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High data rates and tight spectral limitations in wireless communication 

systems require high fidelity waveform transmission with minimal distortion. The 

waveforms currently being used, or envisioned for the future, coupled with the need 

for higher efficiency radio frequency (RF) power amplifiers (PA), are driving 

transmitters to include predistortion and to adopt advanced architectures. PA 

behavioral models are required for system simulations of these advanced architectures 

and digital predistortion (DPD) algorithms, to quickly evaluate the component impact 

on system performance. One advanced technology of particular interest in this work is 

envelope tracking (ET) where the supply voltage is modulated at the envelope rate, 

keeping the RF signal operating rail to rail, which changes the performance of the 

RFPA.  
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This dissertation focuses on accurate estimation of nonlinear behavioral 

models for PAs: both memoryless and with memory effects. Memory effects are the 

byproduct of physics-based or circuit-based changes within the amplifier with 

responses on a baseband time scale (rather than at the carrier frequency). When these 

memory effects become pronounced, they create a shift in the memoryless model. In 

order to accurately predict system performance, especially when the system includes a 

DPD block, it is critical to generate behavioral models for RFPAs which capture the 

shifts in the memoryless model. 

The thesis presents a new model, termed the Blackbox augmented behavioral 

characteristics (ABC) model, which includes the response of the internal states of the 

circuit. Its extraction is demonstrated from measured data using pulsed or modulated 

waveforms. The generation of modulated waveforms for instrumentation systems has 

length restrictions and input sequences are used repetitively, so they should be 

circular. Techniques that synthesize circular waveforms suitable for measurement 

systems, directly from long modulated waveforms are presented. An “expected gain” 

model is developed in this work, and a methodology for extracting waveform specific, 

expected gain models efficiently from measurements of modulated signals (such as 

WCDMA) is presented. These expected gain models are then applied to DPD. A 

technique that leverages the circular stationary measurements, memory mitigation, is 

presented. The DPD algorithm identifies and compensates systematic distortions in the 

waveform, generating input signals that achieve optimal outputs, compensating for all 

deterministic memory of the system and quantifying the measurement limits of the 
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system. A number of systematic measurement impairments are encountered in these 

experiments. Techniques that compensate for these impairments, including phase drift 

and time alignment are presented. 

The thesis also describes behavioral modeling include demonstrating DPD 

using new techniques that stem from truncating and thresholding the Volterra series. 

When compared with two other published truncated Volterra series forms on standard 

Class AB PAs, all three memory models perform equally well. When applied to 

modeling envelope tracking power amplifiers (ETPAs), however, the new thresholded 

Volterra series model is more efficient, using less than a third of the coefficients to 

describe the ETPA nonlinear memory effects. In this work, techniques are applied 

experimentally to RFPAs, from handset PAs to base station PAs, built with a wide 

variety of materials: HBTs on GaAs, LDMOS devices on Si, and HFET devices on 

GaN, and GaN HFET devices on Si. 
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CHAPTER 1 
Introduction 

High efficiency radio frequency (RF) power amplifiers (PAs) are critical 

components in wireless transmitters [1]. Primary transmitter design objectives, 

whether in base stations or handsets, are to achieve a sufficiently linear output while 

maximizing efficiency and minimizing power dissipation. During the transmitter 

design phases, digital and analog block performance is evaluated [2]. For example, the 

detailed structure of digital predistortion (DPD) blocks are evaluated – trading off 

inputs, outputs, complexity and robustness [3]. The PA is evaluated and modeled – the 

resulting model must have sufficient accuracy to accurately predict the performance 

for in-band and out-of-band distortion over power and modulated signals presented to 

the PA [4].  Having accurate behavioral models for the PA increases the robustness of 

DPD block performance and reduces the risk of missing specification objectives. 

Often discrete time system simulations are used to evaluate the impact of 

component behavior on system performance. In discrete time system simulations, 

power amplifiers are modeled with behavioral models to reduce the simulation 

complexity and reduce simulation time, yet they still must capture the performance 

impairments, distortions and nonlinearities that are caused by physics based, thermal 

and circuit level effects. 
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The presence of memory effects complicates this modeling procedure. Memory 

effects arise from multiple sources, including bias circuit effects[5], self-heating[6], 

trap effects[7], and non-flat filter and matching network response characteristics.  

Various approaches have been suggested to characterize the memory effects in power 

amplifiers, most often based on combinations of sinusoidal inputs – two tone[8] or 

multi-tone[9-12].  In previous work, Silva used on-off modulation to achieve an 

approximation to an impulse response of a TWTA [13]. 

1.1 System Performance 

There are a number of common features to all wireless communications 

standards (CDMA[14], W-CDMA[15], LTE[16], WiMAX[16, 17]): there are 

performance requirements (in-band signal fidelity and out-of-band spectral emissions) 

and waveforms features such as modulation bandwidth, peak-to-average power ratio 

(PAPR) and complementary cumulative distribution function (CCDF). The in-band 

requirements are established to ensure a specified data throughput and the spectral 

emissions are generally related to “friendly neighbor” characteristics, since often 

adjacent channels are owned by some other service provider. Since these systems are 

interference limited, spectral contamination has results in a lost network capacity. The 

in-band noise level is closely related to the nearby spectral emissions, but this is not 

always the case.  

The in-band performance at a system level is tied to frame error rate or bit 

error rates, which is very difficult to calculate when looking at RF performance. 
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Throughout this thesis, the in-band metric is tied to the baseband normalized RMS 

error (NRMSE) which, if performed on a QPSK signal at the sample points, is 

comparable to the error vector magnitude (EVM). By using the NRMSE at each of the 

sample points, we are able to bypass a number of system layers and have a reasonable 

estimate of the in-band performance independent of modulation or constellation order. 

In general, each standard has a performance objective.  The transmit chain then 

has a budget, where each component has a performance target that should be satisfied.  

In this thesis we are focused on the power amplifier, modeling the distortion generated 

by this stage and digital predistortion which will be compensating for excessive 

contributions, to bring the system performance back within the range of acceptability. 

1.1.1 System Simulations 

Systems simulations at used to evaluate the impact of component performance 

on system level performance.  Different levels of abstraction are used to convert RF 

distortions to system level error rates.  When components pass the first level analysis 

(usually performed with spreadsheets), the next level of decisions requires a more 

complete description of how the RF component impacts the waveform.  For power 

amplifiers, the first level parameters (gain, Posat, IP3, noise factor) are expanded to 

include memoryless, AMAM and AMPM models and memory models.  The computer 

aided engineering (CAE) tools that use these second level models are generally 

discrete time simulators.  These simulations are used to evaluate system level 

performance using component models at various abstraction levels that operate with 

fixed point numbers at discrete time intervals in the digital or floating point numbers 
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in the analog domain.  Before the digital to analog converter (DAC) the firmware and 

digital hardware are evaluated using the more realistic fixed point representation or an 

ideal floating point representation.  After the DAC, it is common to use a complex 

baseband waveform to represent the outputs of an I/Q modulator.  Using these 

constructs the entire transmitter and receiver can be modeled and represented in 

discrete time simulations.  In this thesis, implementations of the models in MATLAB 

[18] are used to validate the model performance against measurements. 

1.1.2 Complex Modulated Waveforms 

The system signals have very different timescales: the carrier frequency is 

typically in the GHz range, band the modulation in the MHz range.  To evaluate 

component impact on system performance using a full modulated signal at the carrier 

frequency is inefficient and cost prohibitive.  It is more efficient to evaluate the system 

performance by separating out the complex baseband equivalent model and use an 

implied carrier frequency. 

Modulated waveform can be described fully as  

  ( ) ( )
( ) ( ) ( )o in in o

j t t j t j t

i in inx t x t e x t e e
   

     (1.1) 

or in a complex baseband form 

    ( ) ( )
( ) Re ( ) Im ( )in inj t j t

in in inx t x t e j x t e
 

     (1.2) 
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Abstracting the waveform into the complex baseband form enables the system 

simulation to operate at a subsample of the baseband or envelope signal which spans 

many periods of the carrier signal, accelerating the simulation speed tremendously. 

The complex baseband waveforms for the different standards have features 

that are unique from one another.  Peak-to-average power ratio (PAPR or PAR) is 

used to describe how often peaks occur in sequence.  This is given at a certain 

probability (usually 10
-4

) for a very long sequence.  This value doesn’t provide much 

insight into the statistics of the waveform, so the next level of description for a 

waveform is the cumulative, complementary distribution function (CCDF).   

 

 

0

( ) ( )

1 1 ( )in

F P x t

CCDF CDF x t dt



  

    
 (1.3) 

where F(χ) is the probability that |x(t)| will be below the value, χ.  Figure 1.1 is 

an example of a WCDMA downlink waveform CCDF with CFR. 

Every so often, a modulator implementation will generate an exceptionally 

high peak.  In order to control the impact of these very large peaks, the digital system 

often includes a crest factor reduction (CFR) block.  This reduces the exceptionally 

high peaks in a way that has a less significant impact on the system capacity [19-25]. 
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Figure 1.1  CCDF of WCDMA waveform using CFR with 9.6dB PAPR. 

1.1.3 Performance Metrics 

There are features that can be extracted from waveforms that are examined to 

quantify the impact a component has on the system.  The simplest metrics are based 

on the PAPR and CCDF of the waveforms.  Other metrics are tied to standards based 

performance metrics such as EVM or ACLR.   

There are a number of metrics that are used in this dissertation.  For PAPR we 

use the absolute PAPR of the circular waveform (of a fixed duration).  Often CFR is 

used to limit the impact of exceptionally high peaks.  The LTE waveforms are built 

using OFDM constructs, making for straight forward waveform demodulation and 

determination of the true error-vector-magnitude (EVM).  WCDMA, CDMA and 

other waveforms that have been truncated would require more steps to demodulate.  
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As a result, many waveforms we approximate the EVM with a normalize RMS error 

(NRMSE) of all the samples in the sequence.   

 

2

1 ( ) ( )

N

n n

n

y x

rms y rms x
NRMSE

N



 
  

 


 (1.4) 

where, x and y are the complex input and output sequences and xn and yn are the n
th

 

input and output samples of the sequence that is N long.  When a QPSK signal is used 

and only the synchronized, sample points are used (no oversampling), the EVM and 

NRMSE are identical.   

For the various standards there are numerous spectral domain performance 

metrics.  For this dissertation, the adjacent channel ratio is used, with an integration 

bandwidth of 3.84MHz at a given offset from the desired signal (for a typical single-

carrier WCDMA waveform).  For ACLR1, the offset is 2.5MHz from the edge of the 

modulated signal channel.  For a WCDMA signal, 3.84 MHz wide, it is within a 

5MHz channel and the adjacent channel is 5MHz wide, so the integrated bandwidth 

for ACLR1 is 5MHz offset from the carrier.  For ACLR2 in this case, the integrated 

bandwidth is 10MHz offset.   

The EVM and NRMSE performance metrics predominantly convey the in-

band distortion (corresponding to ISI, and a time domain metric); whereas, ACLR 

quantifies the out-of-band distortion and spectral emissions (a frequency domain 
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metric).  Both frequency and time domain metrics are needed to evaluate the impact of 

the component performance on the system and are defined in the standards. 

1.2 Transmitter Design 

There are generally two classifications for transmitters (Tx): downlink and 

uplink.  The downlink signal is from a base-station or “eNodeB.”  The uplink is from 

the mobile-station or user terminal (UT).  The final power additive stage of a 

transmitter is a PA – there are often switches, duplexers/filters, and an antenna after 

the PA.  Components throughout the Tx chain contribute to noise and distortion, but 

the PA has a significant contribution to EVM and ACLR.  A significant portion of the 

Tx performance budget for these is allocated to the PA.   

Transmitters are designed for specific frequency bands as specified by 

standards bodies and government agencies.  Table 1.1 contains some of the frequency 

bands that are used in experiments presented in this dissertation. 

Table 1.1  Specification of Frequency Bands. 

3GPP Band Up Link Down Link 
Paired 

Separation 

1 (LTE / UMTS) 
Europe 

1920-1980 MHz 2110-2170 MHz 190 MHz 

2 (LTE / UMTS) 
North America 

PCS 
1850-1910 MHz 1930-1990 MHz 80 MHz 

5 (LTE / UMTS) 
North America 

Cellular 
824-849 MHz 869-894 MHz 45 MHz 
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1.2.1 Transmitter Block Diagrams 

A typical transmitter has a digital block that operates on the signal, a DAC, up-

conversion chain, a driver amplifier (DA) and a PA (Figure 1.2).  Distortion can be 

generated by any component.  Distortion from the Tx components can be compensated 

for by a DPD block.  Distortion in the output feedback path must be insignificant or 

known via calibration.  The DPD input is the target waveform, and the objective of the 

DPD block is to minimize the error between the scaled target waveform and the signal 

that goes out the antenna. 

 

Figure 1.2  Typical transmitter block diagram with DPD and a feedback path. 

The block diagram for an envelope tracking or dynamic supply system has a 

few additional components (Figure 1.3) and there are many similarities to the typical 

Tx block diagram.  The key differences are a second DAC for the envelope path and 

the DSP must work with both the RF Tx signal and the envelope signal.  Time 

alignment of the RF and envelope signals is important for optimal performance of a 

system using a dynamic supply. 
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Figure 1.3  Envelope tracking transmitter block diagram with DPD and feedback path. 

