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Abstract 
 

The increasing demands for high data rates on wireless communication systems 

necessitate the enhancement of those systems in terms of software and hardware 

requirements. This creates real complications in designing power amplifiers (PA) that 

simultaneously meet the efficiency and linearity specifications of the modern wireless 

communication systems. Consequently, digital predistortion (DPD) is often used to 

compensate for the nonlinearity of the PA when operated at high efficiency. However, 

the increasing growth of the data rates and bandwidth requirements of the transmitter’s 

architectures are setting new burdens on the use of some of its hardware components, 

such as the analog-to-digital converters (ADCs) of the feedback path that is used to 

capture the PA’s output signal needed to derive the predistortion function. This thesis 

explores a technique suitable for extending the correction bandwidth of DPD systems 

for a given hardware specification. This approach is based on DPD model extraction 

from narrow-band measurements using under-sampling ADCs. The DPD is 

implemented using a two-box architecture which consists of the cascade of dynamic 

nonlinearity function followed by a static nonlinearity. The proposed method is 

validated in the presence of a 20-MHz long term evolution-advanced (LTE-A), which 

requires an ADC with a sampling rate of 100-Msps to capture the output of the PA due 

to the spectral regrowth behavior of the nonlinear amplifier. The output signal in this 

work is captured using an ADC with several under-sampling speeds that are reduced 

up to 75% of the full-rate requirements (i.e. 50-Msps, 40-Msps, 30-Msps, 25-Msps). 

Furthermore, the proposed approach also aims to reduce the software computational 

complexity of the typical DPD systems that involve high resolution delay alignment to 

be able to successfully extract the DPD coefficients. This is done by extracting the 

dynamic nonlinearity function in the two-box model using various delay mis-alignment 

conditions, that vary from -1 to +1 samples in steps of 0.1. Successful PA linearizations 

were achieved using the under-sampled signals from the ADC and dynamic 

nonlinearity predistorters that are extracted under delay mis-alignment conditions. 

 

Keywords: Digital predistortion (DPD); behavioral modeling; power amplifier (PA); 

Analog-to-digital converter (ADC); memory effects; correction bandwidth; 

resampling; time-alignment. 
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Chapter 1. Introduction 
 

This chapter presents a short introduction about the different linearization 

techniques highlighting the importance of digital predistortion (DPD) in wireless 

communication systems and the challenges encountered when designing digital 

predistortion systems for modern wireless communication. First, the advancements of 

the wireless communication systems and the design challenges associated with this 

advancement will be discussed. Then, a short review of the need for linearization 

techniques to satisfy those advancements of the wireless systems will be provided. The 

challenges in designing a DPD system in recent wireless communication systems and 

our contributions towards these problems will be addressed. Finally, general outline 

describing the flow of the thesis report is described. 

1.1. Wireless Communication Challenges 

Wireless communications have shaped and enhanced the quality of our lives by 

providing us with advanced services that are fast and easy to use on a daily basis. The 

wireless communication systems are continuously evolving in order to fulfil the 

increase in the number of users and devices every year. To support such evolution, the 

number of base stations and data rates that are required in each one will also increase 

significantly. Therefore, the dramatic demands on higher data rates for the use of 

wireless internet and smart devices have led to the investigation of fifth-generation (5G) 

systems in which the carrier frequency and the bandwidth are expected to increase 

considerably compared to fourth-generation (4G) systems. Additionally, it is excepted 

that the data traffic will increase by a factor of 1000 between 2010 and 2020 [1]. 

However, this continuous evolution of wireless communication standards is 

continuously placing many challenges on the radio frequency (RF) transmitter chains 

requirements in terms of linearity, bandwidth, and power-efficiency. Table 1.1 

compares the main features between the current 4G and the upcoming 5G [2]-[4]. This 

demonstrates the difficulties that are being faced in designing efficient wireless 

communication systems to meet the upcoming 5G requirements. 

Furthermore, recent transmission formats and communication schemes, such as 

orthogonal frequency division multiplexing (OFDM) and code division multiple access 
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(CDMA), have high peak-to-average power ratio (PAPR) and wide bandwidth [5]. The 

PAPR is given by: 

max, ,dB dBm avg dBmPAPR P P= −  (1.1) 

where max,dBmP  and ,avg dBmP  are the maximum and average power levels in dBm, 
respectively. 

Unfortunately, the high PAPR and wide bandwidth make the system more 

vulnerable to nonlinear distortions which reduce the signal quality [6]. As a result, RF 

transmitters are forced to operate at low power efficiencies far from their maximum 

power capabilities as it is difficult to find a power level (back-off) where the RF 

transmitters are both linear (no distortions) and power efficient. 

 

Table 1.1: Evolution of wireless communications from 4G to 5G 

Generation Access Technology Data Rate 
Frequency 

Band 
Bandwidth 

4G 

Long Term Evolution 

Advanced (LTE-A) / 

Orthogonal Frequency 

Division Multiplexing 

(OFDM) 

Downlink 

3Gbps 

Uplink 

1.5Gbps 

1.8GHz, 

2GHz 

1.4 MHz to 

20MHz 

Worldwide Interoperability 

for Microwave Access 

(WIMAX) 

100-200 

Mbps 

2.3GHz, 

2.5GHz, 

and 

3.5GHz 

3.5MHz, 

7MHz, 

5MHz, 

10MHz, and 

8.75MHz 

5G 

Beam Division Multiple 

Access (BDMA) / Filter 

Band Multicarrier (FBMC) 

Multiple Access 

10-20 

Gbps 

6GHz and 

30GHz 

100MHz to 

400MHz 
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1.2. RF Transmitters 

Figure 1.1. shows the block diagram of a transmitter architecture which is 

composed of four main stages: digital signal processing (DSP), quadrature modulation, 

frequency up-conversion and RF amplification. In the DSP stage, the input data stream 

is mapped into two digital signals, ( )inI n  and ( )inQ n . These digital signals are 

modulated using the quadrature modulator. Then, the digital signal is converted to 

analog using the digital-to-analog converter (DAC). This analog signal is then up-

converted into an RF frequency. Finally, the amplification process takes place to bring 

the RF modulated analog signal up to an adequate power level for transmission. 

 

Figure 1.1: Block diagram of RF transmitter 

 

The mapping employed by the DSP circuit controls the values of the ( )inI n  and 

( )inQ n signals and how changes in these values are deployed in the next symbol period. 

The transition between the states is controlled by the spectral shaping filter [7]. The 

input data stream is typically modulated into one of the three types of modulation 

formats; amplitude shift keying (ASK), phase shift keying (PSK), and quadrature 

amplitude modulation (QAM). After mapping and spectral shaping, a low-pass filter 

(LPF) is used to limit the bandwidth of the transmitted signal. 

The quadrature modulation shown in Figure 1.1 represents a very common 

architecture (digital IF architecture) [7] in which the ( )inI n  and ( )inQ n  digital signals 

are converted digitally into an intermediate frequency (IF) in the modulation process 

before they are up-converted again to the RF frequency in the analog domain. The 

quadrature modulation is performed by multiplying them by the in-phase and 

quadrature (90˚) components of the local oscillators (LO), respectively. The summation 
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of both multiplied signals yields to a single sideband modulated signal in the desired IF 

frequency. This modulated signal is then filtered to suppress the high-order harmonics 

and then converted to analog using the DAC. After that, the modulated analog signal is 

up-converted to the desired RF frequency using an analog up-converter. Finally, the RF 

modulated signal passes through a power amplifier (PA), in which the power level of 

the RF modulated signal is increased so that it can reach the transmitter end. 

The PA is the most expensive single component in a cellular transmitter. It 

consumes most of the transmitter’s power, but it is inherently nonlinear. PAs inherent 

most of the nonlinearities in the transmitter. Indeed, PAs normally operate in or close 

to their saturation region to achieve maximum power efficiency. However, operating 

the PA at such power levels results in inherent nonlinear distortions which severely 

distort the transmitted signal. 

1.3. Power Amplifier Nonlinearities 

The nonlinear distortions of the PA are in the form of in-band and out-of-band 

distortions. The in-band distortions affect the signal in the user’s frequency band, which 

damages the signal quality and degrades the overall communication performance in the 

band of interest. The out-of-band distortions (spectral regrowth) causes undesired 

interferences to adjacent channels which consequently affect their performances. 

Therefore, PAs nonlinearity does not only affect the transmission band, but also causes 

undesired effects to other communication bands. 

In addition to in-band and out-of-band distortions, the PA nonlinearities can be 

also categorized into static (memoryless) and dynamic (memory effects) distortions [8]. 

A system is said to be memoryless if the output at a given time is a function of the input 

at that time only. On the other hand, a system is said to have memory effects if the 

output at a given time instant depends on the input at that present instant as well as its 

past instants. Memory effects are mainly caused by electrical and thermal effects [9]. 

1.3.1. Electrical memory effects 

Power amplifier impedances are the origin of the memory affects.  This includes 

the internal impedance of the transistor itself, and the external impedances that are in 

the bias and matching networks. To better understand the memory effects in the PA, it 

is important to investigate the impedances that are in the transistor amplifier. A block 
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diagram of a common source MESFET (Metal Semiconductor Field Effect Transistor) 

transistor is shown in Figure 1.2. The different impendences presented in the transistor 

are as follows: 

• _G matchZ  is input matching network impedance (bias is not included). 

• _G biasZ  is the input bias network impendence at the gate of the transistor. 

• _G inZ  is the input impedance of the transistor looking from the gate. 

• _D matchZ  is the output matching network impedance at the drain of the 

transistor 

• _D biasZ  is the output bias network impendence  

• _D inZ  is the output impedance looking from the drain. 

Looking at the impedance levels of the drain and the gate nodes, they can be calculated 
as follows: 

_ _ _

_ _ _

/ / / /
/ / / /

G G match G bias G in

D D match D bias D in

Z Z Z Z
Z Z Z Z

=

=
 (1.2) 

 

 

Figure 1.2: Block diagram of a common source MOSFET amplifier with impendences 

 

The input impedances to the gate and the drain vary as a function of the input 

signal power level and the operating conditions of the transistor. Therefore, memory 

effects are present in the gate and in the drain of the transistor. In addition, the node 

impedances are frequency-dependent components; therefore, electrical memory effects 
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are present in these nodes and are affected by the DC, fundamental, and harmonic 

frequencies [10]. 

1.3.2. Thermal memory effects 

The thermal memory effects are caused by the electro-thermal coupling in the 

transistor [10]. This electro-thermal coupling affects the power dissipation of the 

transistor which causes temperature changes at the transistor junction. The change in 

the transistor’s temperature affects its characteristics in terms of gain and output power. 

Additionally, the temperature variations in the transistor occur slower than the 

amplitude signal variations. Consequently, thermal memory effects impact only the low 

frequency components of the signal (usually below few MHz) [11]. The power 

dissipation in a FET (Field Effect Transistor) can be expressed as: 

( ) ( ) . ( )diss ds dsP t v t i t=  (1.3) 

is drain current of the  ( )dsi tsource voltage and -represents the drain ( )dsv twhere 
transistor. 

 Hence, the temperature variation due to power dissipation variation is 

expressed by: 

. diss thT P Z∆ =  (1.4) 

where thZ  represents the thermal impedance defined as the ratio between the 
temperature rise and heat flow from the transistor [11]. 

1.4. Linearization Techniques 

One solution to tackle the trade-off between linearity and power efficiency of 

the PA is the use of internally modified PA architectures for high efficiency at output 

power back-off, such as Doherty and Envelope Tracking (ET) PAs. In Doherty 

amplifiers, the basic idea is to drive the PA into the saturation region using linear 

transistors and load modulation; while in ET, the PA is operated in the saturation region 

using an efficient bias modulator that modulates its drain bias [12]. However, despite 

the fact that Doherty and ET architectures provide highly efficient PAs, they still suffer 

from nonlinear distortions for high-power and wideband signals (i.e. LTE) [13]. 

Alternatively, several linearization techniques are being actively deployed to alleviate 

the PA nonlinearity at high input power. 
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Many linearization techniques have been investigated in order to suppress the 

PA nonlinearities while operating at high input power. There are three main 

linearization techniques, namely feedback, feedforward, and digital predistortion. In the 

feedback linearization method, the output signal of the PA is compared with the input 

signal, and an error signal is used to self-correct for both the magnitude and phase of 

the signals, as illustrated in Figure 1.3. Feedback based linearizers provide superior 

linearity for any changes that may occur to the signals due to the environment since it 

is a self-correcting system; however, the main limitation of this system is that it is 

narrow-band. It fails to handle wideband signals, or even signals that are more than 

several MHz wide [14]. 

 

Figure 1.3: Block diagram of feedback linearization 

 

The feedforward system is described in Figure 1.4. This system consists of two 

loops. The first loop is used to subtract the input signal from the output signal, which 

provides only the PA distortions samples. In the second loop, the distortion samples 

from the first loop are amplified by an auxiliary amplifier, and then subtracted from the 

PA output signal, producing a distortion-free output signal.  

