 
used in the industry to model PAs. In addition, basic DPD architectures were introduced of 

which one was used to validate the PA model performance.  

Model extraction methods were presented when using different operation modes to get 
different memory effects and nonlinearities present when characterizing the PA. Equalizer was 

introduced which was used to flatten the frequency selectivity of measurement bench and the 

validation of the equalizer was presented. 
Model generation with different extraction methods were presented where different kind of 

behavior was observed. To understand the memory effects, an experiment was conducted where 

a pulse signal transmitted through the PA and output was captured with different power levels 
with and without gate switching. PA models were validated, and problems introduced which 

were encountered with different operation modes were shown and a new model topology was 

proposed which could consider the complex memory effects. PA models were used with DPD 
to validate the correlation between measurements and simulations. 
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