1.2.2 Power Amplifiers 

This section provides background information on power amplifiers [1, 26, 27] 

and sets the context with an overview of PA class of operation and an overview of 

envelope tracking PAs. 

In the abstract, PAs have an RF input signal at some power level, Pi, and an RF 

output signal at some power level, Po. The PA will also have a DC current and voltage 

associated with the supply, providing a DC power, Pdc. Two efficiency metrics that are 

often used for PAs are drain efficiency (DE), 

 o
DE

dc

P

P
   (1.5) 
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When the gain is large (>10dB) these are close to one another, but will drop 

with the gain when in saturation. 

  

Figure 1.4  DCIV curves for a transistor.  A Class A PA is biased at m1, whereas a Class 

AB PA is biased at m2. 

1.2.2.1 Class A and Class AB PAs 

The waveform defines the RFPA class of operation. Looking at a bias point 

and DCIV characteristics (Figure 1.4) we can define the conduction angle as the angle 

over which there is current being driven from an input waveform. With a wide range 

of input signals, the m1 bias points will have the same Idc. In this case, there is current 

conduction over the full waveform until it starts to clip – the bias is selected to clip 

high side and low side simultaneously. When the conduction angle is 360°, this is 

considered a Class A PA. In the second case, with a bias point of m2, the PA will 
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quickly start clipping the output current waveform at zero current, resulting in a 

upward shift in the supply current, Idc. This PA is biased as a Class AB PA, where the 

conduction angle is less than 360°, but more than 180°. When the conduction angle is 

exactly 180° the PA is biased in a Class B operation. Table 1.2 has a summary of the 

PA Classes based on conduction angle. The stated efficiency is assuming full access to 

the Vds-Ids range; however, the knee will reduce the optimal efficiency. 

When an RFPA is biased to have some level of current draw when there is no 

RF input signal, an amplifier is said to be in Class A or Class AB. If this current is 

independent of the input drive level, it is Class A. When the current increases with RF 

input signal, then the PA is a Class AB PA. Often when these PA’s are overdriven, the 

harmonic terminations can allow the efficiency to go even higher. 

Table 1.2  Power amplifier class conduction angles. 

Power Amplifier Class Conduction Angle Maximum Efficiency 

Class A 360° <50% 

Class AB 
< 360° 

> 180° <78.5% 

Class B 180° <78.5% 

Class C < 180° <90% 

 

1.2.2.2 Switch Mode RFPAs 

One of the objectives of switch mode RFPAs is to obtain RF, current and 

voltage waveforms, between nodes of the device that have minimal overlap and 
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therefore minimal power dissipation. One of the negative side effects to a device 

matched and biased this way is the strange drive requirements. These PAs have no 

current and no output signal with little or no RF input signal – they must be driven 

with a sufficiently large signal. The final switch mode RFPA experiences significant 

gain expansion between this off state and when the amplifier is driven with a sufficient 

signal. The amplifier then goes into compression and saturation, much like the Class A 

and AB amplifiers. Many switch model PA classes are defined with specific harmonic 

terminations to create specific zero voltage switching (ZVS) waveforms. Recent 

publications recognize that the high efficiency performance can be achieved with 

similar waveforms that result from different matching conditions. Figure 1.5 shows the 

PA PAE over a surface of the output second harmonic reactance, x2, and third 

harmonic output reactance, x3, with a given fundamental match [28]. This is a direct 

result of the waveform engineering design methodology being reinvigorated as a result 

of improved measurement instrumentation capabilities, building insights into 

continuum of high efficiency or high efficiency plateaus [29, 30].  Capitalizing on 

these high efficiency plateaus in the RFPA design is essential when looking at RFPA 

design for use with a dynamic supply voltage. 
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Figure 1.5  High efficiency plateaus on efficiency surface with swept output harmonic 

terminations. 

1.2.2.3 PAs with Dynamic Supplies 

One approach to obtain better efficiency with high PAPR modulated signals is 

to modulate the supply voltage in a coordinated way with the RF signal.  This 

envelope tracking can be done in a power optimized way to achieve high PAE.  Our 

research has focused on an approach where the magnitude of the input voltage is 

mapped to the supply voltage value with a function.  The normalized input voltage is 

given as: 

 
 max

i
ni

i

V
V

V
  (1.7) 
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The Vi-Vd trajectory (1.8) used in this thesis has a smooth transition to a low 

supply voltage (approximately b*max(Vd)) at low values of Vni, and an asymptote at 

high values of Vni, where Vd is proportional to Vi (Figure 1.6). 

 

Figure 1.6  Normalized Vi-Vd trajectory for power optimized ET operation. 

When the supply modulator has sufficient bandwidth, this one-to-one 

relationship is maintained within the system, in backoff, with DPD and in a 

characterization loop where there is no DPD.  Once characterized, the envelope 

tracking (ET) PA follows this single Vi-Vd trajectory since this assumption is built into 

the characterization. 
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When we are able to measure or estimate the current between the envelope 

amplifier and the RFPA, we can then separate the overall ET system efficiency, ηET, 

into the efficiency of the RFPA, ηRF, and the efficiency of the envelope amplifier, ηEA. 

 ET RF EA     (1.9) 

A number of the platforms that were used to develop and refine the concepts 

found in this dissertation were performed with base station envelope tracking PAs.  

These PAs used a supply modulator with a linear stage and a hysteretic controlled 

switcher stage (Figure 1.7). 

 

The envelope amplifier is comprised of a linear stage to provide a wide band 

voltage source and, in parallel, a switching stage to provide an efficient current supply. 

The output voltage of the envelope amplifier follows the input envelope signal with 

help of an operational amplifier. The current is supplied to the drain of RF amplifier 

from both the linear stage and the switching stage through the current feedback which 

 

Figure 1.7  Simplified envelope amplifier block diagram.  



  17  

 

senses the current flowing out of the linear stages and turns on/off the switch in a 

hysteretic way [31].  The linear stage provides the difference between the desired 

output current and the current provided by the switching stage, such that the overall 

error is minimized. This envelope amplifier is being used for a wide range of 

applications. 

1.3 PA Behavioral Models 

Accurate amplifier characterization and modeling is important, in order to 

enable linearization techniques to be effectively applied. Often, compression 

characteristics, or AMAM and AMPM models, are used to model amplifiers with little 

or no memory effect.  Historically, memoryless, AMAM and AMPM models are 

captured using swept CW signals from a vector network analyzer [32].  Since these 

models are extracted using single tone signals, their basis is in the frequency domain; 

however, their usefulness in the discrete time simulation has been extensively 

demonstrated[4].  A model that extends the memoryless models to be able to simulate 

memory is the augmented behavior characterization (ABC) model [33].  When a state 

of the amplifier is accessible (such as supply voltage or temperature) the AMAM and 

AMPM models can be tabulated over this state.  By establishing the transfer function 

to this state, and using it as a variable to select an AMAM and AMPM dataset for the 

input/output behavior, we are able to use a series of CW measurements to estimate the 

performance of dynamic system.  Recent papers have extend behavioral modeling to 

include memory effects [34], harmonic terminating effects, and baseband effects [5] 

with the goal of improve simulation times and enable effective modeling of the 
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amplifier so that corrective measures [35] can be accurately evaluated with simulation 

and implemented.  A number of these models assume that the PA input / output 

relationship is instantaneous and invariant with modulation.  By expanding the 

spectral richness of the source waveform, we are able to observe additional distortion 

effects, allowing one to obtain more robust models that have a larger range of 

applicability. 

Once memory has been added to the model, there is an inherent time-step 

associated with the model.  The simulation must have the same sample rate.  If 

simulation output require a wider bandwidth than the model extraction contains, the 

sampling frequency can be increased to an integer multiple of the model extraction 

sampling frequency.  When this is the case, the intermediate delays in the memory 

response are zero padded [36].  This will cause a startup transient that should be 

removed before validating the simulation outputs against the measurements. 

There are a variety of survey papers and books that provide an extensive 

overview of the plethora of memory models [34, 37-39], some of the most significant 

are the two box, Hammerstein [40-43] and Wiener [41, 44] models.  When extracted at 

one power level, these models are very similar to the memory polynomial model [45, 

46].  Another very attractive memory model is the 1
st
 order DDR model [47], since it 

has one delay term that operates on two non-delayed terms.  These models are 

described more completely in Chapter 4. To gauge the performance of the new 

memory models in this dissertation, they are compared to memory polynomials and 1
st
 

order DDR models. 
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1.4 Research Summary 

Research into behavioral modeling of nonlinearities and memory effects in 

RFPAs is being driven to improve transmitter performance and efficiency.  High 

efficiency, RFPAs have a tendency to become more nonlinear, making linearization 

techniques, such as DPD, a necessity.  In order to construct efficient DPD blocks with 

sufficient complexity, the nature of the transmit chain nonlinearity must be understood 

accurately – both the memoryless and memory terms.  Key results of this dissertation 

are summarized here: 

 An extension of the augmented behavioral characteristics (ABC) model of 

amplifier nonlinearity is presented that enables a clean way to characterize the PAs 

with internal states that generate memory effects by using either pulsed waveforms 

or modulated waveforms. 

 Signal processing techniques are introduced to synthesize waveforms specifically 

for measurement systems and amplifier test benches that are close representations 

to standards based waveforms. 

 Signal processing techniques are introduced to prepare measured waveforms for 

use by characterization algorithms, compensating for systematic errors in 

measurement systems such as phase drift and time alignment. 
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 Techniques to build more robust, accurate memoryless models by use of statistical 

signal processing techniques that reduce the variance caused by memory effects 

but highlight when changes in the model occur. 

 A memory mitigation procedure is presented that modifies the input signal to 

achieve the optimal output waveform for a given PA in a particular measurement 

environment.  This technique compensates for all deterministic memory of the 

system and quantifies the measurement limits of the system. 

 A special truncation of the Volterra series is presented that is especially tailored 

for ETPA’s that are pushed into compression.  By adding thresholds and forming a 

piecewise Volterra series, the effects of envelope tracking on the memory effects 

are efficiently captured. 

 The expected gain and expected models of current are expanded from one 

dimensional Vi-Vd trajectories (where Vi is the magnitude of the input voltage and 

Vd is the drain voltage) into two dimensional surfaces, so that they can be applied 

in more complex envelope tracking configurations.   

 The accuracy and efficiency of surface models and general truncated Volterra 

series models, is further enhanced by the introduction of a pruning technique that 

eliminates ineffective terms from the series representation. 

 Many of these techniques are applied experimentally to a wide variety of RFPA 

and ETPA examples. 
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1.5 Dissertation Organization 

The remainder of this dissertation is organized as follows. 

Chapter 2 presents time domain characterization techniques.  The blackbox 

ABC model is introduced along with two model extraction approaches – allowing 

decomposition of the nonlinearities and memory effects into easily addressable 

components.  As part of these approaches, characterization waveforms are needed – 

some waveforms are overly simplistic, others have excessive spectral content.  

Methodologies that obtain a correct level of simplicity and spectral content are 

presented. 

Chapter 3 presents techniques to extract expected gain models and apply them 

to digital predistortion and memory mitigation.  Accurate and robust, expected gain 

models are built in an efficient way from modulated waveforms using controlled 

confidence intervals and trend identification.  These models are then applied to DPD 

and memory mitigation – quantifying and correcting all deterministic memory. 

Chapter 4 presents Volterra models for modeling memory effects in RFPAs.  

After a general introduction of Volterra models, a piecewise, 1
st
 order, dynamic 

deviation reduction (DDR) based Volterra is presented.  This form of the Volterra 

series is shown to be especially well suited for modeling power optimized ETPAs. 

Chapter 5 presents specific applications of these techniques to a variety of 

power amplifiers and additional behavioral modeling that is needed in the general 

form of ETPAs.  A mechanism to prune terms from the series is presented, which has 
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been found to be effective for both pruning terms from surface models and truncated 

Volterra series models. 

Chapter 6 concludes the dissertation with a summary of this work.  Future 

directions and challenges are discussed in the area of behavioral modeling. 

Chapter 1, in part, is a reprint of material as it appears IEEE Transactions on 

Microwave Theory and Techniques, in the paper, "Modeling and Design of RF 

Amplifiers for Envelope Tracking WCDMA Base-Station Applications,".  Jinseong 

Jeong, Donald F. Kimball, Myoungbo Kwak, Chin Hsia, Paul Draxler, Peter M. 

Asbeck, Sept. 2009.  The dissertation author was a co-author, contributed to the signal 

processing and novel constructs in this paper. 
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CHAPTER 2Equation Chapter 2 Section 2 
Time Domain Characterization 

In this thesis chapter, we present our research into the Blackbox ABC model, 

which extends basic behavioral models for power amplifiers (PA) to include physics 

and circuits based terms. These terms are capable of capturing more of the operational 

dynamics of the PA relating to the thermal, bias, supply, and matching networks. 

There are extraction advantages to the model also. The model partitions into two 

easily extracted components – a nonlinear compression model and a memory model. 

We also examine two measurement based extraction methodologies. One uses pulsed 

RF waveforms and the other modulated waveforms consistent with released standards. 