 

Figure 1.4: Feedforward System Block Diagram 
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The feedforward system provides a wider correction bandwidth than the 

feedback system. However, when it comes to practice, the feedforward system is quite 

difficult to implement since adaptive control is needed to maintain the cancellation 

quality. Moreover, the phase shifters and couplers introduce losses to the system which 

limit the output power of the system because they are located after the main amplifier. 

Furthermore, feedforward is not attractive for linearization of PAs when high efficiency 

is required because the auxiliary amplifier is expected to be ultra-ideal (i.e. generating 

no distortions) [15]. 

The digital predistortion technique provides a more practical solution than the 

feedforward and feedback methods, and a relative wide correction bandwidth unlike 

the feedback method. It is the preferred method to use for linearization and it has 

become an essential component in many current wireless communication systems. As 

shown in Figure 1.5, the basic principle of DPD is to apply an extra nonlinear function 

before the PA so that the cascade of both the DPD with the PA provides a linear 

amplification system. Noticeably, this extra nonlinear function of the DPD is required 

to have inverse characteristics of that of the PA. 

 

Figure 1.5: The basic concept of DPD 

 

1.5. Distortion Characterization and Model Performance Evaluation 

1.5.1. Output power versus input power characteristic 

There are several methods and matrices that are commonly used to characterize 

the amplifier and its distortions. The  vs. out inP P characteristic relates the input to the 

output power of the amplifier at the fundamental frequency. In dB scale, the gain is the 

difference between the output and the input power levels. This means that the gain of 

the amplifier can be found from the y-intercept of the plot (i.e. the value of the output 

power when the input power is 0 dBm). A sample of  vs. out inP P characteristic is plotted 
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in Figure 1.6, which is a theoretical representation comparing the ideal behavior when 

the amplifier is perfectly linear with the actual nonlinear amplifiers. In an actual 

amplifier, the gain starts to compress as the amplifier is driven into saturation, and the 

output power starts to decrease to be lower than the linearized version of the amplifier. 

In measurements, the memory distortions are present; therefore, the  vs. out inP P  appears 

to be more dispersed instead of being a single line relating the input power and the 

output power as shown in Figure 1.7. 

 

Figure 1.6: Sample Pout vs Pin plot with no memory distortions 

 

 

Figure 1.7: Sample Pout vs Pin plot with presence of memory effects 
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1.5.2. AM/AM and AM/PM characteristics 

The amplitude modulation to amplitude modulation (AM/AM) and amplitude 

modulation to phase modulation (AM/PM) characteristics are used to include 

information about the magnitude and phase behaviour of the amplifier’s gain. If the 

DUT’s input and output complex baseband signals are inx  and outx , respectively. These 

can be expressed as a function of their in-phase and quadrature components as follows: 

in in in

out out out

x I jQ
x I jQ

= +
= +

 (1.5) 

Then, the instantaneous complex gain of the DUT will be given by: 

( ) ( ) . ( )in in inG x G x G x=  (1.6) 

where ( )inG x  and ( )inG x  are the magnitude and phase of the instantaneous 

complex gain, respectively.  

In addition, the magnitude and phase of the instantaneous complex gain can be 

expressed in terms of the input and output signals using: 

2 2 2

2 2 2

1 1

( )

( ) tan tan

out out out
in

in inin

out in
in out in

out in

x I QG x
I Qx

Q QG x x x
I I

− −

+
= =

+

   
= − = −   

   

 (1.7) 

Typically, the AM/AM characteristics of the DUT are obtained by plotting the 

magnitude of the instantaneous gain (in dB) versus the instantaneous input power. The 

AM/PM characteristics of the DUT are typically measured by plotting the phase of the 

instantaneous gain (in degrees) versus the instantaneous input power. Figure 1.8 

presents a sample of the AM/AM and AM/PM, respectively, for a typical nonlinear 

DUT that is driven by a modulated signal. 

1.5.3. Normalized mean squared error 

The normalized mean squared error (NMSE) is one of the most commonly used 

metrics for performance evaluation of behavioral models. The NMSE is expressed in 

decibels and is inversely proportional to the accuracy of the model. The NMSE is 

obtained by the following expression: 



24 
 

2

1
10

2

1

( ) ( )
( ) 10log

( )

N

des est
n

N

des
n

y n y n
NMSE dB

y n

=

=

 − 
 =
 
 
 

∑

∑
 (1.8) 

where ( )desy n  and ( )esty n  are the desired and estimated waveforms samples 
respectively, and N  is the lengths of those waveforms.  

 

(a) 

 

(b) 

Figure 1.8: Sample characteristics of a PA; (a) AM/AM, and (b) AM/PM 
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1.5.4. Inter-modulation distortion and spectrum regrowth  

To understand the effect of PA’s nonlinearities on the transmitted signals, the 

nonlinearities of the PA are analysed when excited by a two-tone signal. The 

nonlinearity order of the amplifier is assumed to be 3; it is modeled as a third order 

polynomial function according to the following equation that relates the output ( )y t  to 

the input ( )x t  as follows: 
2 3

1 2 3( ) ( ) ( ) ( )y t a x t a x t a x t= + +  (1.9) 

where 1a , 2a , and 3a  are the model coefficients. 

 Considering the input as a two-tone signal given by: 

1 1 2 2( ) .cos( ) .cos( )x t A t A tω ω= +  (1.10) 

where 1A  and 2A  are the magnitudes of each of the two tones, 1ω  and 2ω  are the angular 
frequencies of the tones with 2 1ω ω> . The PA output driven by the two tones is as 
follows: 

2 2
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 (1.11) 

 From (1.11) one can conclude that the output of the amplifier contains the 
following: 

• Linear amplified fundamental tones ( 1ω and 2ω ) 
• DC components  
• Second harmonic band ( 12ω and 22ω ) 
• Third harmonic band ( 13ω and 23ω ) 
• Second order inter-modulation distortion (IMD) ( 2 1ω ω−  and 2 1ω ω+  ) 
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• In-band third order inter-modulation distortion (IMD) ( 2 12ω ω−  and       

1 22ω ω−  ) 
• Out-of-band third order inter-modulation distortion (IMD) ( 2 12ω ω+  and 

1 22ω ω+  ) 

The DC components, second and third order harmonics, second order IMD, as 

well as out-of-band third order IMD can be easily removed by filtering. However, the 

in-band third order IMD appear in frequencies that are too close to the fundamentals, 

and hence they can’t be removed by filtering. In addition, for real signals and higher 

order nonlinear systems, distortions might appear at the same frequencies as the input 

signal, and even order in-band inter-modulation products appear at frequencies very 

close to the fundamentals; therefore, those unwanted signals can’t be suppressed by 

filtering. 

1.5.5. Adjacent channel leakage ratio 

Adjacent channel leakage ratio (ACLR) is a frequency domain measure that 

quantifies the nonlinearities in the PA when driven by a modulated signal. It is defined 

as the ratio of the total power in the main channel to the total power in the adjacent 

channels [16]. It is an important parameter because it measures the amount of unwanted 

interference in the adjacent channels. Many base station transmitter standards specify a 

threshold value for ACLR. If oP  denotes the total in-band power, LAP  and UAP  denote 

the total power integrated in the lower and upper bands, respectively, and oS  denote 

the in-band power spectral density, then ACLR is expressed as [17]: 
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1.5.6. Error vector magnitude 

Another measure that quantifies the nonlinear distortions of power amplifiers is 

the error vector magnitude (EVM). EVM evaluates the nonlinearity of the amplifier in 

the constellation domain, in which it measures the deviation of the actual constellation 

points measured in presence of distortions from the reference points that should have 

been obtained if the amplifier exhibits no distortions [18]. The EVM is expressed as 

follows: 
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where ,r iS  and iS  are the vectors representing the reference constellation and the i th 
demodulated points, respectively, and N is the number of samples in the waveform. 

1.6. Behavioral Modeling vs DPD 

Behavioral modeling and predistortion are two important research areas that are 

closely related because successful characterization of the nonlinear behavior of the 

amplifier is highly associated to effective compensation for the distortions. Behavioral 

modeling and DPD are relatively similar since most of the steps required to derive the 

behavioral model or the digital predistorter of the PA are identical. Though, they differ 

in the performance evaluation. Behavioral modeling is essential to predict the behavior 

of the PA when certain input signal is applied. It is important to mention that behavioral 

modeling is not only used to predict the behavior of the PA, it can be also used for any 

RF system that may contain the PA with other components. In this case, the RF circuit 

will be referred to as the device under test (DUT). The DUT will be considered as a 

black-box since the knowledge of the circuit details and the functionality of the DUT 

is not required in behavioral modeling.  

The same input signal is applied to both the DUT and the model. Both output 

signals will be processed through a performance assessment block as illustrated in 

Figure 1.9. The output signal of the DUT is compared with the estimated output signal 

of the model, and a suitable mathematical representation that describes the relations 

between the input and the output signals of the PA is found. Accordingly, a feedback 

path from the output of the performance assessment block to the model is used to adjust 

its parameters until satisfactory accuracy is obtained. 

 

Figure 1.9: Behavioral model performance assessment block diagram 
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Performance assessment for DPD is not very different from behavioral 

modeling. As shown in Figure 1.10, the DPD is placed before the PA (or the DUT) in 

order to have a linear amplified output from the cascade (DPD+DUT). To ensure having 

a linear amplified output with a gain G , the output of the DUT ( )outx  should be a 

scaled version of the input of the DPD _( )in DPDx  by G ; therefore, the input of the DPD 

can be derived as follows: 

_
out

in DPD
xx
G

= , (1.14) 

This means that the DPD parameters can be estimated from the measured input 

and output waveforms of the DUT. While behavioral modeling tries to identify the 

mathematical function that relates the input of the DUT to its output, the DPD tries to 

estimate a function DPDf  such that ( / )DPD out inf x G x=  [6]. In addition, two approaches 

can be considered to synthesize the DPD function. The first one is the process of 

identifying the model by measuring the input and output waveforms of the DUT and 

inverting the model to get the DPD function. This approach is commonly referred to as 

the direct learning architecture [19]. The second approach identifies the DPD function 

directly by measuring the input and output waveforms of the DPD. This method is 

referred to as the indirect learning architecture [20], and is commonly used in DPD 

systems.  

 

Figure 1.10: General block diagram of DPD 

 

Indeed, it is very crucial to choose the correct model for the DPD in order to 

efficiently linearize the PA. If not chosen correctly, the behavioral model will fail to 

predict the correct behavior of the amplifier, which will result in having wrong 

coefficients and an inefficient digital predistorter. For example, if a memoryless model 

is chosen for a DUT that exhibits memory effects, the model will not be able to predict 

those memory effects of the DUT; therefore, the DPD will be able to only correct for 
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the static nonlinearity of the device while the memory effects will still be existent. The 

different types of behavioral models and predistorters will be discussed in Chapter II. 

The process of behavioral modeling and DPD characterization is illustrated in 

Figure 1.11. The first step is to choose the drive signal with its characteristics (i.e. type, 

bandwidth, statistics, …). Then, the input and the output of the DUT will be acquired. 

Power and time alignment will be performed on those measured signals [21]. Next, a 

behavioral model is selected with its parameters (i.e. memory depth, nonlinearity order, 

…). Then, the coefficients of the model will be calculated, and its performance is 

evaluated using certain evaluation metrics. Based on the evaluated performance of the 

model, a decision will be made whether to select a new model, or just adjust the 

parameters of the same model until a satisfactory performance is achieved.  

 

Figure 1.11: Flow chart of behavioral modeling and digital predistortion process 
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1.7. Conventional DPD Systems 

DPDs have been implemented widely in many RF transmitters. Figure 1.12 

represents a block diagram of a transmitter with the DPD. The modulated input signal 

and the PA output signal are denoted by ( )x n  and ( )y t  respectively. DPDs systems 

require an observation path to capture the output signal of the PA for model 

identification. A down-converter and an analog-to-digital converter (ADC) are required 

in the feedback path to obtain a digital signal at the input signal frequency. This signal 

is compared with the input signal to effectively derive the predistortion function.  

To further demonstrate the function of each component in DPD systems, a 

simplified block diagram of a typical DPD system is shown in Figure 1.13. The input 

signal is modulated and converted into the corresponding RF analog signal using a 

digital-to-analog converter (DAC) and a frequency up-converter module, respectively. 

This analog signal drives the PA (or DUT), and the output of the PA goes through the 

feedback (observation) path where it is down-converted and transformed back into 

digital using an analog-to-digital converter (ADC). The digital output signal is used 

along with the input signal to derive the PA’s behavioral model and/or synthesize the 

DPD function [22]. The most commonly used algorithms for identification of model 

coefficients are the least mean squares (LMS) and the recursive mean squares (RMS) 

algorithms [23]. 

1.8. Challenges in Modern DPD Systems 

Although DPD plays a very important role in any wireless communication 

system in terms of enhancing the transmitters’ linearity and allowing for higher power 

efficiency, there are still some practical challenges in designing radio frequency power 

amplification modules to meet the growing efficiency needs of communication 

systems. Furthermore, as the demand for higher data rates increases, the required 

bandwidth for wireless transmitters increases. Additionally, spectral regrowth (out-of-

band distortions) of the PA expands the bandwidth of the signal at its output. The 

dominant inter-modulations appear up to the fifth order, which appear within a range 

of five times the original signal bandwidth [24]. As a result, it is required to build a 

DPD system that can correct for up to five times the bandwidth of the original signal. 