Standards based waveforms do not repeat, but for instrumentation, one needs finite 

length sequences that repeat seamlessly. These measurement test sequences must have 

the complex time-frequency characteristics defined in the standard, but must not have 

spectral inconsistencies where they repeat. Also presented in this thesis chapter is our 

research into how to generate standards based test waveforms which maintain 

consistency throughout time, along with the ensemble CCDF variation (ECV) plot 

finite length sequences, which includes the statistical distribution of the CCDF. The 

ECV plot provides a backdrop, allowing a comparison of finite length test waveform 

CCDF to the corresponding standards based waveform.  
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2.1 Blackbox ABC Model 

With the conventional behavioral model based on AMAM and AMPM 

measurements, the input signal is a continuous sinusoid at a specific frequency and the 

output signal magnitude and phase are characterized. If one has access to the supply 

voltage or other variable such as temperature, a family of AMAM and AMPM models 

can be extracted for different parameter values and used to create an Augmented 

Behavioral Characteristics (ABC) model. This model assumes that the environment in 

which it is extracted (CW signal, harmonic terminations, temperature, signal 

dynamics, etc.) are a close approximation to the application environment. With 

modulation bandwidths of modem communication systems increasing, this assumption 

is being violated increasingly. As a result, “memory effects” appear in the component 

performance that cannot be captured by the conventional model. 

2.1.1 Blackbox ABC Model Formulation 

In general, the input waveform can be represented as a modulated RF signal: 

   0( ) ( ) exp 2 ( )in inx t x t j f t t    (2.1) 

where xin(t) is the modulated RF signal, |x(t)| is the amplitude of the envelope and 

φin(t) is the phase modulation of the signal. When this signal is applied to an amplifier, 

the output complex envelope is described as: 

  ( ) ( ) ( )exp ( )y t t x t j t     (2.2) 
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where the function Γ(t) is the describing function of the nonlinearity, and Θ(t) 

specifies the phase response. This is often presented as 

 ( ) ( ) ( )y t G t x t   (2.3) 

where the complex gain, G(t) is given as 

 ( ) ( )exp( ( ))G t t j t    (2.4) 

In memoryless cases, G(
.
) is a function of x(t) and can be easily measured, 

modeled, and utilized in simulation [2, 9]. In other cases, it is a function of an 

additional parameter such as temperature or voltage, which can be measured and 

tabulated [33]. A more complete form of (2.3) is given as 

  ( ) ( ), ( ) ( )y t G x t Z t x t   (2.5) 

where the describing function G(
.
) is dependent on the current input signal, x(t), and 

the internal state Z(t), where Z(t) is a function of the historical input signal and some 

physical characteristic causing memory effects within the amplifier. Examples include 

the supply voltage, Vcc(t), the bias voltage, Vbb(t) and thermal characteristics which 

depend on the input power x(t). In some cases where the parameter is inaccessible and 

memory effects exist, approximate relations can still be derived from only terminal 

measurements. The describing function can be approximated as a Taylor expansion for 

small excursions from a nominal location. The Taylor expansion is written for 

deviations of gain from the steady state values Go and Z∞ : 
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By assuming a form for: 

  0( ) , ( )G x G x Z Z x   (2.7) 
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we get: 

       0, ( ) 1 ( ) ( ) ( )gG x Z t G x k x Z t Z x      (2.9) 

and Z(t) is a function of x. As a first approximation, we will assume that Z(t) varies 

with the input excitation as a linear, time invariant system, although Z∞(x) may vary 

nonlinearly with x. As a result we have: 

 ( ) ( ) ( ) ( )zZ t Z x x t h t    (2.10) 

where hz(t) is an impulse response function and   denotes convolution. We utilize a 

further simplification, setting kg to a constant value rather than a function of the 

current input signal. Often, kg compresses when the RFPA is saturated, which would 

be best modeled as an odd order polynomial. These simplifications yield an expression 

we use to extract and validate the nonlinear model that is separable in terms of a 

product of a nonlinear and linear part: 
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      0, ( ) 1 ( ) ( )g zG x Z t G x k h t x t     (2.11) 

The extraction procedure detailed in Section 2.2, is followed to measure the 

response of the system to a waveform, then estimate Go(x) and hz(t) for the waveform 

being used. The first extraction procedure in our research used square wave modulated 

RF signals, with 50% duty cycles and long pulses to examine the step response of the 

steady state equilibrium. The steady state gain at a given power level is used to 

estimate Go(x) and the response in the transition regions is used to estimate hz(t). The 

second extraction procedure uses a waveform generated from a complex, digital 

modulation standard and we examine the cross correlation of the input with the output 

to estimate the transfer function, hz(t), and gain, Go(x), simultaneously. 

2.1.2 Blackbox ABC Model Comparisons 

For a continuous time formulation, (2.11) is an effective description of the 

blackbox ABC model; however, it is implemented in a sampled time context. To 

rework this formulation into a discrete time form, the continuous time variable, t, is 

converted to the sample index, n, and we must convert the convolution into a discrete 

time form. We start with the classic odd order polynomial memoryless model: 

 
( 1)/2

2 1

1

P
p

n p n

p

y a x






   (2.12) 

where P is odd and the maximum order of the polynomial. The discrete time form of 

(2.5) is 
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  ( ) , ( ) ( )y n G x Z n x n   (2.13) 

To formulate the complex gain function, we need to factor out, xn from (2.12), 
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resulting in a polynomial gain equation 

 

1

2
2( 1)

1

P

p

p n

p

G a x

 
 
 





   (2.15) 

with only even terms. If we assume a transfer function with only zeros, the discrete 

time representation of the convolution will have the form of a FIR filter. In this case, 

the Blackbox ABC model (2.11) becomes 
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   (2.16) 

Comparing this result to the two box Wiener model (a two box model with the 

linear block followed by an odd order polynomial model), 

 

2 1( 1)/2

1 0
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p k
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   (2.17) 

we can see that there are two major differences. First the nonlinear order of the 

memory terms is different. For the Blackbox ABC model, we realize the odd order 
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memoryless terms, but we have even order terms coming out of the convolution when 

it is multiplied by the gain. Secondly, with the Wiener model, the memory terms are 

run through the nonlinearity, resulting in a nonlinear mixing of the delay terms 

whereas, the Blackbox ABC model has an echo that modulates the gain compression 

as defined by the current input voltage. 

Comparing the Blackbox ABC model (2.16) to the two box Hammerstein 

model (a two box model with an odd order polynomial model followed by a linear 

block),  

  
( 1)/2

2 1

0 1

( ) ( )
PN

p

Hk Hp

k p

y n h a x n k




 

 
    

 
   (2.18) 

we can see similarities and differences. They are similar in that the compressed signal 

(with the intermodulation terms) is run through a filter. With the Hammerstein model, 

the delayed terms of the input vector don’t mix, providing similarities to FIR 

formulation of the Blackbox ABC model (2.16) and the memory polynomial Volterra 

series [45, 46]. 

Comparing the Blackbox ABC model (2.16) and the first order DDR Volterra 

series[47] similarities are observed. There is only one entry of each Volterra term 

delayed and the others are tied to the current sample. Some differences are in the order 

of the polynomials and in the conjugate associated with the delayed term in the second 

path of the first order DDR Volterra series. 
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All of these comparisons have been performed with the assumption that the 

system identification procedure has resulted in a transfer function that only has zeros 

and is represented with a FIR filter; however, in our research we utilized more general 

system identification techniques that resulted in both poles and zeros. In this case the 

transfer function will contain both FIR and IIR components, giving us a form that has 

an auto-regressive (AR) term as well as the moving average (MA) terms. The discrete 

time form of (2.11) is given as: 
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    (2.19) 

When these are combined, the Blackbox ABC model is a nonlinear ARMA 

process:  In the initial MA form, the output has even memory terms and odd 

memoryless terms, but in this ARMA final form, since the delayed output is included 

on the right hand side of the equation, the even and odd order terms are multiplied by 

the odd order memoryless model resulting in the generation of intermodulation signals 

at all nonlinear orders for both the memoryless and memory terms. In this formulation, 

kg is still independent of the input amplitude. For additional accuracy, one could 

include a polynomial compression characteristic. 

The Blackbox ABC model is different from the Wiener, Hammerstein, 

Memory Polynomial and DDR Volterra Series models with regards to the order of the 

memory terms: all the fore mentioned models contain only odd order terms and the 

FIR formulation of the Blackbox ABC model has even order memory terms. 
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Additionally, the Blackbox ABC model has fewer degrees of freedom, solidifying the 

relationships between terms that are associated with one another due to the physics of 

the circuit which are left independent parameters in these other models. 

2.2 Model Extraction and Validation 

Two extraction techniques were used in this research effort based on two 

signal configurations: pulsed RF signals and bandwidth limited complex modulated 

signals. The pulsed RF signals generate a step response which was modeled using 

system identification techniques[48] under the assumptions of Generalized 

Superposition[49]. The steady state equilibrium is a reasonable approximation for 

Go(x) and the step transient response can be transformed into the memory impulse 

response, hz(t). 

For the validation of the theory and extraction methodology, a commercial 

CDMA handset power amplifier module was used, biased with a Vref=3.1 volts and a 

Vcc=3.4 volts. The test environment for the swept CW tone was a VNA, but for all 

other waveforms included (Figure 2.1) a PC with MATLAB connected to an Agilent 

ESG source, providing arbitrary modulation envelope waveform capability, and an 

Agilent Vector Signal Analyzer with a PSA for detection of the signal. A number of 

arbitrary waveforms and signal conditions have been presented to the amplifier and 

simulated to extract and validate the model. The signals used included pulsed RF, 

triangular waveforms, sinusoids (in two-tone tests) and CDMA signals. 
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Figure 2.1  Measurement system block diagram used to generate and validate Blackbox 

ABC models. 

2.2.1 Single Tone with Swept Power 

This subsection starts with a review of AMAM and AMPM modeling which is 

used for the quasi-static Go(x). Traditionally, this is measured using a low frequency 

ramp, or slow power sweep, such that memory effects are minimized[32] using a 

VNA. The power range of the ramp encompasses the weakly nonlinear, gain 

expansion and compression regions of operation. We used the Figure 2.1 measurement 

system and modulated the carrier with a triangle envelope that had a slow ramp period 

(1 mS) on a vector signal analyzer (VSA). The ramp power range for the input signal 

is from -35dBm and up to 5dBm. Figure 2.2 and Figure 2.3 illustrate the coherent 

VNA measurement and an equivalent measurement using a VSA. The VNA has ~1dB 

difference in gain and a different saturated output power. The difference in the 

AMPM, after dialing out an arbitrary shift, is ~2-3 degrees. These changes could be 
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caused by one of several differences, such as changes in the bias circuit (which is 

temperature compensated) or the temperature of the chip / junction. 

 
Figure 2.2  AMAM plot for a Class AB RFPA with constant bias obtained from a VSA 

with a 1kHz triangle wave and a VNA, swept over power. 

 
Figure 2.3  AMPM plot for a Class AB RFPA with constant bias generated with a CW 

signal swept over power with a vector network analyzer. 
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2.2.2 Pulsed RF Response 

One waveform used for our research is a square wave AM modulated RF 

signal. When it is used as an input, one can examine the down-converted output 

waveform, and determine the step response of the memory effect by using system 

identification techniques[48]. 

The measurements used to extract the terms of G(x,Z(t)) are pulsed RF signals, 

where the minimum and maximum values of the pulsed signal are within the range of 

the extracted Go(x) values and the envelope of the input RF signal x(t) is a step 

function ∆x∙u-1(t). From (2.11) we can calculate the gain residue, γ: 

 
 1

0

( ) ( ) 1g z

y
xk h t x u t

G x
 

 
      
 
 

 (2.20) 

The (2.11) formulation allows us to separate the polynomial compression 

characteristics from the memory effects, allowing us to use LTI system identification 

techniques on the measured step response (2.20). We applied a pulsed RF signals with 

different initial and final power levels, and removed the infinite gain term (Figure 2.4) 

to calculate the input referred, uncompressed output, v, which excludes the nonlinear 

compression characteristics, 

  
0

1
( )

y
v x

G x
     (2.21) 
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This waveform is used to extract the transfer function, hz(t) in (2.20) using 

standard system identification techniques. We utilized an Output Error (OE) system 

identification formulation, which has the structure, 

 
( )

( ) ( ) ( )
( )

B q
v t x t nk e t

F q
    (2.22) 

It was found that over a wide range of operation the OE, pole/zero model 

(Figure 2.5) accurately fits the system response. The modeled and measured impulse 

response of the OE model (Figure 2.5) are presented in Figure 2.6. At lower power 

levels, noise tended to obscure some of the poles and zeros of the transfer function. At 

higher power levels, the poles and zeros were found to move and bifurcate. 

When we setup the measurement system (Figure 2.1), we selected a sample 

time and carrier frequency that were consistent with our target application. We then 

defined the baseband envelope of the pulsed signal as an input to the ESG. This drove 

the RF on this amplifier with 0.2 msec higher power signals, then fell back to a lower 

power. This experiment drove the input of the PA with an RF signal that had 2dB 

steps between the high power and the low power, ranging from -19dBm to +9dBm. 