This creates a massive burden onto the transmitter and feedback chains since it will 

require very high-speed ADCs in the feedback path, which is very expensive, and most  
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Figure 1.12: Block diagram of a transmitter with a DPD 

 

 

Figure 1.13: Simplified block diagram of a typical DPD system 

 

importantly it makes employing DPDs sometimes unfeasible. For instance, a bandwidth 

of up to 100 MHz is required in fourth-generation (4G) LTE systems signal [25]. With 

this bandwidth, the DPD needs to deploy an analog-to-digital converter (ADC) with a 

speed equals to at least twice 500Msps to satisfy the Nyquist theorem. The huge cost 

of using such systems with very high-speed ADCs limits the advantages of DPDs in 

enhancing the trade-off between linearity and efficiency. Consequently, there is a real 

need for designing DPD systems which are simpler and more cost effective. 

Moreover, one more challenge that should be tackled in DPD systems is the 

need of tedious and complex algorithms to perform pre-processing, especially time-

alignment. Time estimation and alignment is essential to compensate for the introduced 

time delays between the measured input and output waveforms of the PA. The process 

of time-alignment needs to be done perfectly in order to precisely characterize the DPD 

and/or derive the behavioral model. This is done using the complex cross-correlation 
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method described in [26]. A solution that reduces the complexity of having a perfect 

time-alignment procedure was investigated. This will be discussed in detail in Chapter 

4. 

1.9. ADC Performance and Requirements in DPD Applications 

This section includes a study on some of the recent ADCs that were used in 

DPD applications. The purpose of the study is to show the challenge of using them with 

the rising demand on higher data rates and bandwidths. ADCs can be assessed and 

compared using different measures including maximum sampling rate, signal to noise 

ratio (SNR), spurious-free dynamic range (SFDR), number of bits for a given sampling 

rate, and power consumption [27]. 

The maximum sampling rate (fs) of a converter determines the bandwidth that 

can be corrected for. When selecting the ADC, it is important to consider the Nyquist 

criterion that the required sampling rate should be at least twice the observation 

bandwidth. The SNR is defined as the ratio between the rms value of the fundamental 

component and the rms value of all other components in the Nyquist band excluding 

the DC, fundamental component, and the first five harmonic components. SNR is 

usually measured in dB. In addition, SFDR specifies the relationship between the 

fundamental signal to the strongest spurious signal in the output. It is usually expressed 

in dBC. The observation path is required to perform much better than the overall system 

in terms of SFDR, usually 10 to 15 dBs lower to ensure acceptable correction 

performance [28]. 

Given these parameters, selected ADCs that have been used recently for PA 

linearization and DPD applications are compared in Table 1.2 which illustrates the 

difficulties that will be placed in finding suitable ADCs with adequate sampling rate 

capabilities when high input bandwidths are used.  

With the emerging modulation technologies and data rates requirements, it is 

becoming impractical to use a high-resolution ADC to capture the output of the PA in 

the observation path. In addition, it is also important to lower the requirements of ADCs 

in the existing DPD applications, which will save a lot of money and relieve the overall 

difficulties in those applications. To address these issues, several techniques have been 

proposed in the literature that aim to relax the sampling rate requirements of the 
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available ADCs whether by re-designing the ADCs [29]-[32], or by using external 

signal acquisition/processing techniques [44]-[52],[55]. This thesis focuses on the 

signal acquisition/processing techniques and proposes a new one in order to simplify 

existing DPD systems by using much simpler and cheaper ADCs. 

 

Table 1.2: Current ADC performances 

Name Technology Resolution 
fs 

(Msps) 

SNR 

(dB) 

SFDR 

(dBC) 

Power 

(mW) 

AD6679 
Analog 

Devices 
14-bit 500  67.6  82  1100 

AD9643 
Analog 

Devices 
14-bit 250  70.6  85  785 

AD9430 
Analog 

Devices 
12-bit 210  65  80  1300 

ADS5500 
Texas 

Instruments 
14-bit 125  70  82 750 

LTC2158 
Linear 

Technologies 
14-bit 310 68.8 88 724 

 

1.10. Thesis Objectives 

From the challenges discussed earlier, it is essential to come up with a solution 

that will allow us to use low-speed ADCs in the DPD feedback path without affecting 

the ability of the DPD in linearizing the amplifier. The investigation of another DPD 

approach that is much simpler in terms of computational complexity that replaces the 

complicated conventional ones is of a prime interest for modern wireless 

communication systems. There are two main objectives that are going to be investigated 

in this thesis. The first one is to reduce the complexity of the DPD system encountered 

by using a high-speed feedback path. The second objective is to waive additional 

complex pre-processing calibrations required in such systems. This needs to be done 

without sacrificing the performance of DPD in being able to resolve for all kinds of 

distortions over a bandwidth that is at least five times equal to that of the input signal. 
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1.11. Research Contributions  

The contributions of this research work can be summarized as follows:  

• A scheme that focuses on reducing the sampling rate requirements of the ADC 

in the feedback path. This is done by using a two-box DPD scheme which 

consists of a dynamic nonlinearity block followed by a static nonlinearity block. 

The static nonlinearity block is derived from narrow band measurements using 

several under-sampled signals; leading to up to 75% reduction of the original 

ADC sampling rate. The dynamic nonlinearity block is then identified by 

considering the static nonlinearity block to be part of the DUT with the PA. 

• A comprehensive analysis of the effect of delay misalignment on single-box and 

two-box PA models showing that single-box models are less sensitive to delay 

misalignments than two-box models. This facilitates the identification process 

of the dynamic nonlinearity block by alleviating the use of high-resolution delay 

alignment algorithms. 

1.12. Outline 

The remainder of the report is organized as follows: 

Chapter 2 briefly introduces the fundamental memoryless behavioral models, 

and the models with memory that are commonly used in the literature. Furthermore, 

several previous studies that addressed the issue of high-speed ADCs in the DPD 

systems are also discussed. 

Chapter 3 and 4 describe the main concept of the proposed approach, which is 

divided into two parts; the first part of the proposed approach (Chapter 3) is DPD 

characterization using narrow band measurements, and the second part (Chapter 4) is 

DPD synthesis using low-complexity delay alignment. The concept and the theoretical 

background of each part are discussed in detail in each chapter. 

Finally, a conclusion and a brief discussion of the future work will be presented.   
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Chapter 2.  Background and Literature Review 
 

In this chapter, an overview of the most common memoryless behavioral 

models and models with memory effects is presented with a brief discussion about their 

functionality and how they relate the output to the input. Then, previous works and 

efforts on reducing the bandwidth and the sampling rate requirements of DPD systems 

are discussed. 

2.1. Power Amplifier Behavioral Models 

Behavioral modelling is very important in system identification since it provides 

a mathematical relationship between the input and the output waveforms without going 

into the device and its complex circuit designs. By converting the input to the output, 

or a close estimation of it, one can study the performance of the device for simulation 

or correction purposes. Generally, behavioral models can be classified into two main 

categories: memoryless models and models with memory. For the description of those 

models, the instantaneous input and output complex-baseband signals of the PA are 

denoted by ( )x n  and ( )y n , respectively. 

2.1.1. Modeling memoryless power amplifiers 

Memoryless models assume that the instantaneous output signal depends only 

on the instantaneous input signal of the amplifier. Therefore, its transfer characteristics 

are frequency independent. Various memoryless functions have been proposed in the 

literature. The most commonly used models among them are the polynomial model and 

the look-up-table (LUT). 

The polynomial model relates the output with the input by [33]: 

1

1
( )  . ( ) . ( )

N
i

i
i

y n a x n x n −

=

=∑  (2.1) 

where ia  are complex valued coefficients, and N  is the nonlinearity order of the model. 

 The look-up-table is the most common memoryless behavioral model [34]. It is 

a tabular representation where the amplitude and phase distortions are stored in two 

tables. The amplitude and phase distortions are derived from the AM/AM and AM/PM 

characteristics and indexed using the normalized and quantized input signal [7]. For a 
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given input magnitude, the LUT indexes the corresponding AM/AM and AM/PM 

conversions, and the output is calculated as follows: 

( ) ( ( ) ) ( )y n G x n x n= ⋅  (2.2) 

where ( ( ) )G x n  is the instantaneous complex gain of the DUT. 

 An acceptable accuracy of memoryless models is achieved if the PA produces 

little or no memory effects related distortions. If the PA exhibits strong memory effects, 

the memoryless model will be of low usefulness in accurate estimation of its distortions. 

However, some memoryless models are still used in multi-box models along with 

memory-based sub-models. 

2.1.2. Modeling power amplifiers with memory effects 

When driven by wideband signals, power amplifiers are known to be dynamic 

nonlinear systems, which have static and the dynamic nonlinearities. Therefore, it is 

important to have models other than the LUT that is previously discussed in section 

2.1.1 such that they also represent the dynamic nonlinearity part of the amplifier’s 

behavior. Those models are discussed next, and divided into three parts; single-box, 

two-box, and three-box models. 

 2.1.2.1. Single-box models 

To include the memory effects, the model must include time-dependent 

components. Such models are extensively proposed in the literature [35]-[43]. The most 

general and comprehensive model is the Volterra series [35] where the relationship 

between the input and output waveforms is: 

1

1
1 0 0 1

( ) ... ( ,..., ) ( )
p

kK M M

p p j
k m m j

y n h m m x n m
= = = =

= −∑∑ ∑ ∏   (2.3) 

where 1( ,..., )p ph m m  are the parameters of the Volterra model, K is nonlinearity order, 

and M is the memory depth of the model. 

 The number of coefficients in the conventional Volterra model increases 

exponentially with the increase of the nonlinearity order and the memory depth. 

Therefore, the use of Volterra models is usually limited to low nonlinearity degrees that 

correspond to weakly nonlinear systems. It is important to mention that one of the 
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advantages of the Volterra model is that the coefficients are linear with respect to the 

input signal, which means that the coefficients could be extracted using simple linear 

methods such as the least mean squares (LMS) and the recursive mean squares (RMS) 

algorithms [23]. Volterra series model is known to be the most accurate model yet the 

most complex. However, there are several techniques that were proposed in the 

literature which are relatively less complex and able to lead to comparable results [36]-

[39]. 

 One of the reduced forms of the Volterra series is the memory polynomial (MP) 

model [36], in which the cross-terms of the Volterra series are excluded and only the 

diagonal terms are kept. The output waveform is expressed as: 

1

0 1
( ) . ( ). ( )

M K
k

mk
m k

y n a x n m x n m −

= =

= − −∑∑   (2.4) 

where mka  are the model’s coefficients, K and M are the model’s nonlinearity order 

and the memory depth, respectively.  

 Figure 2.1 shows the block diagram of the memory polynomial model, in which 

there are M+1 branches and the highest order of the polynomials in each branch is K. 

MP models considerably reduce the number of coefficients of the Volterra series model, 

but their application to linearize highly nonlinear PA has some limited capabilities. 

Therefore, several variations of the MP model that include some cross-terms to improve 

the accuracy of the model have been proposed.  

 

Figure 2.1: Block diagram of memory polynomial model 
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 One of the variations to the MP model is the generalized memory polynomial 

(GMP) model [38]. The basic idea of the GMP is that it adds two polynomial functions 

to the original MP model; one combines the instantaneous complex signal with its 

leading terms, and the other combines the instantaneous complex signal with its lagging 

terms. The relationship between the input and the output is described by (2.7) as 

follows: 

1 1
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  (2.5) 

where 1K  and 1M  are the nonlinearity order and the memory depth of the first 

polynomial that is applied to the time-aligned input signal samples, respectively. 2K  

and 2M  are the nonlinearity order and the memory depth of the second polynomial that 

is applied to the instantaneous input signal with its lagging envelopes, respectively. 3K  

and 3M  are the nonlinearity order and the memory depth of the leading terms of the 

model, respectively. As shown in Equation (2.7), the highest order of the cross-terms 

between the input values with its lagging terms is L. Similarly, the highest order of the 

cross-terms between the input values with its leading terms is Q. Additionally, mka , mklb

, and mkqc  are the coefficients of the time-aligned, lagging, and leading terms, 

respectively.  

 

Figure 2.2: Generalized Memory Polynomial model 
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The nonlinearity order and the memory depths of the leading and lagging cross-

terms are much lower than that of the aligned terms. Also, the maximum orders for the 

lagging and leading cross-terms, L and Q, respectively are low values. The block 

diagram of the generalized memory polynomial model is shown in Figure 2.2. 

 Another variation to the MP model is the envelope memory polynomial (EMP) 

model [39] shown in Figure 2.3. The output waveform of the EMP model is given by 

1

0 1
( ) ( ) ( )

M K
k

mk
m k

y n a x n x n m −

= =

= ⋅ ⋅ −∑∑   (2.6) 

where mka  are the model’s coefficient, K and M are the nonlinearity order and the 

memory depth, respectively. 

 Equation (2.8) shows that the EMP model is similar to the memoryless model 

in (2.1). It is also analogous to the MP model, but it only includes the magnitudes of 

the delayed envelope (memory) terms while their complex values are not required. 