Multiple models were extracted for many of the measurement and a large number of 

the models between -11dBm and +5dBm are consistent with one another. Once the 

waveforms were captured, the VSA converted them to a complex baseband form. Our 

post processing of this waveform includes time alignment to the input waveform and 

decimation to the target sample rate. The time alignment was done before decimation 

to achieve subsample time alignment.  
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The results indicate that this amplifier displays pronounced memory effects 

that have a characteristic low frequency ringing behavior. This is most likely 

associated with bias circuits within the module. The gain is modulated at the level of 

several percent. We can get a more detailed view of this memory effect by examining 

the FFT of the impulse response or bode plot of the transfer function, hz(t) (Figure 2.7 

and Figure 2.8). We can see that from 50kHz – 150kHz there is significant magnitude 

and phase changes in the transfer function. These features are directly related to the 

ringing of the step response. 

 
Figure 2.4  Pulsed RF envelope voltages for input, x(t) and normalized output, v(t). 
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Figure 2.5  Model poles(6) and zeros (6) of upward transient. 

 
Figure 2.6  Memory impulse response, hz(t) (modeled and measured) for RFPA. 
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Figure 2.7  Transfer function, hz(t), bode plot magnitude. 

 
Figure 2.8  Transfer function, hz(t), bode plot phase. 
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Figure 2.9  Measured AMAM (CW) from VNA (green), measured G0(x) from pulsed RF 

signals at different power levels (red), measured pulsed RF signals (blue). 

 
Figure 2.10  Measured AMAM and AMPM (CW) from VNA (green), measured G0(x) 

from pulsed RF signals at different power levels (red), measured pulsed RF signals 

(blue). 
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This sequence of measurements highlights an issue with the AMAM and 

AMPM model, specifically, that it can be dependent on the signal being used. Figure 

2.9 shows the AMAM from the pulsed RF measured signal (blue) along with the 

steady state gain found at the end of the RF pulse(red) and the AMAM model using a 

CW signal on a VNA. The AMPM comparison for these same waveforms is given in 

Figure 2.10. We can see that the general trends are consistent, but there are shifts and 

changes in the curves based on the specific waveforms. 

 

There is another issue with generating an AMPM result from multiple, single 

channel measurements using the ESG / VSA configuration (Figure 2.1). When we 

examine the gain over the pulse and between pulses, to calculate the infinite gain, one 

 
Figure 2.11  Magnitude (top) and phase (bottom) of measured gain (red) for 

memoryless model (blue) using local Go(x)). 
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observes consistency in the magnitude of the gain (top of Figure 2.11), but there 

appears to be a drift, or inconsistency in the phase from one pulse to the next (bottom 

of Figure 2.11). We observed up to two degrees of drift in the measurements which 

was found to be consistent with the instrument specifications. Subsequent generations 

of this equipment have been improved. 

A number of other pulsed RF, Blackbox ABC modeling studies were 

performed with results consistent with those reported in this thesis. In one study the 

lower power of the pulsed RF signal was held at the same level for each measurement 

where the high power level was changed. In another study the length of the RF pulses 

were half as long. 

2.2.3 CDMA Response 

A second extraction methodology uses a bandwidth limited, circular, complex 

modulated waveform similar to a CDMA waveform as the source signal. Using this 

waveform, we can use correlation techniques to obtain an estimate of the memory 

transfer function.  

Starting with (2.20), we have defined the right hand side as the gain residue, 

γ(t). The steady state or quasi-static gain is not available with an IS95 waveform, so 

we use the local mean value for the gain for the average gain, Gave(x). By comparing 

the amplifier input and output (after accurate sub-sample time alignment) we calculate 

the instantaneous values of amplifier gain and phase response with CDMA signals and 

calculate the zero mean gain, which then allow us to determine the gain residue, γ(t), 
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 ( ) 1
( )ave

y
xt

G x
    (2.23) 

According to equation (2.20) we expect 

 
 ( ) ( ) ( )g z int k h t x t     (2.24) 

So when we take the cross-covariance of the gain residue with the input signal, 

we will get the impulse response of the transfer function, hz(t). 

Similar to the pulsed RF waveform, there are a number of pre-processing steps 

after capturing the waveforms before we can generate a model. The input and output 

waveforms must be time aligned – there is a small time difference between samples in 

the input waveform and the corresponding samples in the output waveform due to 

delays. This requires sub-sample shifts to the output waveform. Once the waveforms 

are aligned, decimation is performed – this reduces the variance in the time domain 

waveform by eliminating the noise outside the spectrum of interest. The power 

spectral density (PSD) of the waveforms provide the information about the noise floor 

and where there is significant spectral content above the noise floor. The noise 

generated beyond the bandwidth of interest is filtered out by a FIR filter in 

conjunction with sample decimation.  

Figure 2.12 (Pi=-5dBm, Po=24.25dBm) and Figure 2.13 (Pi=-2dBm, 

Po=26.8dBm) show the instantaneous input signal amplitude level and the AMAM 

model from the VNA. There are several ways one can estimate the average gain for a 

given input, Gave(x). The next chapter in this thesis examines this idea more detail, but 
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for this calculation, we use a smoothed, average gain of samples in the neighborhood. 

The average gain and instantaneous gain are presented in Figure 2.14. The measured 

gain exhibits considerable deviations from the average value at any given power level. 

The average gain is not equivalent to the quasi-static gain since it corresponds to a 

response with a different driving function. Primarily, these changes correspond to gain 

deviations resulting from the past history of the signal, but a small portion corresponds 

to measurement noise. The auto-covariance is included to indicate two things – the 

memory associated with the FIR filter used to band limit the signal and the peak value 

is an indication of the signal strength (in power) and number of samples. For CDMA 

signals, the autocorrelation function is largely confined to the neighborhood of t=0 

(Figure 2.15). The -5dBm measurement has 4x as many samples but at 3dB less 

power. This results in an auto correlation peak for the -5dBm signal approximately 

twice (4 x ½) that of the -2dBm signal (comparing peaks of top plots in Figure 2.16 

and Figure 2.17). The cross-covariance of (t) and Vi(t) generates the impulse is shown 

at the bottom of Figure 2.16 and Figure 2.17. The results clearly show the oscillatory 

behavior of the impulse response similar to that found with the pulsed RF extraction. 

Figure 2.18 shows a comparison of these impulse responses. We can see that as the 

IS95 signal goes into compression, the peaks stretch in time to more closely match the 

pulsed RF model. It is unclear if the noise or oscillations in the -2dBm impulse 

response are due to the PA going into compression, a shorter modeling / measurement 

sequence, or the changes in the poles and zeros that was observed in the higher power 

pulsed RF extractions. 
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Figure 2.12  Gain versus instantaneous input power measured with CDMA signal at -

5dBm. Each sample is a blue dot, contours are for a 2D histogram, representing the 

density of samples in an underlying grid. 

 
Figure 2.13  Measured instantaneous gain and input power with CDMA signal at -2dBm. 

Each sample is a blue dot, contours are for a 2D histogram, representing the density of 

samples in an underlying grid. 
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Figure 2.14  Instantaneous gain (blue dots) and average gain (red dots) versus 

instantaneous input power measured with CDMA signal at -5dBm input power. 

 
Figure 2.15  Autocorrelation of IS95 CDMA signal, peak amplitude is tied to signal 

power and sequence length. 
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Figure 2.16  Cross covariance of gain residue (t) with IS95 CDMA input signal at -

5dBm. 

 
Figure 2.17  Cross covariance of gain residue (t) with IS95 CDMA input signal at -

2dBm. 
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Figure 2.18  Gain residue from CDMA signal measurements compared to transient 

response of model from pulsed RF extraction. 

2.3 Complex Modulated Waveforms 

The waveform used in section 2.2.3 is based on the digital communication 

system defined by the IS95 standard. As a result of encoding more bits/Hz of 

modulation bandwidth, the peak to average ratio increases as does the requirement for 

waveform fidelity as measured in the time (error vector magnitude – EVM, rho, or 

MSE) or frequency (spectral emission masks – SEM) domain. In the field, these 

waveforms are infinitely long and do not repeat – which is incompatible with 

laboratory measurements. Instrument compatible waveforms of a reasonable length 

and sufficiently similar to fielded waveforms are needed for laboratory experiments. 

In general, implementation for instrumentation will be in the 10’s to 100’s of chips. 

The length of the sequence in chips is approximately the number of tones within the 

transmit bandwidth. 
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There are a number of processing operations typically performed in transmit 

chains to modify the complex modulated waveform prior to reaching the power 

amplifier. One of these is decresting: a process of reducing the peak power and 

maintain compliant with the specifications. There are numerous algorithms for 

decresting a waveform. For CDMA, one usually is limited by spectral emissions 

performance, so the decresting operation with CDMA is often a clip and filter 

operation, creating an artificial fade in the neighborhood of the peak. With OFDM 

signals, a soft or hard clip is more effective since the EVM or RCE is often the 

specification that is violated first. Fundamentally, decresting works in conjunction 

with DPD to trade-off excess specification margin in one domain for additional 

margin in another domain. The decresting, or crest factor reduction, operation allows 

transmit resources to be optimized for the signals seen a majority of the time. When 

looking at spectral regrowth, rho or EVM, there is a budget for the transmit chain, and 

there is tradeoffs when assigning allocations. The tradeoff of PA and Tx chain 

performance is different with the incorporation of coupled or independent DPD and 

decresting algorithms. 

Typical power amplifier test benches utilize a circularly repeated, finite length 

sequences. Optimally, they are a reasonable approximation of the digitally modulated 

signals encountered by deployed components. Many power amplifier 

measurements[19, 50-69] utilize a variety of digital modulation formats and require 

different, but statistically compatible training and testing sequences. These constraints 
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and requirements are common to many experimental configurations using digital 

modulation.  

One approach that has been taken to address test signal generation is with a 

multisine approach[11, 70, 71] which has been tied to model extraction. In this section 

of the thesis, techniques are developed to define statistically relevant finite length test 

sequences directly from the generator or from exemplar sequences, as well as 

graphical constructs to help visualize the relationship between the test fragments and 

the original, unmodified sequence[72]. 

2.3.1 Circular Waveform Synthesis 

With instrumentation waveforms that have finite length and repeated, there is a 

discontinuity risk where the beginning and end of the sequence match up. If present, 

any discontinuity would contain spectral content that is inconsistent with a 

specification compliant signal. When properly generated or modified, the effect of the 

discontinuity can be minimized, resulting in a short, circular test waveform that is 

consistent with specification compliant waveforms. 

2.3.1.1 Cyclic Prefix 

To start, we highlight an approach that is an adaptation of the well-known 

cyclic prefix used with the generation of OFDM signals. In this approach, we start 

with a very long waveform sequence, xA, 

 
1 2 3[ , , , , ]A A A A ALx x x x x  (2.25) 
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where L is a large number. We need a circular sequence that is N samples long, in a 

specific region, around sample k, of the much longer waveform sequence (L >> N). 

The circular sequence length must be divided into two pieces: a payload, or 

undisturbed, sequence length, m, and a transition length, s, where a transition between 

the leading and trailing context is formed. This transition length is analogous to an 

OFDM cyclic prefix. The final sequence length, N, is the payload length, m, plus one 

transition length, s. A window sequence, w(n), is created that is a composite of a 

rectangular window and a root raised cosine for the leading and trailing sequences. 

The window sequence has, N+s, or m+2s, non-zero entries and a large number (>N) of 

zeros on either side of the non-zero entries. A working sequence, xA’, is formed by 

multiplying the original waveform and window sequences. 

 
A Ax x w    (2.26) 

Both the window sequence and the working sequence have many zero entries. 

The final step is to shift the working sequence by N and add to itself.  

 ( ) ( ) ( ),   { , 1, , 1}A Ax n x n x n N n k k k N         (2.27) 

In this way the samples of the leading and trailing sequences are superimposed, 

resolving the trailing sequence context while establishing the leading sequence 

context. The final sequence to be used by the instrument, x, is truncated to N samples 

between l and (l+N-1). For best performance, the transition sequence length, s, should 

be longer than the generator FIR filters, but good performance can be obtained if the 

transitions are longer than 5 chips. With this approach, one can synthesize a circular, 
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multi-tone signal that is based on a specific standard from a very long sequence 

without having access to a waveform generator. 

There are a number of criteria for selection of the target sample, k. If we are 

performing a modeling operation, we may want to select a region with more peaks to 

increase the confidence of the component at the higher signal levels. If we are testing a 

model or DPD algorithm, we may wish to select the region at random. By selection a 

number of regions in a long sequence we can generate an ECV plot (discussed in 

section 2.3.2). 

 

 
Figure 2.19  Hardware or software based waveform generator, taking data, DA, as an 

input and generating a complex baseband waveform xA. 

2.3.1.2 ABA Technique 

This approach, the ABA technique, can be used if one has a mechanism 

(software or hardware) to generate a complex baseband waveform according to a 

standard (Figure 2.19). Note, for the rest of this chapter, we are dropping the 

underscore that denotes a vector of samples that form the sequence. For the ABA and 

shallow AA techniques, it is assumed that long scrambling codes are external to the 

waveform generation block being used. The problem with waveform generators we 

are addressing is the influence of their internal state. It is assumed that the internal 

state of the generator is tied to FIR filters (and maybe the convolutional encoders) that 

DA xA

Waveform

Generator



52 

 

have a length shorter than the waveform sequence length used by the instrumentation. 

They often start with buffers set at zero, resulting in a start-up transient. In this 

approach, two sets of data are used – DA and DB to generate the waveform sequence xA 

and xB. By sending data into the generator, DA, DB, then DA again, one generates a 

circular specification compliant waveform from the xB, xA waveform sequence (Figure 

2.20). 

 

Figure 2.20  ABA waveform generation, using two data sequences, DA, DB, as inputs 

and generating a complex baseband waveform xB xA. The initial transient and x'A must 

be removed from the final sequence x  

The initial data sequence, DA, is presented to the generator and produces the 

output, xA’. This initial data sequence flushes zeros out of the buffers and sets an initial 

condition, state or context in the generator. The second data sequence, DB (which can 

be much longer), generates a sequence xB using this initial, knowable, non-zero state 

for the generator. In this way the waveform sequence, xB, is independent of what 

occurred before the input data DA. Lastly, a final data sequence is presented to the 

generator, identical to the initial data sequence, DA. The output of this final sequence 

is a waveform sequence, xA. Assuming the sequence DA is sufficiently long, the last 
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samples of xA’ will be an identical match to the last samples of xA. By constructing the 

data sequence in this way, a circular waveform can be generated directly from a 

hardware or software waveform generator. 

2.3.1.3 AA technique 

In the process of optimizing the ABA technique for speed, another approach 

was realized, which uses one, repeated data sequence. When the difference between 

the current waveform sequence and the previous waveform sequence goes to zero, the 

last waveform sequence is circular. The length of the startup transient relative to the 

length of the waveform becomes a distinguishing feature between the algorithms. This 

procedure works with short startup transients or long startup transients. 

 

Figure 2.21  AA waveform generation, using one repeated data sequences, DA, as an 

input and generating a complex baseband waveform xA. The initial transient and x'A 

must be removed from the final sequence xA  

In one case, the sequence of data is longer than the buffers (Figure 2.21). Here 

the output from the first sequence, A1, and the second, repeated sequence, A2, approach 

each other very quickly, then match within a fraction of the total length, N. By 
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monitoring the convergence of the first and second sequence outputs, the simulation 

can be truncated once the outputs match. 

Another case is when the pattern is shorter than the buffer lengths within the 

generator. In this case, the data sequence, DA, must be repeated many times (Figure 

2.22). Here the changes between waveform sequences Ai and A(i-1), are used to 

determine when we have looped over the data sequence a sufficient number of times. 

Once the waveform sequences Ai and A(i-1) converge, a periodic sequence has been 

achieved. 

 

Figure 2.22  The AA waveform generation with a long startup transient uses one data 

sequences, DA, repeated multiple times as an input and generating a complex baseband 

waveform xA. The initial transients, x''A and x'A must be removed from the final sequence 

xA. 

2.3.2 Ensemble CCDF Variation 

When generating sequences for use in instrumentation, in addition to ensuring 

circularity, the PAPR should be consistent with the standards based waveform 

dynamic in that time frame. The CCDF is often used to provide a high level 

description of the waveform statistics and is defined and used for very long sequences 
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(1000’s of chips). For shorter sequences, the CCDF is going to have a statistical 

spread[72]. The ensemble CCDF variation (ECV) plot is generated by extracting fixed 

length sub-sequences from of the longer waveform, calculating the sub-sequence 

CCDF, and adding statistical contours to the CCDF plot. By generating 1000 sample 

sequences, and tabulating the CCDF of these waveforms, we can enumerate the 

percentile contours, with are related to standard deviation contours (Table 2.1). 

Table 2.1  Gaussian approximation for CCDF bins 

1000  

Samples 

# of  

std. dev. 

Percentile  

(%) 

994 -2.5 σ 0.6 

977 -2.0 σ 2.3 

841 -1.0 σ 15.9 

500 Mean 50.0 

159 1.0 σ 84.1 

23 2.0 σ 97.7 

6 2.5 σ 99.4 

 
 

For characterization of PAs, test waveform need to be sufficiently rich to 

exercise the natural modes of the device under test and evaluate the impact of these 

distortions on the demodulated signal. The most significant "natural mode" of power 

amplifiers is their saturation and at maximum drive levels. The characterization 

waveform should hit these peak signal levels to characterize the saturation region. 

When following good practices, the test waveform is a new sequence that was not 

included in the training and will have a PAPR lower than the test sequence. 
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Figure 2.23  Power spectral density of 2 carrier WCDMA. 

As an example we consider a two carrier W-CDMA signal, synthesized by 

starting with two independent, finite length, circular WCDMA signals and converting 

them to the frequency domain with a FFT. Each is output waveform is shifted by a 

half channel spacing (in opposite directions), the spectra are added (Figure 2.23), and 

the inverse FFT is performed to return to the time domain. Since demodulation of both 

of these composite signals is quite an elaborate operation, so we use the normalized 

power RMS error (NRMSE) [52] (which is related to the EVM) to allow fast 

evaluation of waveform quality. Performing this operation 10 times and plotting the 

CCDF for each of these sequences, we can see that the CCDF and PAPR have a 

spread (Figure 2.24). The ECV plot in Figure 2.25 is obtained by generating 1000 

sequences, calculating the CCDF of each and plotting the CCDF percentile entries for 

the targets in Table 2.1. 
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Figure 2.24  CCDF of 10 two carrier WCDMA waveforms, with a range of PAPR from 9 

– 10.5dB. 

 
Figure 2.25  Ensemble CCDF variation plot from 1000, 2 carrier WCDMA sequences 

(0.61 mseconds) after circularity, but without any decresting operations. 

2.3.2.1 Decresting 

One way to control the increasing PAPR and wide range of PAPR in short 

sequences is decresting. When decresting is performed along with DPD a system 
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design can tradeoff in-band distortion and out-of-band distortion such that the system 

violates multiple distortion limits simultaneously at a higher transmit power level.  

The decresting used here is a clip and filter [73] form that is used in CDMA 

and WCDMA systems and it generates in-band distortion without causing spectral 

regrowth. In our two carrier WCDMA example, the peak to average ratio of this time 

domain waveform is examined and decrested to different levels. Figure 2.26 shows 

how decresting the 10 example waveforms in Figure 2.24 by 1dB has an inconsistent 

impact on the NRMSE from 1-2%. This sequence of operations is performed to 

evaluate the viability of this decresting algorithm for this waveform and the 

performance budget. Each of the 10 waveforms are equally valid sequences. 

 
Figure 2.26  Impact on normalized power RMS error (EVM) as the two carrier 

WCDMA waveform is decrested different amounts. 
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Figure 2.27  Impact on normalized power RMS error (EVM) as decresting operation is 

performed to different target PAR. 

Decresting of the waveform is employed to improve the average power of the 

transmitter, avoiding issues associated with overdrive scenarios, so typically 

waveforms are decrested to a target PAPR level. Using the 10 two carrier WDCMA 

waveforms, Figure 2.27 shows how a specific target PAPR of 9dB will have an impact 

on the NRMSE of 0-2% depending on the waveform specifics. 

For the two carrier WCDMA example, the decresting algorithm is employed at 

two stages – once on each individual WCDMA signal and finally again on the 

composite signal. As stated earlier, when combined with DPD, decresting allows the 

system to trade margin in the time domain (NRMSE) for margin in the spectral 

domain (ACLR), in this way improving the total output power to a level that allows 

one to hit these limits simultaneously. 
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2.3.2.2 Impact of decresting on waveform statistics via ECV plot 

In a multi-carrier WCDMA system design phase, two of the impairments that 

are budgeted through the transmitter are EVM and ACLR (or other spectral emissions 

specifications). Implementing decresting with DPD allows the system architect to 

trade off inband distortion with out of band spectral emissions. When DPD is 

performed some of the ACLR and EVM can be reduced until saturation occurs (the 

PA cannot produce more than this, no matter how hard it is driven). In order to keep 

the PA from reaching saturation too often, the most aggressive decresting should be 

used with the given EVM budget. In a multi-carrier design, each carrier can be 

decrested independently, then again when they are combined to form a composite 

waveform. Using the ECV plot helps to identify where the waveform variations are 

still occurring after decresting. 

Using the same example, a two carrier WCDMA signal, we evaluate the range 

of waveforms we can expect with sequences of different lengths with and without 

decresting the initial single carrier signals, then again on the final composite 2 carrier 

waveform. With a sample rate of 107.52 MHz (28 x oversampled for WCDMA), we 

examine the ECV plots for test sequences 0.61 msec (2
16

 samples) by generating 1000 

random sequences and identifying the CCDF distribution according to Table 2.1. For 

this sequence without any decresting (Figure 2.25), we see that the 0.01% PAR ranges 

from 8.6dB to 10.8dB. As a result, most waveforms will be impacted when decrested 

to 8.6 dB. Activating a 7.6dB PAR target for the single carriers as a first round of 

CFR, we examine the ECV plots for final decresting targets of 9.6dB (Figure 2.28) 



61 

 

and 8.6dB (Figure 2.29). We can see that there is little variation in the 8.6dB, ECV 

over much of the distribution, making this a good candidate target for a shorter test 

waveform; however, the impact on EVM as part of the decresting operation must also 

be considered. When we tabulate the waveform EVM within the ECV plot, the impact 

of decresting to 8.6dB (Figure 2.30) when compared to decresting to 9.6dB (Figure 

2.31) can be quantified. If the EVM budget for decresting is ~5%, then the 9.6dB 

PAPR target must be used, but if we can tolerate up to 10% EVM, then a PAPR of 

8.6dB can be used. 

 
Figure 2.28  ECV plot from 1000, 2 carrier WCDMA sequences (0.61 msec) after 

circularity and precombining WCDMA decresting to 9.6dB. 
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Figure 2.29  ECV plot from 1000, 2 carrier WCDMA sequences (0.61 msec) after 

circularity and precombining WCDMA decresting to 8.6dB. 

 
Figure 2.30  NRMSE histogram from 1000, 2 carrier WCDMA sequences (0.61 msec) 

after circularity and precombining WCDMA decresting to 9.6dB. 
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Figure 2.31  NRMSE histogram from 1000, 2 carrier WCDMA sequences (0.61 msec) 

after circularity and combining 2xWCDMA decresting to 8.6dB. 

2.4 Summary 

In this chapter of the dissertation, the Blackbox ABC model is introduced with 

extraction methodologies that work with pulsed waveforms or modulated waveforms. 

This model is attractive since it can easily be partitioned into a compression 

characteristic (modeled as a polynomial) and a linear memory component (modeled 

with system identification techniques). This is particularly useful in capturing physics 

based memory effects that are generated by an internal state of the PA.  

The research into waveform synthesis, selection and evaluation is also covered 

in this chapter. With measurement systems having limited memory depth, the 

generation and selection of waveforms to use for characterization and test can have a 

significant impact on a models range of validity. When waveforms have a limited 

duration, waveforms must be modified to ensure they are circular (with minimal 
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temporal or spectral disruption at the repeat point) and the CCDF of the waveform is 

better represented with a distribution as presented by the ECV plot.  

 Chapter 2, in part, is a reprint of material as it appears in two publications: 

2003 IEEE MTT-S International Microwave Symposium Digest, "Time domain 

characterization of power amplifiers with memory effects," Paul Draxler, Ian 

Langmore, Tsai-Pi Hung, Peter M. Asbeck, June 2003; 2006 67th ARFTG Conference, 

"Statistical evaluation of finite length digital modulation sequences," Paul J. Draxler, 

Peter M. Asbeck, June 2006. The dissertation author was the primary author listed in 

these publications, directed and supervised the research which forms the basis for this 

chapter. 
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CHAPTER 3 
Expected Gain and Memory 
Mitigation 

Chapter 3 of this thesis presents research on an extraction methodology of the 

memoryless, expected gain term, Gave(x), used in the CDMA gain residue equation 

(2.23) and applications of this model to perform DPD and determine the limits of 

memory modeling. It has been observed that measurement error and modeling errors 

can introduce a bias to the memory model[74]. Memory portion of a model is assumed 

to be a zero mean process. Morgan also highlighted the desire to use a training 

waveform that is similar to the “actual random communication signal to be 

transmitted.” The motivation for using this type of waveform is to capture, within the 

measurement, the operational bias introduced by the memory effects in the power 

amplifier. Additionally, the memoryless model must provide a starting point for the 

memory model that minimized any bias caused by memoryless modeling mismatch. 

By systematically preprocessing the data, to tighten the confidence interval of the 

estimated mean, the digital predistortion and model fidelity will be substantially 

improved. 
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This chapter starts with a novel memoryless model extraction technique that 

utilizes the confidence interval and recognizes trends in the model within the 

performance estimate. This approach demonstrates robustness, efficiency and 

performance improvements over other techniques even with measurement 

impairments. The resulting model is consistently more accurate, with less variability 

and settles faster than other approaches even with short training sequences. This 

chapter also contains research into how a sufficiently accurate memoryless model can 

be used for DPD and quantifies the limits of memory compensation with a memory 

mitigation technique. Our research leverages the circular stationary feature of the 

measurement system to compensate for all the deterministic memory of the system, 

leaving only the non-repeating components. 