Therefore, the EMP model can be considered as an intermediate between the MP and 

the memoryless polynomial model. Additionally, combining the time-aligned memory 

polynomial with the envelope memory polynomial provides the hybrid memory 

polynomial envelope memory polynomial (HMEM) model [37].  

 

Figure 2.3: Envelope Memory Polynomial 

 

 2.1.2.2. Two-box models 

The two-box models were introduced in order to reduce the complexity of the 

previously mentioned polynomial models. Two-box models require a smaller number 

of coefficients which makes implementing them easier and more computationally 



40 
 

efficient in hardware. Typically, in two-box models, one box will be for the static 

nonlinearity while the other one accounts for the memory effects. For the description 

of those models, the instantaneous input and output complex-baseband signals of the 

PA are denoted by ( )x n  and ( )y n  respectively, and the output of the first box (the 

input to the second box) will be denoted by 1( )x n . The most frequently used two-box 

models are the Wiener, Hammerstein, and the twin-nonlinear two-box models. 

The Wiener model [26] is composed of a linear finite impulse response (FIR) 

filter followed by a memoryless nonlinear function, as illustrated in Figure 2.4. The 

output of the FIR filter 1( )x n , which is the first box, is expressed as follows: 

1
0

( )  ( )
M

m
m

x n a x n m
=

= −∑   (2.7) 

where M is the order of the filter and ma  are its coefficients. 

 Then, the output of the FIR filter passes through a memoryless model, which is 

commonly implemented using the LUT discussed earlier. The output of the model is  

1 1( ) ( ( ) ) ( )y n G x n x n=   (2.8) 

 

 

Figure 2.4: Block diagram of the Wiener model 

 

The Hammerstein model [40] is the dual of the Wiener model, in which the 

memoryless polynomial function is applied first then followed by a linear FIR filter as 

illustrated in Figure 2.5. Though, the identification procedure is the same for both the 

Weiner and the Hammerstein models: the memoryless model is identified first, and then 

the FIR filter coefficients. The functions of 1( )x n  and ( )y n  of the Hammerstein model 

will be as follows: 

1( ) ( ( ) ) ( )x n G x n x n=  (2.9) 
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1
0

( )  ( )
M

m
m

y n a x n m
=

= −∑  (2.10) 

where ma  are the coefficients of the filter and M is its order. 

 

Figure 2.5: Block diagram of the Hammerstein model 

 

Another class of two-box models is the twin-nonlinear two-box model which 

consists of a dynamic nonlinear model used to mimic the dynamic nonlinear behavior 

of the PA, and a static nonlinear model used to model the memoryless behavior of the 

PA. The two boxes can have different arrangements leading to three different TNTB 

models. Figure 2.6 describes these arrangements which are: 

• Forward twin-nonlinear two-box (FTNTB) model where the static 

nonlinearity is placed before the dynamic nonlinearity (Figure 2.6a) 

• Reverse twin-nonlinear two-box (RTNTB) model where the static 

nonlinearity is placed after the dynamic nonlinearity (Figure 2.6b) 

• Parallel twin-nonlinear two-box (PTNTB) model where the static 

nonlinearity and dynamic nonlinearity are parallel to each other (Figure 

2.6c) 

 
(a) 

 

 
(b) 

 

 
(c) 

Figure 2.6: Twin nonlinear two-box model: (a) Forward TNTB model, (b) Reverse 
TNTB model, and (c) Parallel TNTB model 



42 
 

Two-box models have a comparative advantage over one-box oriented models 

in reducing the overall complexity of the system because the nonlinearity order of the 

PA is split between the two-boxes. Therefore, each box will have a lower nonlinearity 

order. The model’s overall nonlinearity order will be the multiplication of the nonlinear 

order of each box, while using only their addition. As a result, these models tend to 

reduce the number of coefficients required to build the model while having similar or 

even superior performance [41]. 

2.1.2.3. Three-box models 

Combining the Weiner and the Hammerstein models leads to a three-box model 

with two possibilities; the first one where the LUT block is surrounded between two 

FIR filters resulting in the Wiener-Hammerstein model [42]. The second one is the 

Hammerstein-Wiener [43] in which the FIR is surrounded between two LUT blocks. 

Figures 2.7 and 2.8 illustrate the three-box Wiener-Hammerstein and Hammerstein- 

Wiener models, respectively. The output waveforms for each model can be derived 

through a proper combination of (2.9) and (2.10). However, the identification of these 

models is very tedious which limits their adoption.  

 

Figure 2.7: Wiener-Hammerstein model 

 

 

Figure 2.8: Hammerstein-Weiner model 

 

2.2. Behavioral Modeling and Predistortion Using Reduced Observation 
Bandwidth 

The massive bandwidth requirements of current wireless communication 

systems pose severe challenges to the transmitters design in terms of complexity and 

cost requirements. This is because the wide bandwidth transmitter requires high speed 

analog-to-digital converters in the DPD’s feedback path to support the full-band 

sampling of the wideband PA output signal, which could be up to 500 Msps for 100-
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MHz LTE signals [44]. Unfortunately, the performance of such ADCs reduces the 

overall efficiency of the DPD system. Therefore, several methods have been proposed 

in the literature to replace the high-speed ADCs of the feedback path by low-speed 

ones, which significantly decreases the cost and the overall difficulty related to 

wideband DPD systems. Those proposed methods can be mainly classified into ‘band-

limiting’ and ‘under-sampling’ approaches. 

2.2.1. Under-sampling approach 

The goal of the under-sampling approaches is to relax the sampling rate 

requirements of the ADCs of the feedback path. This is done by using under-sampling 

ADCs, and signal processing or signal manipulation techniques to reconstruct the high-

rate output signal. Liu et al. [45] proposed a method named under-sampling restoration 

(USR) where the basic idea is to under-sample the feedback signal, and reconstruct the 

original signal using a dual-loop iteration to get an estimate of the full-band PA output, 

and extract the DPD coefficients. As seen in Figure 2.9, the use of a bandpass filter 

(BPF) in the feedback path is optional in this method. If it is used, the band-limiting 

effect is the dominant distortion. If not, then the aliasing effect due to under-sampling 

is the dominant distortion. The output of the PA is attenuated and down-converted, then 

it is under-sampled using the ADC. The signal is then up-sampled in order to match the 

sampling rate of the input with that of the output for the DPD identification. This is 

done by inserting zeroes between the time-domain samples. After up-sampling, it is 

important to pass the signal through a low-pass filter (LPF) to suppress the spectrum 

replicas that are introduced in the frequency domain following the up-sampling process. 

The next step is to perform time-alignment between the input signal and the output 

signal of the feedback path based on cross-correlation criterion. However, the real 

output of the amplifier cannot be restored using under-sampling ADC due to aliasing 

and/or band-limiting effects; therefore, the output is restored by the following estimate: 

( )
( )

( )
f

f

y n
y n

G n
=  (2.11) 

where ( )fG n  is the complex gain of the feedback path, and ( )fy n  is the output of the 

feedback path. 
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The complex gain of the feedback path is estimated by assuming that the input 

is strongly correlated to the output, which means that the input can be used as an initial 

estimate of the gain as follows: 

( )
( )

( )
f

f

x n
G n

x n
=  (2.12) 

where ( )fx n  is the feedback input signal, which is measured by sending the input signal 

into the feedback path directly.  

 
Figure 2.9: DPD block diagram using USR method 

 

This initial estimate of the output signal is then used to get an initial estimate of 

the gain of the feedback path and the output of the PA. The second iteration is based on 

applying behavioral modeling and using its output as the input in (2.13) to estimate the 

output signal, and so on for the rest of the iterations. This iteration is referred to as the 

USR iteration, which is the inner loop of the dual-iteration process. The outer loop is 

the DPD iteration which performs the extraction of the model coefficients. 

However, the system requires adding an auxiliary digital-to-analog converter 

and an up-converter to avoid interrupting normal signal transmission. This added 

hardware is cheaper than having a high-rate ADC, and it consumes less amount of 

power [45]. Results show that the accuracy of the model is increased as the inner loop 

iterations increase. Additionally, an increase in the outer loop iterations causes the 

estimated output to get closer to the real one. A summary of the results obtained using 

this method is shown in Table 2.1. The results were obtained using a MP model with 

nonlinearity order and memory depth of 5 for the first measurement in Table 2.1 using 
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a 10-MHz LTE as an input signal. The memory depth of the MP DPD was changed to 

3 for the rest of the measurements. The DAC’s sampling rate was 207.36 MHz, which 

was reduced in the feedback path in this method. 

 

Table 2.1: Results of the USR method [45] 

Proposed 
Method 

Reference 
PA Excitation Correction 

BW 

ADC 
Sampling 

Rate 

Under-
sampling 

Ratio 
  Signal Bandwidth       

[45] without 
BPF 

1-
carrier 
LTE 

10 MHz - 25.92 
MHz 8 

1-
carrier 
LTE 

20 MHz - 51.84 
MHz 4 

3-
carrier 
LTE 

60 MHz - 69.12 
MHz 3 

[45] with 
BPF 

1-
carrier 
LTE 

20 MHz 25 MHz 51.84 
MHz 4 

1-
carrier 
LTE 

20 MHz 18 MHz 51.84 
MHz 4 

 

Another under-sampling technique is the one proposed in [46], in which the 

high-rate output signal will be estimated from the extracted behavioral model 

coefficients. In other words, the high-rate input is used along with the low-rate aliased 

output to estimate the coefficients in this technique. Then, as illustrated in Figure 2.10, 

the estimated high-rate output will be used with the high-rate input to extract the DPD 

coefficients. The high-rate output is modelled as high-order basis functions added to a 

noise model in order to estimate it. In this technique, the noise model is assumed to be 

available.  
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Figure 2.10: Block diagram of low feedback sampling rate using coefficient 

estimation technique 

 

One of the drawbacks of this model is the need for a complex time alignment 

procedure to time-align the high-rate input with the low-rate output for model extraction 

since the conventional cross-correlation technique doesn’t work if the two signals have 

different sampling rates. In this case, fast Fourier transform (FFT) is used first to shift 

the signals, and then the cross-correlation is calculated between them. The 

computational complexity will increase as the sampling rate of the feedback ADC is 

reduced. As a result, the sampling rate of the ADC cannot be reduced significantly to 

avoid impractical complexities. Another drawback of this method is the need for high 

resolution DAC because the measurements are sensitive to the noise models that are 

used in the modeling of the high-rate output. Table 2.1 summarizes the results of the 

proposed method in which a 40-MHz two-carrier LTE signal is used to drive the PA, 

and the DPD model used is the MP model with nonlinearity order of 4 and memory 

depth of 2. The results show that the accuracy of the model is independent of the under-

sampling frequency as reported in Table 2.2. Also, this method is effectively useful in 

solving for both static and memory distortions using low-sampled ADCs. 

Furthermore, Bensmida et al. [44] proposed a method, labeled MR-DAD, that 

is based on manipulating the input signal so that when under-sampling analog to digital 

conversion is performed, the signal can be extracted easily without any loss of 

information. The basic idea of this method is to create N copies of the original signal 

by delaying each signal by a one-sample delay and wrapping them. This process will 

not affect the bandwidth or the statistics of the original signal; therefore, it will not 

affect the PA’s behavior when it is used to drive it and extract the DPD function.  
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Table 2.2: Results of the low feedback sampling rate using coefficient estimation 
technique in [46] 

DAC 
Sampling 

rate 

ADC 
Sampling 

Rate 

Under-
sampling 

Ratio 

DPD 
Performance -  
ACLR1(dBC) 

200 MHz 

20 MHz 10 -47.99/-47.82 

5 MHz 40 -47.90/-47.82 

2.5 MHz 80 -47.87/-47.63 

 

The block diagram of the proposed technique is shown in Figure 2.11. The 

signal will pass through a digital pre-processing unit which will create the N-delayed 

and wrapped versions of the input signal. The created test signal will be transmitted 

into the DUT after digital-to-analog conversion using DAC, and frequency up-

conversion. The output of the DUT will be down-converted and under-sampled into the 

required sampling frequency using the ADC. The new sampling frequency of the ADC 

will be reduced by a factor of N compared to the DAC sampling frequency. Finally, the 

under-sampled signal will be multiplexed by the post-processing unit. The resulting 

signal will be used with the input signal to derive the behavioral model and/or the DPD. 

This approach will reduce the sampling rate requirement by a factor of N without 

compromising accuracy. In this method, a 20MHz LTE signal was used to characterize 

the PA using a DAC sampling speed of 120Msps and a MP based model having a 

memory depth of 3 and a nonlinearity order of 9 was used to linearize the DUT. The 

test was done using different values of under-sampling ratios (N), and a summary of 

the results is shown in Table 2.3. 