3.1 Expected Characteristics Modeling 

In the further exploration of optimal memoryless modeling, measurement 

issues, least squares fitting and issues related to the waveform statistics and transmitter 

dynamic range must be discussed. Measurement issues contaminate the training and 

testing sequences, causing problems with the extraction of memoryless models: 

specifically, input-output time alignment, phase drift associated, and limited 

instrumentation dynamic range (seen as flat noise spectral content). A portion of this 

sub-section is a review of these impairments, how they are addressed in our research 

and a review of polynomial coefficient extraction using least squares fitting. The last 

part of this sub-section discusses the waveform statistics. The research has focused on 

increasing the accuracy and efficiency in the context of the waveform statistics. Our 
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confidence interval based memoryless modeling approach is presented and compared 

to other memoryless model extraction techniques. In addition, DPD is optimal if the 

expected value can be compensated, leaving a zero mean variation. Therefore, one 

objective is optimal memoryless modeling because systematic errors in the 

memoryless model impact DPD performance limits as well as generate inaccuracies in 

memory models. Many time series techniques decompose signals into two orthogonal 

components: an expected value and a zero mean variance about the expected value[75, 

76].  

 

The continuous time (2.5) and sampled, complex envelope domain (2.13) 

behavioral models and are shown in Figure 3.1. By folding the historical state 

variable, Z(
.
) into the discrete time, complex baseband describing functions, we can 

reduce it to a behavioral model in the form: 

     ( )expn n n n n ny x j x x G x x      
 

 (3.1) 

 

Figure 3.1  Two port block diagram of RFPA with input, output, and gain labeled 

with memory. 

 

G(x, Z)xn yn(x, Z)

G(x(t), Z(t))x(t) y(x(t), Z(t))
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where, the recent past of the input at sample n, xn, is given by: 

 1

n

n

n

n k

x

x
x

x





 
 
 
 
 
 

 (3.2) 

with a memory depth of k and the functions Γ(
.
) and Θ(

.
) are describing functions of 

the amplifiers AMAM and AMPM characteristics, and both are folded into the 

complex nonlinear gain, G(
.
). In memoryless cases all three of these functions are only 

dependent on the current value, xn; however, the more general case contains 

dependence on the past. These addition parameters specify the historical and 

environmental context – most often defined by (3.2) the previous sample points, xn 

which will be discussed more in Chapter 4 of the thesis. In order to get an unbiased 

memory model, it is necessary to extract the best possible memoryless model. This 

section presents background information on and research into obtaining the best 

possible memoryless models. We begin with a review of instrumentation issues and 

established model extraction procedures. 

3.1.1 Measurement Issues 

There are a number of ways one can acquire modulated input and output 

sequences from an RFPA. Independent of the specific instrumentation, there are a 

number of issues that can obscure the model extraction – among them are noise 

(sampling, thermal and others), time alignment, and phase drift. 
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When acquiring a measured sequence, waveforms it is desirable to 

oversampled the waveform. The raw measurement data should be oversampled to 

capture all the significant information, but excess flat noise spectrum in the training 

sequence has an impact on the robustness of the memoryless model extraction. This 

distortion is not generated by the nonlinearity of the RFPA. Figure 3.2 is from a 

measurement where a portion of the PSD is at the noise floor. In this case the raw 

measurement has been decimated by a factor of 2. The output noise floor in Figure 3.2 

is at ~-18dBm/MHz at more than 4MHz offset from the center frequency. This noise 

floor is the result of either the number of bits in the ADC or thermal noise and will 

obscure a portion of the desired observations in both the time and frequency domain. 

By taking the raw measurement and decimating by 5 (Figure 3.3), we are able to 

adjust the sample rate to a value that eliminates most of the flat noise floor and focus 

the model extraction on spectral content of significance. Isolating the RFPA distortion 

from the measurement noise floor can be achieved by looking at the input / output 

EVM at the different sample rates with all other measurement issues equalized.  
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Figure 3.2  PSD of IS95 x, y sequences sampled at 23.188 MHz (~19x oversampled 1.23 

MHz). 

 
Figure 3.3  PSD of IS95 x, y sequences sampled at 9.239 MHz (~7.52x oversampled 

1.2288 MHz). 

Table 3.1 shows the impact of decimation on wideband noise (and the impact 

of other measurement impairments), reducing the input / output EVM from 2.547% 

(measurement and PA) to that generated by the PA alone (2.007%) – a reduction of 

20%. Since there are multiple layers of measurement impairments, when we approach 
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the limits of one impairment, the other impairments mask the optimal performance. 

When a model and a modeling methodology is susceptible to over fitting, this error 

can have a significant impact on the estimate of ACLR at larger offset frequencies. 

Table 3.1  Decimation impact on input / output waveform EVM. 

Decimation 2 3 4 5 

Resulting Frequency  

Span 
± 11.5 MHz ± 7.7 MHz ± 5.8 MHz ± 4.6 MHz 

Starting I/O EVM (%) 

Without Meas. Equalization 
2.547% 2.531% 2.302% 2.515 

Final I/O EVM (%) 

With Meas. Equalization 
2.086% 2.038% 2.020% 2.007% 

 

Memoryless polynomial models assume no delay between the input and the 

output. Measured input and output data of an RFPA has subsample delay; therefore, 

we need to ensure that the samples in the sequence are correlated in time. Being a 

mixed signal system there will be some finite delay due to the performance of the 

DAC, up-conversion, filters, RF chain, down-conversion and ADC components. The 

time alignment is determined by with the complex, cross-correlation of the input and 

output sequences. 

 ( ) [( )( ) ] [( )( ) ]xy n m n n n mR m E x y E x y 

    (3.3) 

where, E[
.
], is the expected value. Since both the complex baseband forms of the input 

and output have a zero mean, this is the same as the cross-covariance. When the input 
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and output are aligned in time, the samples about the cross-correlation peak are 

symmetric. Asymmetry in the points about the peak indicates a subsample offset. By 

using a cubic spline to interpolate subsample points in the neighborhood of the peak 

(Figure 3.4), we can accurately estimate the subsample offset, τ.   

 
Figure 3.4  Normalized cross-correlation (Rxy), of xn, yn, peak with interpolating cubic 

spline and both positive τ (left) and negative τ (right) subsample shifts. 

The subsample offset can then be used to define the appropriate weights of a 

full bandwidth (assuming decimation to the spectrally significant content), 

interpolating SINC, FIR filter. 
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 (3.4) 

The output sequence is split into real and imaginary sequences (3.5) and run 

through the interpolating filters, and recombined, resulting in a subsample shifted 

waveform (3.6). 
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 (3.5) 

 Re( ) Im( )n n ny y i y        (3.6) 

Another issue that was highlighted in Chapter 2 is a drift in the AMPM model 

over the measurement sequence. Some measurement systems are more susceptible to 

this issue than others, but the data used in Chapter 2 has this specific issue which has a 

significant impact on the model extraction and prediction accuracy. Estimation and 

compensation of this phase drift is another research contribution of this thesis.  

Looking specifically at the AMPM describing function of (3.1), Figure 3.5 

shows measured AMPM (blue) with an estimated phase drift, Δn (red). 

      meas n n n n nx x G x        (3.7) 
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Figure 3.5  Measured AMPM (blue) drifting over sequence length (Fs = 9.239 MHz) with 

estimated phase drift (red) using a 43.3 μsec average. 

The phase drift is estimated using a filter methodology to perform the a 

smoothing operation. In this case, the window, w(n), is a unity weighted rectangular or 

flat top window, (2j+1) long, which results the final simplification of (3.8), calculating 

the average AMPM over (2j+1) samples.  
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 (3.8) 

The data in Figure 3.5 is sampled at 9.239 MHz and a flat top window, w(n), of 

400 samples, or 43.3 μsec is used to estimate the phase drift. Figure 3.6 displays the 

drift compensated AMPM over the entire sequence (>6000 samples or 752 μsec). The 

NRMSE between the input and output is reduced from 2.52% to 2.24%. Performing 

this operation will blank out memory on the scale of the smoothing window length. In 

this case, memory effects 50 chips and longer are masked. 
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3.1.2 General Least Squares Extraction 

Reviewing fundamental extraction techniques, given N samples, one can 

extract P coefficients of a polynomial model uniquely when N=P. The data is training 

data is represented as an input sequence of samples, x(n): 
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xx
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x x x

x N x

  
  
  
   
  
  
     

 (3.9) 

and an output sequence of samples, y(n): 

 
Figure 3.6  Drift compensated AMPM of RFPA with IS95 signal (Fs = 9.239 MHz). 

0 2000 4000 6000 8000
-4

-2

0

2

4

6

Samples

A
M

P
M

 (
d

e
g

)

 

 

Drift Compensated



76 

 

 

1

2

3

(1)

(2)

(3)

( )
N

yy

yy

y y y

y N y

  
  
  
   
  
  
     

 (3.10) 

For sampled waveforms, we use the form of xn for the n
th

 sample of the waveform x. 

For each individual sample, the polynomial model is in the form: 
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      (3.11) 

By looking at all N samples at once, we can formulate this as a matrix operation: 
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 (3.12) 

This can be rewritten as: 

 [ ]y X a  (3.13) 

where, 
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Assuming, N points are used to extract a N order fit (where P=N), there is a 

unique solution. To find the solution for the coefficients, a, one must invert [X] and 

multiply by the measured output samples: 

 

1 1[ ] [ ] [ ]X y X X a a  
 (3.15) 

If we calculate the determinate of the matrix [X] and it is not zero, we assume 

no two samples are the same in the extraction sequence and the inverse exists. This is 

a direct extension of observations regarding the Vandermonde determinant[77] 
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  (3.16) 

When the Vandermonde determinant is non-zero, there exists a finite inverse 

of the matrix, [XV], as well as a solution for the coefficients, a. Furthermore, by 

tracking the parametric extractions, a, over different sequences, one can evaluate the 

fit of the model over time which is very helpful in real-time adaptive systems, but this 

thesis will focus on offline block level calculations. 

The input vector, x, is used to create the matrix [X]. When this is vector is 

measurement base there is noise added to this sequence; however, when this vector is 

the fixed point sequence feeding the DAC, the input levels are limited and issues with 

generating [X]
-1

 are more likely. For a given number of coefficients there is an optimal 
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sequence length for the extraction before samples of the input become too close to one 

another, causing extraction errors from singularity issues in [X]
-1

. 

When calculations are performed at a block level, it is desirable to have the 

total sequence length, N, larger than the model extraction sequence length, NE. 

Usually, the test sequence, NT, is the total sequence length, but is could be any 

compatible measured sequence with samples beyond those used in modeling – this 

reduces the risk of over-fitting the modeling sequence. Additionally, the model 

extraction sequence is often larger than the polynomial order, resulting in (3.13) being 

over-determined, making a direct inversion (3.15) not possible. In this case the pseudo 

inversion is performed: 

  
1

[ ] [ ] [ ]H Ha X X X y


  (3.17) 

where, [X]
H
 is the Hermitian transpose of the matrix [X]. This results in a least squares 

fit to the coefficients, a, with the model extraction sequence.  

3.1.3 Expected Gain with a Modulated Signal 

This subsection starts with some background material on statistical processing 

of data to support our research into applying these techniques to constructing AMAM 

and AMPM models from data. The technique uses the content of the modeling data to 

determine if the expected gain calculation should include more samples to achieve the 

targeted, 95% confidence interval for the estimated mean, or fewer samples to ensure 

proper modeling of a transition in the RFPA behavior. The inclusion of more points to 

reduce variance impact and reduction of points capture trends become opposing forces 
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in establishing the calculation window size. The subsection concludes with 

comparisons with other techniques. 

3.1.3.1 Sampling and Estimation Theory 

This subsection is sampling and estimation theory background. The 

calculations are built upon mean estimates and confidence intervals of the estimated 

mean. The confidence interval requires a standard deviation estimate. These estimates 

are built upon sample sets that range from small to large, so unbiased calculations are 

needed as well as small sample size adjustments to the confidence interval estimate. 

In general terms, the true mean or expected value of a variable, x, is μ. This 

value isn’t known, but can be estimated if we have a number of samples nearby with 

which to calculate an estimate, 

 1 2[ ] nx x x
E x x

n

  
   (3.18) 

where, n, is the number of samples being used for the estimate of the mean.  

The variance estimate can be calculated from a set of samples,  

 
2 2 2

2 1 2( ) ( ) ( )nx x x x x x
S

n

     
  (3.19) 

and the unbiased variance estimate, 2Ŝ , which is more accurate with small sample 

sets, is given as, 
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Confidence intervals can be associated with the estimated mean. Here we must assume 

a distribution (a student-t distribution) and decide on the frequency of mean estimates 

that would reside outside the confidence interval. For our work, we decided to work 

with 95% confidence intervals for the mean estimate. In general, 

 
 

ˆc c

x n
t t

S


    (3.21) 

where, tc, is the small sample correction factor based on the desired confidence 

interval. Figure 3.7 is a plot for tc used in the 95% confidence interval for the 

estimated mean. The confidence limits of the estimated mean for a population are 

generally given as: 

 
ˆ

c

S
x t

n
  (3.22) 

 
Figure 3.7  Small sample count factor, tc, for estimate of 95% confidence interval of 

estimated mean. 
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Figure 3.8  Histogram of IS95 uplink signal with PAPR=4.65 dB. 

3.1.3.2 Modeling Issues with Non-uniform Variance 

In Chapter 2 we sorted the samples by magnitude then used a Chebychev 

lowpass filter to estimate the average gain, Gave(x) when we used the IS95 signal 

(Figure 3.8). This is equivalent to a mean estimate with a fixed number of samples 

with a non-uniform weighting. By using a uniform weight filter for the calculation 

window and a variable calculation window size associated with each sample, we can 

directly use the standard sampling and estimation theory reviewed earlier in the 

section. 

The AMAM (Figure 3.9) and AMPM (Figure 3.10), show an increased gain 

variance at low voltages (Vin <0.2V) when compared to higher voltages (Vin >0.35V). 

This indicates there is more modeling information per sample at the higher voltages 

than at lower voltage levels. In general, when variance increases a better estimated 

mean is achieved by using more samples. A sequence with a fixed number of samples 
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is used to build a model, so to reduce the confidence interval of the mean estimate 

more samples are pulled from a wider range of Vin. Some samples will be outliers, but 

when the estimated mean of multiple neighboring samples fall outside the confidence 

interval a trend is formed. When a trend is detected, the number of samples in the 

calculation window should be reduced, in order to capture the trend. 

The AMAM and AMPM of this PA was presented in Chapter 2, but now has 

the AMPM drift compensated (Figure 3.10). The most effective way to present the 

mean AMAM and AMPM along with the 95% confidence intervals of the expected 

gain is on the complex gain plane, with contributing samples, the center of the 

distribution (mean) and error bars for the real and imaginary gain confidence intervals 

for the gain estimate. The AMAM and AMPM data are combined to create the 

complex gain, G(xn) in Figure 3.11.  

 

 
Figure 3.9  AMAM over Vin for measured RFPA. 
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Table 3.2  Calculation window summary at low, mid, and high voltage levels (at 1, 50 and 

99 percentile locations in the sorted training data). 

 1 percentile 50 percentile 99 percentile 

# of samples 31 31 31 

Estimated Mean 30.2 - i*0.45 29.2+i*0.140 27.0 + i*0.019 

95% Confidence Interval of 
Estimated Mean 

0.28 + i*0.26 0.10 + i*0.038 0.090 + i*0.018 

Symmetry in Confidence 
Interval (Re:Im) 

Symmetric 

1:1 

Some Asymmetry 

3:1 

Significant 
Asymmetry 

5:1 

95% Confidence Interval Size Large Small Small 

Consistency > 96% > 90% < 50% 

Effect on calculation window 
Grow sample 

count 
About right 

Reduce sample 
count 

 

 
Figure 3.10  AMPM over Vin for measured RFPA with phase drift compensation. 
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Figure 3.11  Complex gain, Gv(x) for measured RFPA with phase drift compensation. 

The signal distribution (Figure 3.8) demonstrates regions of low population 

densities at low (1 percentile) and high (99 percentile) voltage levels. At low power 

levels, the low population density coupled with the increased variance give rise to a 

larger 95% confidence region of the estimate of expected gain (Table 3.2). To 

highlight the issues associated with the larger variance at low voltages, we examine 

the complex Gave(x) samples (Figure 3.11) in three target regions: using a fixed 

number of samples (31) in three ranges, low (Figure 3.12), moderate (Figure 3.13) and 

high (Figure 3.14) voltages levels within the training sequence. The mean estimate 

(red dot) is contaminated in the low and high voltage cases by wide variance and data 

trends as can be seen by the non-circular distributions. The only way to counter the 

increased area of the confidence interval at low voltages is to increase the number of 

samples used in the estimate. As a counter force, when model trends are identified, the 
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number of samples should be reduced. For the high voltage bins, the number of 

samples should be decreased to properly characterize the model trends. 

 
Figure 3.12  Complex gain, Gv (x) for measured RFPA with 1 percentile population, in 

the low power range with larger variance, resulting in a larger window for the 95% 

confidence interval of the estimated mean. 

 
Figure 3.13  Complex gain, Gv(x) for measured RFPA with 50 percentile population. 



86 

 

 
Figure 3.14  Complex gain, Gv(x) for measured RFPA with 99 percentile population, 

with the RFPA operating in compression . 

3.1.3.3 Statistical Expected Gain Modeling 

Our objective in applying sampling and estimation theory to behavioral 

modeling is to create a methodology that automatically weights information within the 

dataset. This is achieved by reducing the negative impact of large variance at low 

voltages, utilizing the dense sampling and tight confidence intervals when they exist 

and providing greater emphasis to samples where there are trends. When building a 

model with the smallest number of training samples, reducing the confidence interval 

and identifying trends become opposing forces on establishing the calculation window 

size. One input to this algorithm is a target for the 95% confidence interval of the 

estimated mean, μci. 

Within the algorithm we calculate the estimated mean and the 95% confidence 

interval for each sample, using the sample specific calculation window, wn. When 
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trends are identified, wn will be reduced (increasing the confidence interval) and when 

the confidence interval is lower than μci, wn will be increased. By performing multiple 

passes, we are able to achieve a balance of these two opposing forces. 

 
Figure 3.15  Top level flow chart of statistical expected gain modeling. 

At the top level, the algorithm starts with a uniform, wn, and then identifies 

trends, looping through the samples reducing wn. Once the trends have had their impact 

on the calculation window, we increase wn as needed to reduce the confidence interval 

to the target level. The algorithm ends with a second trend loop, reducing wn when 

neighboring samples are highlighting a trend and do not collaborate. The result is a 
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table for |Vin| and a smoothed expected gain, Gv. This top level flow chart is given in 

Figure 3.15. 

This description examines each block of the algorithm and details the 

calculations and changes. The first functional block sorts the input sampled sequence, 

Vin, by magnitude to become, xk. In second block starts with a constant calculation 

window, wn, to each sample used to estimate the mean gain for each ranked sample, 
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  (3.23) 

The 95% confidence interval (CI) is also assessed at each sample to help 

identify model trends. Both of these calculations are repeated many times within the 

algorithm as the calculation window is modified. 

The third block is the first trend loop. It starts with an initial smoothing of the 

AMAM gain (by using the estimates at each sample) over |Vi| given in Figure 3.16; 

however, the PDF and variance of the samples within waveform causes a shift in the 

estimate of the expected gain. This is due to equal weighting of information per 

sample. Since the calculations are being done on a sample by sample basis, we should 

view these values and estimate over the ranked index. Figure 3.17 is the gain 

magnitude (blue) and the estimate of the expected gain magnitude (red) for each 

sample using a calculation window of 31 samples. Using this calculation window, 

Figure 3.18 is the 95% confidence interval (CI) for each sample. Figure 3.19 is a 
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histogram of the 95% CI in this first pass – we have a mean CI of 0.113 and a standard 

deviation of 0.0337, and worst case outliers 3x the mean, at 0.38.  

 
Figure 3.16  Gain plot with measured samples (blue dots) and the estimated gain using 

31 samples (red dots). 

 
Figure 3.17  Gain and estimated mean using a calculation window of 31 points over 

ranked samples. 

0 1000 2000 3000 4000 5000 6000 7000
25

26

27

28

29

30

31

32

Sample Index

G
a
in

 

 

Gain

Initial Gain Est.



90 

 

 
Figure 3.18  95% confidence interval of estimated mean within the neighborhood at each 

sample. 

 
Figure 3.19  Histogram of 95% confidence interval of estimated mean over training 

sequence before adjusting calculation window sizes (all window are fixed at . 

When a sample has a mean that is significantly different from its neighbors, 

then there are samples within the calculation window that have caused this shift. By 
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comparing the estimated means within each calculation window, neighboring samples 

can be identified as collaborating (when estimates are within the confidence interval) 

or violating (when estimates are outside the confidence interval). Figure 3.20 shows 

the first pass calculation window and a count of the violating neighbors within each 

calculation window. If the number of violating points are 3 or more or more than 15% 

then there is probably trend within the calculation window and the size of the 

calculation window should be decreased. 

 
Figure 3.20  Window size and number of samples within that window that are not within 

the confidence interval at that sample. 

The next phase of the algorithm reduces the calculation window size when 

trends are identified. The estimate at a sample, with its confidence interval establishes 

a range for the mean value. By comparing the estimated mean values for each sample 

in the calculation window, against this region, we identify probable trends. Figure 3.21 

examines a specific calculation window, the region is identified as the confidence  

interval about the estimated mean at sample 6500. There are nine samples in the 
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neighborhood that have estimated means within this range (they are collaborating) and 

the remaining 22 samples are outside this range (these are violating samples). When 

the number of violating samples is significant, the calculation window is reduced. This 

is repeated until the number of adjustments and violating samples are small over the 

entire range of the training set. The second trend loop (the fifth and final block) is very 

similar with slight changes in threshold values. 

 
Figure 3.21  Example of a trend at the high voltages. Ten samples about sample 6500 are 

within the initial confidence interval that was based on all 31 samples. The window size is 

refined to 9 based on this input. 

The fourth block is the confidence interval, calculation window expansion. 

This block modifies the calculation window size based on comparing the confidence 

interval to the target confidence interval. When the CI of a sample is larger than the 

target CI, more samples are added to the calculation window, expanding by a defined 
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amount, based on the current CI. Starting from (3.22) if the sample CI is too large, the 

number of samples must be increased. Starting from the calculation of the sample CI, 

 
ˆ
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   (3.24) 

To simplify the calculation, it is assumed the number of samples is larger than 

30, so the small sample factor, tc, is approximately the same for both new and old 

calculation window. The new calculation window size is approximated by, 
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 (3.25) 

After the size of the calculation is increased to achieve the target confidence interval, 

we go to the final block in the algorithm where the trend operation is repeated. 

Consistency of the samples within a calculation window is important to ensure that 

trends in the model are not smoothed over. 

Once the algorithm has been applied to the data, we examine the calculation 

window and the number of violating neighbors (Figure 3.22). The calculation window 

size at the high voltages has been reduced. There has been an expansion of the 

calculation window over much of the range to reduce the CI in the mid-range, and a 

balance of expansion and reduction of the calculation window is observed at the 

lowest voltage levels, to capture the low voltage trends buried within the increased 

variance. The training sequence, gain samples (blue) of Figure 3.23 and Figure 3.17 

are identical, but the estimate of the mean gain (red) is much smoother after the 
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adjustments to the calculation window size. A histogram of the confidence interval of 

the estimated mean gain (Figure 3.24) demonstrates the improvement (when compared 

to Figure 3.19). The mean of the confidence interval has been reduced to 0.755 and the 

standard deviation has been reduced by 25%. Even the outliers have been reduced 

significantly. Figure 3.25 shows the samples (blue) and the estimate of the expected 

gain at each sample over |Vin|, and an improvement in the estimated expected gain is 

significant when compared to Figure 3.16. The last portion of this sub-section uses 

examples to quantify the improvement. 

 

Figure 3.22  Calculation window size, and number of violating samples within that 

window, after all three phases of the algorithm. 
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Figure 3.23  AMAM over the sorted samples, measured (blue) and smoothed (red) after 

the application of the algorithm. Note the drop in the calculation window size in the 

regions of rapid transition at low and high voltages. 

 
Figure 3.24  Histogram of 95% confidence interval of estimated mean over training 

sequence after adjusting the calculation window sizes based on trending and confidence 

interval above target (0.08). 
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Other important features for model refinement based on the statistics within 

each calculation window, are bimodal distributions and asymmetry in the real and 

imaginary parts of the confidence intervals. These have been examined but not 

implemented in this version of the algorithm. 

3.1.3.4 Comparison with Other Models 

To determine the performance of this model, comparisons to other models will 

be performed with two waveforms in two simulation studies. The simulation studies 

evaluate the accuracy of the extraction model by changing the LUT size and the 

efficiency of the extraction by changing the training sequence length. Our objective is 

to determine the model that is most accurate with the least amount of input data. 

 

Figure 3.25  Measured AMAM (blue dots) and estimate of expected gain (red dots) after 

smoothing based on comparable confidence intervals and trend identification. 
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The Waveforms 

There are two waveforms that will be used to in the comparison of the models. 

Both are IS95 uplink sequences and have the same baseline measurement. Sequence 

#2 has been derived from Sequence #1 by cleaning up measurement issues found in 

the original sequences. A description of these sequences is provided in Table 3.3. 

Table 3.3  Description of test waveforms used to evaluate memoryless modeling 

approaches. 

 Sequence #1 Sequence #2 

Sample Rate wcx 6 wcx 2.4 

Time Alignment 4.45 nsec < 1.5 psec 

Phase Drift Slow drift +/- 1.25 degrees 

plus AMPM of +/- 1.5 

degrees 

No slow drift 

AMPM of +/- 1.5 

degrees 

IO NRMSE / EVM 2.547% 2.007% 

 

The Models 

The four models used in this comparison are described as: 

1. A LUT generated from a Chebychev filtering of the sorted samples (Chapter 

2). 

2. Two polynomial fits to the magnitude and phase raw data. The polynomial 

coefficients are determined by a least squares extraction using the training 

sequence. The orders of both polynomials are swept and the order with the 

best fit is used for the comparison. The size of the LUT generated from these 

polynomials is also swept to examine extraction accuracy. 
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3. One complex polynomial fit to the complex gain. The polynomial 

coefficients are determined by a least squares extraction using the training 

sequences. The order of the polynomial is swept and the order with the best 

fit is used for the comparison. The size of the LUT generated from these 

polynomials is also swept to examine extraction accuracy. 

4. A complex polynomial fit to the smoothed complex gain from the statistical 

expected gain procedure. The order of the polynomial is swept and the order 

with the best fit is used for the comparison. The size of the LUT generated 

from these polynomials is also swept to examine extraction accuracy. 