 

Figure 2.11: Block diagram of the MR-DAD method 
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Table 2.3: Summary of the results in MR-DAD technique [44]  

ADC 
Sampling 

Rate 

Under-
sampling 

Ratio 

DPD 
Performance 

    ACLR1 
(dBC) EVM 

60 MSPS 2 -50.6/ 
-50.3 ≤1% 

40 MSPS 3 -50.8/ 
-50.6 ≤1% 

24 MSPS 5 -50.6/ 
-50.6 ≤1% 

 

In addition, the value chosen for N has two impacts; it will proportionally 

increase the length of the signal at the input of DUT and will reduce the sampling rate 

of the ADC. The linearization performance is; however, independent of the value of N. 

It is important to note that the process of creating and multiplexing the signal will not 

only cancel the effect of aliasing that is due to the under-sampling, but it will also create 

a signal that is very similar to the original baseband input signal. Therefore, the DPD 

will be successfully able to cancel the static and memory distortions of the PA as 

demonstrated in [44].  

2.2.2.  Band-limiting approach 

In addition to under-sampling techniques, other approaches have been presented 

in the literature in order to decrease the ADC’s sampling rate by reducing the feedback 

path’s bandwidth. Usually, a band-limiting function (mostly a BPF) is applied to the 

output of the PA in the feedback path. For example, a band-limited Volterra series 

(BLVS) method was proposed to reduce the bandwidth of the feedback signal by 

filtering [47][48]. The main idea of this method is to insert a band-limiting function, 

( )w n , into each Volterra operator before multiplying with its coefficients, and inserting 

another band-limiting function with the same characteristics at the output of the PA. 

The correction bandwidth of the system is set by controlling the bandwidth of each 

band-limiting function. From the full Volterra series model in (2.5), the pth-order 

Volterra operator will be defined as follows: 
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1

( )
p

p j
j

D x n m
=

= −∏  (2.13) 

Figure 2.12 depicts the block diagram of the system proposed in [47] with only 

two changes from the general Volterra series model; a band-limiting function ( )w n , 

mostly a BPF, is used at the output of the power amplifier, and band-limited functions 

of the same bandwidth are inserted into the DPD model to control the linearization 

bandwidth. The choice of the linearization bandwidth will control the correction band 

at the output of the amplifier. Consequently, this method provides a decent linearization 

performance within the observation band but does not correct for distortions outside the 

observation band. However, the linearization performance in the observation band is 

not affected by the choice of the bandwidth of the band-limiting function. In other 

words, the BLVS model effectively linearizes the DUT under in the observation band 

set by the bandlimited function, regardless of its bandwidth.  Another disadvantage of 

this system is the need for a very high order BPF that is nearly ideal in practice to 

eliminate the effects induced by the filter. Experimental results of the BLVS are 

summarized in Table 2.4. The experiments in this method were done using different 

signal configurations, and the system’s bandwidth was set to 140MHz, which is the 

bandwidth of the DAC. The DPD model used was a memory polynomial model that 

has a nonlinearity order of 7 and a memory depth of 3 for the first measurement in Table 

2.3, and a nonlinearity order of 5 for the rest of measurements [47]. 

 

Figure 2.12: Block diagram of Band-Limited Volterra Series 
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Table 2.4: Summary of the results in the BLVS method [47] 

PA Excitation Correction 
BW 

Filter 
Order DPD Performance 

Signal Bandwidth     ACPR1 
(dBC) NRMSE/EVM 

4-carrier 
WCDMA 20 MHz 40 MHz 266 -60.44/-

60.4 -45.83 dB 

12-carrier 
UMTS 60 MHz 80 MHz 82 -55 -41 dB 

12-carrier 
UMTS 60 MHz 100 MHz 82 -57 -45 dB 

5-carrier LTE-
A 100 MHz 140 MHz 82 -51.02/-

52.22 -41.66 dB 

3-carrier LTE-
A 

(noncontiguous) 
100 MHz 140 MHz 82 -52.57/-

53.44 -41.94 dB 

 

As the previous method does not correct for distortions that are outside the 

filtered band, other techniques have been proposed in order to try to correct for the 

whole band of the output signal, while applying band-limited functions. For instance, 

the out-of-band spectra was estimated using extrapolation in [49]. Extrapolation will be 

done using dumped Gauss Newton (GN) algorithm to estimate the signal outside the 

observation band. The dumped Gauss Newton method is based on minimizing the 

energy in time or frequency domains over the desired span. The coefficients of the DPD 

are extracted here using direct learning approach to avoid the increase of the PAPR that 

occurs after updating the coefficients using the indirect method.  

One of the disadvantages of this method is the need for an extra filter to 

compensate for the imperfect response of the BPF filter in the feedback path in practice. 

Another drawback is that even-order nonlinear terms, which are strong nonlinear 

functions, are ignored because they are unsuitable for this method since they generate 

very wide spectrum in the output. On the other hand, this technique showed excellent 

performance in suppressing both the static nonlinearity and the memory effects of the 

amplifier in practical applications even with bandwidths that are less than the input 

signal bandwidth, while conventional DPD techniques fail to do so. The results in this 

method showed that the frequency domain performance degrades away from the 

observation band since the extrapolation is more reliable near the observation band [49]. 
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Table 2.5: Experimental results of the extrapolation methods in [49] and [50] 

Method 
Reference 

Generation 
BW 

Correction 
BW DPD Performance 

      ACLR1 
(dBC) NRMSE/EVM 

[49] 
160 MHz 25 MHz -54/-54 -40 dB 

160 MHz 15 MHz -51/-52 -38 dB 

[50] 92.16 MHz 25 MHz -48.82/ 
-48.57 -37.8 dB 

[50] 92.16 MHz 25 MHz -50.55/ 
-48.69 -38.1 dB 

 

Moreover, another extrapolation method was proposed in [50] that is based on 

Levenberg-Marquardt (LM), rather than the damped Gauss-Newton discussed earlier. 

Table 2.5 summarizes and compares the experimental results of the extrapolation 

methods. The Gauss-Newton extrapolation method uses a 64-QAM 20MHz OFDM as 

a test signal to drive the PA and uses a pruned version of the Volterra series as a DPD 

model. On the other hand, the PA was driven using a four-carrier 20MHz WCDMA in 

the Levenberg-Marquardt extrapolation technique, and a memory polynomial was used 

as DPD function. The results, reported in Table 2.5, show that the Levenberg-

Marquardt has a better linearization performance than the Gauss-Newton method while 

using very narrow observation bandwidths. 

2.2.3.  Coherent averaging method 

Additionally, the proposed approaches to extend the bandwidth requirements of 

the DPD systems were not only restricted to the band-limiting and under-sampling 

approaches. There are various techniques and efforts that were done in the literature to 

solve this bandwidth issue in various ways. A method based on coherent averaging was 

introduced in [51]. Its basic idea is to take different sets of band-limited measurements 

at different center frequencies and various times, and reconstruct the full band signal 

using those sets of measurements. By taking several overlapping measurements of the 

signal in the frequency domain at different center frequencies and then combining them, 

a signal with higher bandwidth than the bandwidth of the ADC can be reconstructed. 

This method works only with the assumption that the input signal is repetitive. 
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First, the measured signal is down-converted and sampled through the DAC. 

The next step will be calculating the discrete Fourier transform (DFT) of each of these 

measurements. The overlapping parts of the measurements will be then time-aligned 

using cross-correlation criterion. The non-overlapping parts will be concatenated and 

then the inverse discrete Fourier transform (IDFT) is used to obtain the time domain 

final wideband signal. Some of the measurements errors that are observed in this 

technique include amplitude and phase distortions in the instruments and aliasing in the 

sampling process. 

2.2.4. 1-bit observation ADC 

Since the wireless communication schemes continuously grow every year, the 

need for high resolution along with high rate systems also presents a challenge to 

current and future systems. Therefore, there is some interest in reducing the resolution 

of the ADCs in DPD systems as presented in [52]. This technique aims to replace the 

high-resolution ADCs by only a one 1-bit observation system. As a result, the cost and 

the complexity accompanied by the high-rate and high-resolution ADCs will be 

significantly reduced. The basic idea of this method is that instead of using expensive 

ADCs to demodulate the whole signal, comparators are used to estimate the signs of 

the difference between input and output signals, which is basically a 1-bit ADC that 

digitizes the error signal. In this 1-bit resolution method, the error function is in terms 

of the sign signal of the difference between the input and the output signals. The sign 

of this error signal is then sent to the DPD to identify the coefficients. 

In this method, a direct learning approach is performed to estimate the DPD 

coefficients since it performs better than the indirect learning method in low-resolution 

systems [53]. The direct learning approach, as known, compares the output signal with 

the input signal directly in a closed-loop manner. A cost function is defined based on 

the mean-squared difference between the input and the output, and then an iterative 

approach is performed to minimize the cost function and extract the DPD coefficients. 

Despite the need for an additional DAC, for the I and Q signals, this method provides 

a creative way to use low cost and low power consumption systems with satisfactory 

performance in modeling the PA and estimating the DPD coefficients. Table 2.6 

summarizes the results of this method in which a model named decomposed vector 

relation (DVR) [54] was used with a partial number of 8 and memory depth equal to 3. 
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The results illustrate this technique’s ability in reducing the complexity of the system 

while having a good linearization of the PA.  

 

Table 2.6: Results of the 1-bit resolution method [52] 

PA Excitation DPD Performance 

Signal Bandwidth ACLR1 (dBC) NMSE 

1-carrier LTE 20 MHz -56 - 

12-carrier LTE 60 MHz -55 ~-40 
dB 

 

2.2.5.  Correction using tow-box model 

Efforts reported in the literature did not only focus on relaxing the bandwidth 

requirements using one-box models, but also on two-box models. A technique proposed 

by Hammi et. al [55] uses a two-box model for extending the correction bandwidth of 

the DPD system. The two-box model used in this method is the reverse twin-nonlinear 

two-box model introduced in section 2.1 where the two-box DPD consists of a dynamic 

nonlinearity function followed by a static nonlinearity function. The static nonlinearity 

block is used to cancel the memoryless distortion behavior of the PA, while the dynamic 

nonlinearity block is used to compensate for the dynamic (memory effects) distortion 

behavior of the cascade made of the static DPD and the PA.  

The flow chart describing the steps involved in this method is reported in Figure 

2.13. First, the static nonlinearity block is characterized from narrow-band offline 

measurements. Then, the dynamic nonlinear function will be used to linearize the 

cascade of the DUT and the static nonlinearity. For the dynamic nonlinearity model 

identification, the memoryless model is considered to be part of the DUT meaning that 

the input and output signals used to characterize the dynamic nonlinearity block are the 

input of the memoryless model and the output of the PA, respectively. The output of 

the PA should be up-sampled in order match the sampling rates between the signals 

used when extracting the DPD model. Delay estimation and alignment is required 

between those signals in order to derive the coefficients of the dynamic nonlinear 

predistortion block.  
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Figure 2.13: Flow chart of bandwidth extended algorithm using two-box DPD 
architecture 

 

The block diagram of this bandwidth extended two-box system is shown in 

Figure 2.14. Splitting the DPD model into two-boxes and identifying static nonlinearity 

from offline narrowband measurements sequentially reduces the observation bandwidth 

requirements of the system. This is because static (memoryless) distortions are highly 

nonlinear while memory effects are mildly nonlinear. Therefore, applying memoryless 

DPD to the DUT will reduce the spectral regrowth at the PA’s output. This decrease in 

output signal’s bandwidth results in a reduction of the bandwidth of the feedback path 

and thus the sampling rate of the feedback ADC is reduced accordingly. The 

experimental results of this method show its ability to reduce the sampling rate of the 

ADC by 30% without affecting the linearization performance [55]. 

 

Figure 2.14: Block diagram of the two-box DPD method 
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2.3. Conclusion 

In this chapter, a general overview of the most common behavioral models of 

power amplifiers was presented. The behavioral models were classified first based on 

their ability to correct for linear distortions as: memoryless behavioral models and 

behavioral models with memory. Behavioral models with memory were divided into 

three groups: single-box, two-box, and three-box models. It was discussed in this 

chapter that two-box oriented models achieve better linearization performance than 

single-box models while requiring a smaller number of coefficients and hence less 

computational complexity is associated with such models. This chapter also reviewed 

some of the methods presented in the literature that aim to lower the ADC’s sampling 

rate requirements in the feedback path of typical DPD systems. The amount of effort 

done in the literature to solve this problem shows how critical it is. The following 

chapters focus on our proposed method and contributions towards solving this issue. 
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Chapter 3. Memoryless DPD Characterization from Narrow-Band 
Measurements   

 

In chapter 2, previously proposed techniques to tackle the challenge of the high 

ADC sampling rates of the feedback path in a conventional DPD system have been 

discussed. Each method has its own advantages and disadvantages in solving the issue. 

In this chapter, a new technique is introduced to tackle the complexity challenges 

associated with conventional DPD systems. The simulation procedure of the proposed 

method is divided into two major parts based on the two main objectives of the work, 

which are reducing the observation bandwidth requirements in DPD systems and 

reducing the computational complexity associated with the time-alignment process. 

This chapter will introduce the proposed method and the pre-processing steps required. 

Also, a theoretical background, simulation procedure, and discussion of the results are 

included for the first part of the work, which is the memoryless DPD identification from 

narrow-band measurements. 

3.1. Proposed Method 

As discussed earlier, the methods previously reported achieve satisfactory 

performances in linearizing the PA with a reduced sampling rate of the feedback path 

that is much lower than the conventional bandwidth which is usually up-to five times 

the bandwidth of the input signal. However, some of them required an extra hardware; 

either an extra high-order filter [49], an extra DAC [52], or an additional mixer [45]. 

This extra hardware results in additional cost for the DPD system. Furthermore, some 

of the previous work in the literature [49][50] required complicated DSP algorithms to 

estimate the DPD parameters, or to estimate the high-rate signal from the low-rate one. 

However, in this work, a new approach is proposed. The main objective of this method 

is to solve the problem of the computational complexity requirements of typical DPD 

systems in terms of bandwidth and high sampling rates, while trying to have less 

complex algorithms and hardware than the methods previously reported in the 

literature. 

The approach that is going to be followed in this research uses under-sampling 

ADCs. In other words, the DUT’s output signal will be under-sampled by the ADC, 

and then the full-rate output signal will be reconstructed through up-sampling. The 

resampled signal will be used for the DPD’s model extraction. The DPD model adopted 
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here is the two-box model explained in theory in section 2.1 and used in practice as a 

method for relaxing the bandwidth requirement of the ADC in section 2.2. The two-

box model that is going to be used is the reverse twin-nonlinear two-box model which 

consists of a dynamic nonlinear function followed by a memoryless nonlinear function. 

The static nonlinearity block will compensate for the static distortions of the PA, while 

the dynamic nonlinearity block will compensate for the residual nonlinearity of the 

cascade made of the static DPD and the PA. Figure 3.1 presents the block diagram of 

the two-box DPD considered in this work. The key point of dividing the DPD function 

into two blocks is that static nonlinearities are highly nonlinear compared to the 

memory effects. Therefore, synthesizing the static DPD function first will substantially 

decrease the bandwidth at the output of the PA even if it has strong memory effects. As 

a result, the bandwidth of the feedback signal is decreased, and the sampling rate 

requirements of the feedback path ADC will be relaxed accordingly. 

 

Figure 3.1: Two-box DPD block diagram 

 

The general simulation process of the two-box model implemented in this work 

is described in Figure 3.2. First, the PA is characterized. Then, the output of the PA is 

under-sampled by the ADC using several sampling rates: 100Msps, 50Msps, 40Msps, 

30Msps and 25Msps. The under-sampled signals are re-constructed using a resampling 

algorithm in MATLAB in order to match the sampling rates of the input and output 

signals for DPD characterization. Then perfect time-alignment is performed between 

the input and each of the re-constructed output signals. This time-alignment process is 

required to characterize the static nonlinear DPD function because static nonlinear 

functions are very sensitive to time and power alignments. Time-alignment 

compensates for the propagation delay between the measured input and output signals. 

Power alignment refers to the de-embedding of the measured data from the 

measurement planes to the reference planes which are typically the input and the output 

of the PA. This basically compensates for the attenuation between the measurement 

plane and the PA output. After applying time and power alignments between the input 



58 
 

signal and the re-constructed output signals of the PA, the static DPD is characterized. 

As a result, five static DPDs will be built corresponding to the five sampling frequencies 

of the ADC.  

Then, the cascade of the static DPD + PA is characterized in order to build the 

dynamic nonlinear function. This means that the system that is considered for 

linearization in the dynamic nonlinear block is the cascade of the static DPD and the 

PA. Therefore, the dynamic nonlinear DPD will compensate for the residual 

nonlinearities remaining after applying the static DPD that already compensated for the 

PA’s nonlinear static distortions. In the two-box bandwidth extension proposed in [55], 

time-alignment is also mandatory between the input of the static DPD and the output 

of the PA in order to identify the dynamic DPD. Nevertheless, we demonstrate in this 

work that dynamic nonlinearity function is less sensitive to time alignment, and this 

complex step is not mandatory as long as residual delay is considerably small. 

Therefore, the dynamic nonlinear function is constructed using different sets of delay 

alignment conditions. The analysis of the DPD performance as a function of delay 

alignment resolution is discussed in the next chapter.  
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Figure 3.2: Flow chart of the proposed method 
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3.2. PA Characterization  

 PA characterization and data acquisition is performed using the experimental 

setup illustrated in Figure 3.3. A 20MHz LTE is generated by the vector signal 

generator (VSG) and used as the input signal, which requires an ADC sampling rate of 

100Msps in the conventional DPD methods. This modulated input signal was used to 

drive an inverse class-F PA operating at carrier frequency of 900MHz. Then, the RF 

output signal of the PA will be down-converted and digitalized by the vector signal 

analyzer (VSA). The VSA (model RS-FSQ-26 from Rohde and Schwarz) will under-

sample the output of the amplifier at the following sampling frequencies: 50Msps, 

40Msps, 30Msps, and 25Msps. The digital under-sampled output of the VSA will be 

used to perform re-sampling using digital signal processing (DSP) algorithms within 

MATLAB software. Also, the resampled signal will be used along with the input signal 

to derive the PA’s behavioral model and synthesize the DPD function using MATLAB 

as well. The next section provides a theoretical background about the re-sampling 

process.  

 
Figure 3.3: Experimental setup for PA characterization 

 

3.3. Resampling 

Resampling means changing the sampling rate either by an integer value or by 

a fraction. The two basic structures of resampling are the up-sampling and the down-

sampling. Up-sampling, also referred to as interpolation, is the process of increasing 
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the sampling rate by an integer value, while down-sampling, referred to as decimation, 

is used to decrease the sampling rate by an integer value. The cascade of both the up-

sampler and the down-sampler results in a change in the sampling rate of the input 

signal by a fraction. The fraction is basically the up-sampling rate divided by the down-

sampling rate.  

An up-sampler with an up-sampling factor L produces an output sequence 

which has a sampling rate that is L times higher than the input. This is implemented by 

inserting L-1 equidistant zero-valued samples between each two consecutive samples 

of the input sequence. As a result, the time scale is expanded by a factor of L. The 

inserted zeros will be interpolated using a FIR interpolation filter. The input-output 

relationship of the up-sampler is: 

( ),  0,  ,  2 ,...,                
[ ]

0           

nx n L L
y n L

otherwise

 = ± ±= 


 (3.1) 

while ( )x n  is the input waveform of the up-sampler and ( )y n is its output waveform. 

Because of the increase of the sampling frequency ( sf ) by a factor of L in the 

up-sampling process, the new sampling rate of the signal will be   sL f× . Consequently, 

new spectral replicas will be introduced in the frequency range from 0 Hz to the new 

Nyquist frequency, which is   
2

sL f× . There will be L-1 additional images of the input 

spectra in the baseband. Since only frequencies between 0 and 
2

sf  are unique, the images 

above that range should be removed by passing the up-sampled signal through a low-

pass filter having a cut-off frequency of 
2

sf  which corresponds to 
L
π  in radians, and the 

filter will have a gain of L [56]. The block diagram of the up-sampling process is 

illustrated in Figure 3.4, and the frequency domain illustration of the up-sampling 

process is shown in Figure 3.5. 

 

Figure 3.4: Block diagram of an up-sampler 



62 
 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 3.5: Frequency domain illustration of the up-sampling process. (a) The 
baseband input signal spectrum. (b) The up-sampled signal spectrum. (c) Interpolation 

filter transfer characteristic. (d) Interpolated output signal spectrum 

 

Conversely, down-sampling by M will reduce the sampling rate of the input 

signal by a value of M. This is implemented by keeping the first sample of every M 

samples of the sequence and removing the M-1 samples that are in between. The output 

generated by the down-sampler is described as follows: 

( ) ( )y n x nM=  (3.2) 
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while ( )x n  is the input waveform of the down-sampler and ( )y n is its output waveform. 

The process of decreasing the sampling rate by a factor on M will cause aliasing 

in the frequency domain, in which higher frequencies will fall into the Nyquist band 

causing an overlap with the frequency components of the signal. Frequency 

components that are larger than the new Nyquist frequency (  
2

sf
M

) will distort the lower 

frequencies (as illustrated in Figure 3.6). To overcome this problem, it is required that 

the input signal be processed by a low-pass filter (anti-aliasing filter) before down-

sampling [57]. The anti-aliasing filter should have a cutoff frequency of  
2

sf
M

 Hz, which 

corresponds to 
M
π  radians to grantee that the maximum frequency after filtering satisfies 

the Nyquist theorem max
 

2
sff

M
< , as shown in the block diagram of the down-sampler 

in Figure 3.7. As a result, no aliasing will be introduced due to the down-sampling.  

 

(a) 

 

(b) 

Figure 3.6: Frequency domain illustration aliasing caused by down-sampling. (a) The 
baseband input signal spectrum. (b) The down-sampled signal spectrum (aliased). 

 

 

Figure 3.7: Block diagram of a down-sampler 
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To implement a fractional change in the sampling rate by a factor of L/M, a 

cascade of an up-sampler and a down-sampler should be used. Since up-sampling 

interpolates new samples while down-sampling decimates samples of the input 

sequence, sampling rate conversation is achieved by first performing up-sampling 

followed by down-sampling, as illustrated in Figure 3.8. Therefore, the interpolation 

and anti-aliasing filters are cascaded and operate at the same sampling rate. As a result, 

they can be replaced by a single filter designed to avoid anti-aliasing caused by the 

down-sampler and to eliminate images introduced by the up-sampler. Having two low-

pass filters in cascade is equivalent to one low-pass filter with the minimum cut-off 

frequency of both. Accordingly, the angular cutoff frequency ( cw ) of sampling rate 

converter filter would be as follows: 

min ,
max( , )cw

M L M L
π π π = = 

 
 (3.3) 

 

 

Figure 3.8: Block diagram of the cascade of an interpolator and decimator 

 

3.3.1.  Interpolation and anti-aliasing filter design 

The best filter that could be used for interpolation and/or decimation is the ideal 

filter. Ideal LPFs have flat response in the passband with sharp transitions from 

passband to stopband. The impulse response of the ideal response, ( )h n , of the low-

pass filter is described as follows: 

sin( )( ) cw nh n
nπ

=  (3.4) 

where cw  is the angular cutoff frequency.  

However, this filter is not implementable since it is infinite and non-causal. To 

make it more practical, windows of finite lengths are applied to the impulse response 

of the filter. There are many types of window-based filters that are used in many 

applications. The most commonly used window is the Kaiser window.  
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Kaiser window has an adjustable side lobe height. It has a unique performance 

in minimizing the side lobe energy with a simple implementation [58]. When designing 

the Kaiser window, two parameters can be adjusted so that the design of the FIR filter 

meets the required specifications. The first parameter is β  which controls the height of 

the side lobe in dB. The parameter β  determines the shape of the window by 

controlling the trade-off between main lobe width and side lobe amplitudes. As β  

increases, the main lobe transition width increases, while the height of the strongest 

side lobe decreases. To achieve a side lobe height of -𝛼𝛼 dB, 𝛽𝛽 is calculated as follows: 

0.4

0.1102( 8.7),  50,
0.5842( 21) 0.07886( 21),  21 <  < 50,
0,   < 21

α α
β α α α

α

− >
= − + −



 (3.5) 

The other parameter of the Kaiser window is the length of the filter (filter order), 

N, which is estimated according to the following formula: 

8
2.285( )

N
w

α −
=

∆
 (3.6) 

where ∆𝑤𝑤 is normalized transition bandwidth. 

Kaiser window is the one that will be implemented in our work for the design 

of the FIR linear phase filter for the resampling function. The results obtained after 

using this filter will be discussed in the next section.  

3.4. Resampling Algorithm Description 

The re-sampling algorithm is performed using the ‘resample’ function in 

MATLAB, which takes the under-sampled signal, the re-sampling ratio, and the Kaiser 

window parameters as inputs, and outputs the resampled signal along with the 

frequency response of the filter. The flow chart of the resample function is presented in 

Figure 3.9. First, if the values of N and/or β  are not specified, they are assigned the 

default values of 10 and 5, respectively. Then, the cutoff frequency ( cf ) and the order 

( )K  of the filter are calculated as follows: 

1
max( , )cf L M

=  (3.7) 

2 max( , )K N L M= ×  (3.8) 
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The frequency response of the LPF is then formulated using the Kaiser window 

with the parameters K  and β . Resampling is later applied to the input signal using the 

desired resampling ratio and the LPF defined earlier. Finally, extra zeros that are 

introduced at the edges of the waveform during the process of decimation and 

interpolation will be removed in order to align the output signal with the input signal. 

 
Figure 3.9: Flow chart of the resample function 

 

3.5. Performance Evaluation of the Resampling Method 

To validate the accuracy of the resampling algorithm, a simulation test was 

performed to evaluate the effectiveness of the resample function in restoring high-rate 

output signal from the under-sampled signal. The objective is to study the effects of 

changing the values of N and β  on the accuracy of the original output signal restoration. 

For the resampled signals from 50Msps, 40Msps, 30Msps, and 25Msps, the resample 

function was performed by varying the values of N and β  from 2 to 20 with steps of 2. 

Time and phase alignments were employed for each resampled signal and then the 

NMSE was calculated between it and the original high-rate output signal acquired at 



67 
 

100 Msps. To study the effect of changing β , the value of N was fixed while β  is 

varied. The plots of the NMSE vs. β  for each value of N are shown in Figure 3.10. The 

plots are shown for the 50Msps and 30Msps only since the results for 40Msps and 

25Msps have a very similar behavior. Similarly, β  was fixed and N was varied, and 

the plots generated from NMSE vs. N are shown in Figure 3.11. 

As seen in Figures 3.10, for a very low filter order (N=2) the performance of the 

filter gets worse as β  increases. This can be explained by the fact that the filter 

transition starts much earlier in order to maintain the desired trade-off between the main 

lobe and the side lobe height set byβ . However, when N is higher, the filter length is 

higher, which means that the filter transition is slower marking a better performance of 

the filter for comparable values of β . The same effect of early transitions starts to 

appear when the values of β  are chosen to be much higher than N. Moreover, Figure 

3.11 shows that the NMSE values remain almost unchanged when N is higher than 4 

for the 50Msps signal, and when N is higher than 6 for the 30Msps signal. Indeed, the 

optimum values of N and β  need to be chosen based on the minimum NMSE value in 

dB. Table 3.1 summarizes and compares the NMSE results and filter requirements 

between for all resampled signals used in this work.  

(a) (b) 

Figure 3.10: Plots of NMSE vs. β  for (a) 50Msps and (b) 30Msps 
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(a) (b) 

Figure 3.11: Plots of NMSE vs. N for (a) 50Msps and (b) 30Msps 

 

Table 3.1: Performance assessment of the signal re-sampling step  

  

It is clearly shown that the NMSE values are very close to each other, and the 

values slightly degrade as the sampling frequency decreases. This makes sense because 

the lower the sampling frequency, the harder it is to reconstruct the full-rate signal. 

From the values above, we can conclude that the full-rate signal can be effectively 

obtained from a signal that is under-sampled by an integer factor (e.g. 50Msps) and a 

lower rate signal by a rational factor (e.g. 30Msps). Nevertheless, it requires a higher 

order filter which results in a higher computational complexity to obtain the full-rate 

output signal from the sampling frequencies that are a rational factor of the full-rate 

 50Msps 40Msps 30Msps 25Msps 
NMSE -31.2 dB -29.8 dB -29.6 dB -28.5 dB 

Up-
sampling 
ratio (L) 

2 5 10 4 

Down-
sampling 
ratio (M) 

1 2 3 1 

N 10 14 18 10 
β  4 8 6 4 

Filter 
Order (K) 40 140 360 80 

Filter Cut-
off 

frequency 
0.5π rad/sec 0.2π rad/sec 0.1π  rad/sec 0.25π rad/sec 

MPU 2000 (per 
second) 

2800 (per 
second) 

3600 (per 
second) 

2000 (per 
second) 
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signal (e.g. 40Msps and 30Msps) than those that are under-sampled by an integer factor 

(e.g. 50Msps and 25Msps). This can be justified because those signals that are under-

sampled by an integer factor need only a single up-sampler to reach the full-rate signal, 

while the other signals require two blocks to perform this operation; up-sampler 

followed by a down-sampler. For instance, in order to resample the 40Msps signal to 

100Msps, an up-sampler is applied first with a ratio (L) of 5 followed by a down-

sampler of factor 2. 

Indeed, it is very important to measure the computational cost of any system 

because it tells whether it is cost efficient or not. Multiplications per unit time (MPU) 

are calculated to evaluate the computational complexity of the re-sampling system 

proposed according to the following formula [59]:  

  sK FMPU
M
×

=  (3.9) 

where sF  refers to the sampling frequency of the input signal, K  is the order of the 

filter, and M is the under-sampling ratio. The time unit is seconds because the sampling 

rate is taken into account in the computations. The MPU is calculated for the re-

sampling of the 50Msps, 40Msps, 30Msps, and 25Msps signals, and the results are 

shown in Table 3.1.  The MPU results show that resampling the 50Msps and 25Msps 

require the same computational complexity, which is less than that of the 40Msps and 

30 Msps. 

Figure 3.12 depicts the full-rate 100Msps output signal spectra of the original 

and the under-sampled signals. These signals were resampled with the selected values 

of N and β  mentioned in Table 3.1. The plots show that the lower the sampling 

frequency, the further the frequency spectrum gets from that of the original output, 

especially in the out-of-band region. Hence resulting in worse NMSE values for lower 

sampling frequencies as reported in Table 3.1. Additionally, the filter’s impulse 

responses for each re-sample is plotted are Figure 3.13. It is shown in this figure that 

the filter’s response for the 40Msps and 30Msps have sharper cut-off transitions and 

lower side lobes heights because of the high values chosen for β  and N compared to 

those for the 50Msps and 25Msps filters. As discussed earlier, re-sampling by a fraction 

requires a higher order FIR filter compared to re-sampling by an integer. 
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Figure 3.12: Plot of the full-rate output measured and reconstructed from the 
resampled signals 

 

 
(a) 

 
(b) 
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(c) 

 
(d) 

Figure 3.13: Frequency response of the re-samples at (a) 50Msps, (b) 40Msps, (c) 
30Msps, and (d) 25Msps 

 

3.6. Memoryless DPD Function from Narrow Band Measurements  

The next step, after re-construction the up-sampled signals, is to extract the DPD 

function required to compensate for the nonlinearities of the PA. In the proposed 

method, the static distortions are characterized from under-sampled online 

measurements unlike the method in [55] where the static DPD is characterized from 

offline narrow-band measurements. This is because the re-constructed signals from 

under-sampling the ADC are going to be used for the static model identification in the 

proposed method.  
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In order to simulate the proposed method, it is essential to identify an accurate 

model of the PA. This is done by considering the input and output signals at the full-

rate (100Msps). The model that is used here is the memory polynomial (MP) explained 

in section 2.1. It is not always easy to choose the best values for nonlinearity order (K) 

and the memory depth (M) for the MP model. The criterion for choosing those values 

is the NMSE value they produce between the ideal and the estimated output signals. 

The nonlinearity order and the memory depth (also called number of branches) values 

were varied until an appropriate NMSE value was achieved. Figure 3.14 depicts the 3D 

plot generated for the NMSE with respect to the order and number of branches, where 

it is shown that the values selected are 7 and 4, respectively. These values correspond 

to an NMSE value of -38.99 dB. 

 

Figure 3.14: 3D plot for the NMSE to select the appropriate values for K and N 

 

 Now that the PA model is identified, the next step is to derive the static DPD 

function. Before doing that, it is always a good idea to look at the characteristics of the 

nonlinear distortions of the PA in order to have an idea about how severe are the 

nonlinearities of the PA, and to compare the plots later when the linearization process 

is complete. For that, the AM/AM, AM/PM, and  vs. out inP P  plots are generated in 

Figure 3.15 between the input and the output of the PA. The dispersion of these plots 

indicate that nonlinearities exist in the PA and must be compensated for. 
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Figure 3.15: AM/AM, AM/PM, and Pin vs Pout of the PA 

 

 The static nonlinear block is the first block to be identified from the two-box 

model. This will be done using the five signals generated earlier from the output of the 

PA; the full-rate at 100Msps and the up-sampled versions from the 50Msps, 40Msps, 

30Msps, and 25Msps frequencies. In other words, five static DPD functions will be 

identified, each one is obtained using the input and the output acquired at each of the 

five sampling frequencies. The static DPD model used is the look-up table (LUT) 

illustrated in section 2.1.1. Time alignment estimation needs to be carried to ensure that 

the signals are perfectly aligned with each other. 

 

Figure 3.16: Output spectra of the LUTs based DPD 
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 After generating the five LUTs, the cascade made of the LUTs and the PA is 

characterized, and the performance of the LUT-based DPDs is evaluated. A 20MHz 

LTE-A input signal was applied to the LUTs, and the output spectrum of each LUT is 

plotted in Figure 3.16. This figure shows that the spectra at the output of the LUTs look 

quite identical to each other and hence performances of the LUTs are quite similar. It 

is important to note that, as mentioned in [55], power alignment is only necessary in 

the first block of the DPD, in this case where only the static DPD is identified, the 

maximum power of the input signal is adjusted to be slightly less than the maximum 

input power of the LUT. In this case the maximum power of the input signal (having a 

PAPR of 7.9 dB) is adjusted to be 17.85 dBm. The NMSE values are calculated between 

the output of the LUT derived from the 100Msps output, which is set as a benchmark, 

and the outputs derived from the up-sampled signals. The NMSE values are reported in 

Table 3.2.  These values show that for higher sampling frequencies the output is closer 

to the full-rate LUT output. This result makes sense because the up-sampled signals 

acquired at higher sampling frequencies are closer to the full-rate output as previously 

demonstrated by the NMSE values in Table 3.1. 

The outputs of the LUTs are then applied to the PA model derived earlier. The 

output spectra are compared to each other in Figure 3.17, which shows that for higher 

sampling frequencies, the LUTs lead to better linearization performance. This can be 

explained from the fact that lower sampling frequency outputs are more inaccurate in 

reproducing the 100MHz output signal. Thus, their DPDs’ performances are expected 

to further degrade from the full-rate DPD. Nevertheless, the spectra of Figure 3.17 show 

that there is a large improvement in terms of nonlinearity cancelations compared to the 

PA output spectra without DPD as reported in Figure 3.16 shown earlier. Table 3.3 

summarizes the NMSE values at the output of the cascade (LUT+PA) between the PA 

output signals resulting from using LUT-based DPDs synthesized from the up-sampled 

versions of the output and the LUT DPD generated from the full-rate output (the 

reference signal). The NMSE values reported in Table 3.3 are similar of that in Table 

3.2. The next section will further evaluate the LUT DPDs performances. 
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Table 3.2: NMSE values between the LUT output signals 

LUT output sampling frequency NMSE (dB) 

25Msps -33.4 

30Msps -33.4 

40Msps -34.1 

50Msps -35.7 

 

 

Figure 3.17: Output spectra of the cascade (LUT+PA) 

 

Table 3.3: NMSE values of the outputs of the cascade (LUT+PA) 

Cascade (LUT+PA) outputs NMSE (dB) 

25Msps -33.0 dB 

30Msps -33.2 dB 

40Msps -34.1 dB 

50Msps -35.6 dB 

 

3.7. Memoryless DPD Performance 

To assess the performance of the LUT in terms of PA static nonlinearity 

cancellation, the spectra at the output of the PA is plotted with and without the LUT 

DPD. The spectra depicted in Figure 3.18 clearly confirm that the use of the 
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memoryless DPD function significantly reduces the spectrum regrowth at the output of 

the PA. This results in a reduction of the observation bandwidth needed for the dynamic 

DPD system supporting the claims of the previous section. 

 

Figure 3.18: Comparison between the PA output spectra with and without DPD 

 

The LUTs’ DPD performance were further evaluated by deriving the AM/AM, 

AM/PM, and Pin vs Pout characteristics of the cascade (LUT DPD + PA). The 

characteristics plotted in Figure 3.19, between the input of each of the five LUT DPDs 

and the output of the PA, undoubtedly show the improvements in nonlinearity 

compensation compared to their version without the DPD in Figure 3.15. The 

characteristics still have some dispersion due to existence of the memory effects in the 

system which were not compensated. The results of the output spectra of the system 

and the distortion characteristics curves prove that the cascade made of the LUT based 

DPD and the PA is a mildly nonlinear dynamic system. As a result, the bandwidth at 

the output of the amplifier is reduced. The main objective of the dynamic nonlinearity 
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block is to compensate for the remaining memory distortions, as will be explained in 

the next chapter. 

 

(a) 

 

(b) 
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(c) 

 

(d) 
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(e) 
Figure 3.19: Measured characteristics of the cascade (LUT+PA). (a) LUT at 25Msps, 

(b) LUT at 30Msps, (c) LUT at 40Msps, (d) LUT at 50Msps, (e) LUT at 100Msps 
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Chapter 4. Memory DPD Synthesis Using Low Complexity Delay Alignment 
 

In the previous chapter, the proposed method was introduced and the 

memoryless DPD was implemented. This chapter will explain the remaining steps for 

the proposed technique and will focus on the second objective of it: to reduce the 

complexity associated with the time-alignment procedure required for dynamic 

nonlinearity identification. First, a comparative analysis of single-box and two-box 

models’ sensitivity to delay misalignment is carried out. Then, the dynamic nonlinearity 

block of the two-box model is built. Finally, the overall performance of the proposed 

two-box model is evaluated, and the simulation results are present at the end of this 

chapter. 

4.1. Effect of Delay Alignments on Single-Box and Two-Box Models 
Accuracy  

Time delay estimation and alignment is an essential process in all conventional 

DPDs to compensate for the signal propagation time between the input and the output 

waveforms. However, this process involves significant computational complexity 

because it requires computations of the cross-correlation between the input and output 

waveforms. This procedure is referred to as coarse time-delay estimation and 

alignment. The fine time-delay estimation and alignment refers to finding the delay by 

computing the cross-correlations of up-sampled versions of the input and output 

waveforms. Then, the signals are down-sampled back to their original rate before 

deriving the DUT’s behavioral model. The process of fine delay alignment has higher 

resolution than the coarse delay alignment resulting in a more accurate and precise 

estimation, and is more regularly used in power amplifier linearization techniques [60]. 

Nevertheless, up-sampling and down-sampling by a large factor adds up more 

computational complexity to the overall process of time-alignment. 

The AM/AM characteristics shown in Figure 4.1. are plotted when no delay 

compensation is performed. Compared to the one derived when delay alignment is 

performed for LUT identification (previously reported in Figure 3.15), it is clearly 

shown that delay mis-alignment results in dispersions in the AM/AM plot. This is 

because if the propagation delay between the input and output is D , then the output 

waveform at n will depend on the input at n D− . As a result, the delay between the 
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input and the output waveforms appears as “memory distortions” in the AM/AM 

characteristics. The same is also observed for AM/PM characteristics. 

 

Figure 4.1: AM/AM with delay mis-alignment 

 

 

Figure 4.2: NMSE of single-box MP model under accurate delay estimation 

 

A delay sensitivity study was carried out using the same experimental setup 

described in the previous chapter. During the test, the input and output baseband 

waveforms were both sampled at 92.16-Msps which corresponds to 10.85 sT ns= . In 
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this test, the up-sampling ratio for high-resolution fine-alignment was 25k =  which 

led to a delay resolution of 0.434 
s

k ns
T

= . The estimated delay between the waveforms 

was 64.69 optD ns= . Following this step, two models were identified: one-box 

memory polynomial model and reverse twin-nonlinear two-box model which is the 

same one used in our proposed method. These models were derived from the time-

aligned complex baseband input and output waveforms. For the memory polynomial 

model, the nonlinearity order K  was varied from 3 to 12, and the memory 

depth M  from 2 to 8. The NMSE was calculated, and the results reported in Figure 4.2 

show that the suitable size of the MP model which results in reasonable trade-off 

between complexity and accuracy is K = 9 and M = 3.  

For the twin-nonlinear two-box model, the size of the memory polynomial 

function was varied between 3 to 7 for the nonlinearity order K, and 2 to 8 for the 

memory depth M. The range of variation of the nonlinearity order in the case of the 

two-box models is narrower than that of the single-box MP model since it is anticipated 

that the nonlinearity order of the dynamic nonlinear function in a two-box model is 

much less than that of the single-box model [61]. The NMSE of the two-box model is 

reported in Figure 4.3. According to this figure, for the TNTB model, the parameters 

of the dynamic nonlinear function that lead to a trade-off between complexity and 

accuracy are K = 4 and M = 3.  

 

Figure 4.3: NMSE of the two-box model under accurate delay estimation 
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In order to assess whether a coarse delay alignment approach can be used along 

with the two-box model, a delay mismatch was intentionally added between the input 

and output waveforms used to identify the model coefficients. More specifically, the 

input and output waveforms were time aligned using a time delay D which was varied 

between 𝐷𝐷𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑇𝑇𝑠𝑠 and 𝐷𝐷𝑜𝑜𝑜𝑜𝑜𝑜 + 𝑇𝑇𝑠𝑠. The performance of both models was evaluated as 

a function of the normalized residual delay (NRD) defined as: 

opt

s

D D
NRD

T
−

=   (4.1) 

As a result, the range of variations of the delay D  was chosen such that the 

residual delay varies between sT+  and sT− .  The normalized residual delay was varied 

from -1 to +1 in steps of 0.2. For each value of the normalized residual delay, the 

corresponding input and output waveforms were used to identify both considered 

models. The nonlinearity order was set to the value determined previously while the 

memory depth was swept from 2 to 8. For each model, the NMSE was calculated as a 

function of the normalized residual delay and the memory depth. The results are 

reported in Figure 4.4 for the single-box memory polynomial model, and Figure 4.5 for 

the two-box model. From Figure 4.4, one can conclude that as expected from [60], the 

performance of the MP model is not affected for negative values of the NRD (under-

estimated delay) but degrades significantly as the NRD becomes positive (over-

estimated delay). Hence, the MP model performance is not sensitive to delay under-

estimation but to over-estimation. Conversely, as illustrated by Figure 4.5, the 

performance of the two-box model is very sensitive to delay mismatch and degrades 

whether the delay is under-estimated ( 0)NRD <  or over-estimated ( 0)NRD > . 

Accordingly, single-box MP model can be derived while using low-complexity coarse-

delay alignment algorithms, while two-box models require computationally extensive 

accurate delay estimation with sub-sample resolution. 

The robustness of MP models to delay mis-alignment is very useful for building 

low-cost DPD systems using coarse delay alignment algorithms. This important result 

will be constructively used to build the memory distortions block in the proposed 
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method with lower computational cost than the conventional DPD systems while 

having the same linearization performance. 

 

Figure 4.4: NMSE for single box model as a function of the NRD 

 

 

Figure 4.5: NMSE for two-box model as a function of the NRD 

 

4.2. Dynamic Nonlinearity Block Identification 

In this step, the objective is to build the dynamic distortions block in the two-

box DPD. As mentioned earlier, the dynamic distortions block will be used to linearize 

the cascade made of the LUT DPD and the PA. Figure 4.6 further explains the 

procedure of building the dynamic nonlinearity block. As shown in this figure, the static 
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nonlinearity block is considered to be part of the DUT being linearized by the dynamic 

nonlinear block. In other words, the waveforms that will be used to build the 

nonlinearity block are the input of the LUT and the output of the PA. 

 

 

Figure 4.6: Simplified block diagram for MP block identification in a two-box model 

 

Several sets of the input and output waveforms were considered in the DPD 

identification process, each set was derived with a certain delay mismatch between the 

waveforms. The normalized residual delay was varied from -1 to +1 in steps of 0.1. For 

each value of the NRD, the corresponding input and output waveforms were used to 

build the MP model. In order to choose appropriate values for the nonlinearity order 

(K) and the memory depth (M ), the NMSE value is plotted with respect to K and M and 

the result is shown in Figure 4.7. The values chosen for K and M are 7 and 5, 

respectively. The selected values correspond to an NMSE value of -55.53 dB. 

 

Figure 4.7: NMSE vs number of branches and nonlinearity order for the MP model 
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The complete block diagram of the two-box model is depicted in Figure 4.8, in 

which the dynamic nonlinearity block is placed before the cascade of static nonlinearity 

block and the PA. There are five static nonlinearities blocks identified from narrow-

band measurements in the previous section. In addition, a dynamic nonlinear block is 

built for each value of NRD and LUT frequency. Therefore, a total of 105 MP models 

were built and compared in order to have a complete analysis of the performance of the 

two-box when the LUT DPDs are built from several resampled signals, and the MP 

DPDs are built in presence of various delay mis-alignments.  

 

Figure 4.8: Block diagram of the two-box model proposed 

 

A 20-MHz LTE-A input signal is applied to the model. Its maximum power is 

adjusted to be 17.5 dBm (PAPR = 7.9 dB) which is slightly less than the maximum 

power of the MP model generated. The measured spectra at the output of the PA for 

each LUT and different NRD measurements are presented in Figure 4.9. The spectra 

plots demonstrate the effectiveness of the proposed method in linearizing the power 

amplifier, even with under-sampled narrow-band measurements LUTs, and MP 

functions generated from delay mis-aligned signals. It is clearly shown that the output 

spectrum when delay is under-estimated correctly mimicked the expected spectrum 

when perfect delay alignment is performed. However, linearizing performance starts to 

degrade as the delay increases, especially for positive values higher than 0.5 samples. 

Thus, the linearization performance is not affected by negative delays (under-

estimated) but degrades significantly as the delay becomes highly positive (over-

estimated). This confirms the claim made from the analysis carried out earlier in section 

4.1.  
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 (a) 

 
(b) 
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(c) 
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(e) 

Figure 4.9: PA output spectra measured for different sampling frequencies and NRD 
for (a) 100Msps, (b) 50Msps, (c) 40Msps, (d) 3Msps, and (e) 25Msps 

 

In addition, Figure 4.10 depicts the output spectra for the maximum under-

estimation value used (NRD=-1) to confirm that the performance of the linearizer was 

not affected by using under-sampled LUT DPDs since all the five sampling frequency 

outputs below exhibit the same performance.  

 

Figure 4.10: Output spectra when NRD=-1 
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4.3. Memory DPD Performance 

Furthermore, the measured characteristics of overall system are reported in 

Figure 4.11. The AM/AM, AM/PM, and  vs. out inP P  plots are generated using the input 

signal of the MP and the final output signal of the PA, which are less dispersed and 

much more linear compared to their versions from the mildly nonlinear system made 

of the cascade (LUT+PA) in Figure 3.19.  

 

Figure 4.11: Measured characteristics of the two-box model 

 

4.4. Conclusion 

The proposed system was simulated using two major steps: the first one is to 

synthesize the LUT-based DPDs from up-sampled versions of the output. The second 

step is to use the cascade made of the LUT DPD and the PA to characterize the MP 

block. The results show the capability of the proposed method in linearizing the PA 

using the re-constructed signals from under-sampling ADCs with various sampling 

frequencies. Not only that, the system was able to correct for the PA distortions even 

when the MP is identified from different sets of delay-alignment conditions. 
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Chapter 5. Conclusion and Future Work 
 

The work presented in this thesis establishes a new approach that is able to 

predict and linearize PAs nonlinearities using low-complexity technique. The main 

goals of this thesis were to reduce the hardware and software requirements in 

conventional DPD architectures. The new approach develops a DPD scheme that 

waives the hardware and software burdens of those DPD systems. The hardware burden 

is associated with having a high-cost ADCs in the feedback path of the DPD system to 

be able to capture the high-rate output signals. In addition, the software burden 

emanates from using very complex perfect time-alignment algorithms between the 

inputs and the output of the PA in order to perfectly identify the DPD coefficients. The 

procedure and the analysis of the presented work was divided into two main steps based 

on each objective. 

 First, the ADC is under-sampled, and a resampling algorithm implemented in 

MATLAB was applied to up-sample the signal to match the bandwidth of the original 

PA output signal. For each up-sampler, the FIR filter was implemented with various 

parameters depending on the sampling rate of its input signal. Those parameters are 

mainly the length of the filter (N) and the ratio of the main-lope and side-lope heights  

( β ). The selection of those parameters was based on the analysis made by iterating N 

and β  with various values and calculating the NMSE between the up-sampled signal 

and the desired output signal for each iteration. Therefore, for each ADC sampling rate 

there was a different combination of N and β  due to the different complexity 

requirements of each up-sampler. The study was done with four under-sampled signals; 

50Msps, 40Msps, 30Msps, and 25Msps. Indeed, the NMSE values were in the range of 

-30dB for all signals. The NMSE decrease in absolute value as the sampling rate was 

reduced. The filter requirements and the computational complexity were lower for the 

50Msps and the 25Msps signals than the 40Msps and the 30Msps signals. This is 

because the 50Msps and 25Msps signals require only one-step re-sample while the 

other signals require a two-step re-sample (up-sampler follower by down-sampler). 

Then, the resampled signals were used to derive the DPD function which was a two-

box model made from the cascade of dynamic nonlinear followed by a static nonlinear 
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block. Those resampled signals were then used here to derive the static nonlinear which 

was implemented as a LUT.  

The next step was to derive the dynamic nonlinear DPD function which was a 

memory polynomial. The MP was derived from the input of each LUT and the 

corresponding PA output. This means that the memory polynomial model was derived 

for the cascade made of the LUT and the PA. This work showed that the single-box 

memory polynomial model is robust to delay under-estimation. Therefore, it was 

possible to use a coarse delay alignment during the identification of single-box memory 

polynomial models. In this work, a delay mis-alignment was intentionally added 

between the input and output waveforms used to identify the model coefficients. More 

specifically, the delay was varied from -1 to +1 samples in steps of 0.1. For each value, 

the corresponding input and output waveforms were used to identify the memory 

polynomial model. The spectra of the output and AM/AM characterization plots 

confirmed the ability of the proposed method in linearizing the PA while reducing the 

complexity of the typical DPD systems in terms of hardware (low-speed ADC) and 

software (low computational complexity) requirements. However, the output spectra 

show the memory polynomial is affected by delay over-estimation but stays unaffected 

when delay under-estimation is introduced. Therefore, high-resolution fine delay 

alignment is not always needed when memory polynomial models are considered. This 

lowers the computational requirements of the devices since less complicated algorithms 

can be used. Overall, the system shows excellent performance in cancelling the PA’s 

distortions using under-sampled ADCs and MP models derived from mis-aligned 

signals. 

The work presented in this thesis provides potential directions for future 

research. First of all, the proposed method needs to be extended and experimented in 

the laboratory environment and in real-life systems. Additionally, memory distortions 

are very minor in low bandwidth signals. Therefore, the proposed method needs to be 

evaluated using different input signals with wider bandwidths.  

The re-sampling method used in this work is a computationally affordable linear 

technique because the interpolation filter is a linear filter that fills zero-valued elements 

when up-sampling and linearly connects the non-zero ones. In a highly nonlinear 

function, the behavior of the signal is unexpected; it does not necessarily follow a linear 
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manner between the samples. Consequently, using nonlinear methods for decimation 

and interpolation can also be an interesting direction for future work. 
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