The Performance Metrics 

A time domain metric and a frequency domain metric are used. In some cases the 

frequency domain metric will be more sensitive and in others the time domain metric 

will be more insightful. 

1. Sample by sample, NRMSE between measured output and predicted output. 

This metric is provides an indication of EVM without a full demodulating 

the waveform.  

2. This waveform is an IS95 waveform that has a 1.25 MHz channel spacing. 

The spectral regrowth performance metric is defined to easily identify the 

model performance and not associated with the IS95 standard. We examine 

the 5MHz integrated power at two offset frequencies: 5.0 MHz, and 12.5 

MHz offset (Figure 3.26). From 9-10 MHz offset, there are images from the 
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upsampling operation. These images are avoided with by using these two 

offset ACLR windows. Much of the spectral content in these offsets are 

model based extrapolations, below the measurement noise floor (Figure 3.2). 

When these metrics are performing as expected, they are a good indication 

of a robust model. When they are performing badly, they are often an 

indication of a poor model with introduced noise (possibly from over-fitting 

the training sequence). 

 
Figure 3.26  Predicted output PSD after decimation and upsampling with 5.0MHz and 

12.5 MHz ACLR highlighted (both with 5MHz integrated bandwidth).  
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Modeling Studies 

Using both waveforms, examine how well the four models perform for two modeling 

studies: 

1. Given a training length of the full sequence, build models and compare the 

predicted output to the measured output. Build different size LUT’s from the 

intermediate polynomial (or LUT). 

Table 3.4  Model comparison with waveform 1 and entire sequence training and testing. 

The starting IO NRMSE is 2.55%. 

 Model 1 Model 2 Model 3 Model 4 

LUT size 40 1177 40 1177 40 1177 40 1177 

NRMSE 1.87 % 1.82 % 1.89 % 1.87 % 1.89 % 1.89 % 1.83 % 1.83 % 

SEM A -53 dB -55 dB -55 dB -56 dB -56 dB -56 dB -56 dB -56 dB 

SEM B -68 dB -65 dB -77 dB -83 dB -81 dB -85 dB -89 dB -91 dB 

SEM A: 5 MHz bandwidth, offset by 5.0 MHz 

SEM B: 5 MHz bandwidth offset by 12.5 MHz 

 

 

Table 3.5  Model comparison with waveform 2 and entire sequence training and testing. 

The starting IO NRMSE is 2.007%. 

 Model 1 Model 2 Model 3 Model 4 

LUT size 40 1089 40 1089 40 1089 40 1089 

NRMSE 1.00 % 0.97 % 1.03 % 1.07 % 1.10 % 0.99 % 0.98 % 0.97 % 

SEM A -58 dB -59 dB -58 dB -59 dB -59 dB -60 dB -60 dB -59 dB 

SEM B -70 dB -66 dB -79 dB -89 dB -80 dB -89 dB -86 dB -93 dB 

SEM A: 5 MHz bandwidth, offset by 5.0 MHz 

SEM B: 5 MHz bandwidth offset by 12.5 MHz 
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Figure 3.27  Predicted output PSD after decimation and upsampling of all four models 

based on extractions using waveform 1 and a 40 bin LUT.  

Waveform 1 appears to have comparable performance for all models in 

NRMSE (Table 3.4) predicting approximately 0.75% distortion, but when we look at 

the corresponding ACLR at 12.5MHz offset (SEM B) we can see that the Chebychev 

LPF model (Model 1) has a potential problem. Figure 3.27 shows the full PSD of the 

four models with a 40 bin LUT. We can see that the far out spectral regrowth flattens 

out for Model 1, indicating that white noise has been introduced into the simulation. 

This white noise is a result of errors that have become part of the LUT. Although we 

do not have measured data for this comparison (this offset is below the noise floor), 

there is no reason to project this much colorless spectral regrowth from this PA. The 

model that performs the best with smallest LUT is Model 4 (based on the statistical 

expected gain procedure). This indicates that there is greater accuracy in the 

polynomial throughout the range.  
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Figure 3.28  NRMSE / EVM between modeled and measured output vectors. This plot is 

using waveform 2 and the best polynomial model, sweeping the number of bins of the 

prediction LUT. 

Waveform 2 shows a reduced NRMSE between the measured and predicted 

output waveforms over all the models ( 

Table 3.5). Each model has estimated between 0.9% and 1.0% distortion, 

which is more distortion than from waveform 1. By having less measurement noise, all 

the models are able to more clearly capture the distortion. Figure 3.28 demonstrates 

the accuracy of the intermediate models by sweeping the size of the interpolating LUT 

after the creation of the intermediate polynomial or LUT model. Model 4 has 

converged to a low NRMSE the fastest, demonstrating greater accuracy. Model 1 

briefly drops to a lower NRMSE, but the SEM B performance in this region is 

different by 27dB. 
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Fundamentally, this experiment highlights any issues in the intermediate 

polynomial / LUT generation exposing issues modeling noise and over fitting. 

2. Using two target LUT sizes (a minimal LUT and a large LUT), examine if 

the training length size has an impact on the accuracy of the model. The 

tabulated results are of NRMSE only. The ACLR performance of the models 

from the earlier study is also observed in this study.  

Table 3.6  Model comparison with waveform 1: various length training sequences, full 

length testing. The starting IO NRMSE is 2.55%. 

 Model 1 Model 2 Model 3 Model 4 

Seq. 
(usec) 

LUT 
size 60 180 60 180 60 180 60 180 

702 EVM 1.88% 1.83% 1.89% 1.87% 1.89% 1.89% 1.83% 1.83% 

351 EVM 1.86% 1.84% 1.84% 1.84% 1.89% 1.89% 1.84% 1.83% 

215 EVM 1.86% 1.84% 1.85% 1.84% 1.89% 1.89% 1.83% 1.83% 

108 EVM 1.85% 1.85% 1.85% 1.85% 1.89% 1.89% 1.84% 1.84% 

54 EVM 1.87% 1.89% 1.97% 1.96% 1.90% 1.89% 1.85% 1.84% 

 

Table 3.7  Model comparison with waveform 2: various length training sequences, full 

length testing. The starting IO NRMSE is 2.007% 

 Model 1 Model 2 Model 3 Model 4 

Seq. 
(usec) 

LUT 
size 60 180 60 180 60 180 60 180 

702 EVM 0.99% 0.96% 1.01% 0.99% 1.09% 1.07% 0.97% 0.97% 

351 EVM 0.99% 0.98% 0.98% 0.97% 1.07% 1.07% 0.97% 0.97% 

215 EVM 1.02% 1.00% 0.98% 0.98% 1.07% 1.07% 0.97% 0.97% 

108 EVM 1.01% 1.03% 0.99% 0.99% 1.08% 1.08% 0.98% 0.98% 

54 EVM 1.15% 1.17% 1.03% 1.03% 1.11% 1.10% 0.99% 1.02% 
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A summary of simulation study results, using waveform #1 is presented in 

Table 3.6. Within this table most models and most training sequences have acceptable 

NRMSE performance. Model 1 has SEM B issues with all training sequence lengths. 

The difference between the models starts to show when we reduce the training 

sequence down to 54 usec. In order to see how much noise has been captured in the 

intermediate polynomial / LUT, we sweep the interpolating LUT (as in the first 

simulation study). Figure 3.29 demonstrates how Model 1 is quite inconsistent with 

short training sequences and Model 4 settles into the target performance window using 

60 bins. Even with the measurement impairments, Model 4 has faster convergence to 

the most accurate model even with this short training sequence. 

 
Figure 3.29  Waveform 1, NRMSE / EVM between modeled and measured output 

vectors. This plot is using a 54 usec training sequence, and the best intermediate 

polynomial model, sweeping the number of bins of the prediction LUT. 
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A summary of the simulation study results using waveform #2 is presented in  

Table 3.7. Within this table many of the values are within a few percentage 

points of the minimum NRMSE. It was shown in the earlier simulation study that 

Model 1 has spectral regrowth issues, that was confirmed again in this study. Figure 

3.30 shows the model accuracy with the 54 usec training sequence as the interpolating 

LUT is swept. The model that settled into this target performance level with the 

shortest sequence is Model 4, although all models are showing variability even with 

larger table sizes with such a short training sequence. 

Fundamentally, this experiment demonstrates how effective the modeling 

methodology uses the information within a limited sequence. The model that 

minimizes the noise embedded within the intermediate polynomial / LUT generation is 

most effective at using the information within the training sequence. 
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Figure 3.30  Waveform 2, NRMSE / EVM between modeled and measured output 

vectors. This plot is using a 54 usec training sequence, and the best intermediate 

polynomial model, sweeping the number of bins of the prediction LUT. 

With both test simulation studies, we see that the polynomial model based on 

the smoothed complex gain from the statistical expected gain procedure is most 

efficient at using the information within the training sequence and minimizes the 

modeling errors, resulting in interpolating LUTs that are smaller and more compact. 

This was true when there is significant interference from measurement noise. The 

original measured output waveform (waveform #1) contained distortion contributions 

from the measurement impairments (about a third), memoryless distortion (about a 

third) and other memory and noise (about a third). After the measurement impairments 

were removed (waveform #2) about half of the remaining distortion can be predicted 

by a memoryless distortion model, leaving ~1.0% associated with memory effects or 

other contributing noise sources. 
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3.2 Expected Gain for Memoryless DPD 

Behavioral models are used in system simulations to model the RFPA, but also 

to create DPD blocks that compensate for the distortion of the RFPA. In this section, 

we discuss DPD based on memoryless models and in the next chapter we will discuss 

DPD based on memory models. There are many publications that describe 

memoryless DPD[35, 78-80], this section starts with a general view of memoryless, 

LUT based DPD, which is narrowed down to the application of DPD consistent with 

the thesis, the setup for memory mitigation, and the application to ETPA’s. This 

presentation is focused on open loop DPD and assumes that the system bandwidth is 

much larger than the modulation or DPD bandwidth, the feedback path doesn’t 

introduce any impairments, and all the sampling rates are sufficiently high that 

aliasing in the digital domain is avoided. 

For the discussion of this section, we will examine a generic, wideband, 

transmitter architecture with a memoryless DPD LUT (Figure 3.31).  

 

 

Figure 3.31  Transmitter with feedback and predistortion block. 
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The waveform into the DPD block, x(n), is a sampled, scaled, baseband 

version of the target output signal, Vo(t). Typically, the output waveform isn’t captured 

directly, rather, it is observed through a down conversion path, where it is sampled and 

is the waveform, y(n). This output waveform can be decomposed into three 

components, the expected output from the memoryless model, plus a deterministic 

memory component (with a zero mean when the memoryless model is optimal for 

DPD), plus a random component. 

 ml mem ny y y y    (3.26) 

As shown in the previous section, the transmitter and PA has an impact on the 

waveform that can described by a memoryless compression characteristic, the mly  

component of (3.26). In Figure 3.31, this behavior is extracted as a memoryless model 

from the observed output y(n) and the output of the DPD block, using the 

methodology from the previous section. 

  ( ) ( ) ( )ml p py n G x n x n   (3.27) 

The objective of the DPD block is to generate a waveform xp(n) that when 

operated on by the transmitter, the continuous time output waveform, Vo(t), is a 

scaled, up-converted, and modulated form of x(n). This is done by making adjustments 

to the input waveform, xp(n), such that the feedback signal, y(n), is a scaled version of 

x(n).  
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In order to transmit a signal at a specific output power, utilize the full range of 

the DAC with transmit power control and reuse the LUT for each of these power 

levels, a number of things must happen. Digital pre-scaling is needed to match the 

input signal to the proper range of the LUT. Digital post scaling is needed to get the 

full range of the DAC over all levels of power control. Finally, an analog gain 

adjustment (AGC) is needed to provide the predistorted waveform to the input of the 

PA at the correct power level. The gain between the LUT and the PA input is a 

constant so the digital gain takes away from the analog gain in order to have controlled 

fixed point calculations, reasonable DAC utilization, and acceptable quantization 

noise.  

An alternative to this approach is to normalize the peak values of the 

waveforms to 1.0 and build the LUT such that these maximum values match 

throughout the chain. The result of this is an unpredicted shift in the output power, but 

effective DPD since the peak power is the same both before and after DPD. 

With both approaches, for PAs that don’t exhibit chaotic behavior, the 

relationship between the input voltage and output voltage of the PA is monotonically 

increasing. This provides a one-to-one mapping between the magnitude of the input 

and output voltages of the PA. By preprocessing the input data such that the variance 

has been smoothed and changes in trends are highlighted, the LS fitting of a 

polynomial model has been shown to be more robust, clean and efficient. For a given 

state of the scaling factors and upconversion chain gain state, the final LUT generation 

then provides a smooth mapping from xp(n) → yml(n). This table, is a one-to-one 
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mapping of a monotonic function, so it is applied in the inverse direction, y(n) → 

xp(n), where y(n) is a scaled version of x(n), allowing one to synthesize the input 

waveform to provide the target output signal for the specified state. 

 
Figure 3.32  Normalized Vin–Vout compression curve of SiGe CMOS PA. The plot 

includes measured data (blue dots), memoryless model (green line), and target behavior 

(red dashed line). 
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Figure 3.33  Normalized Vin–Vout of SiGe CMOS PA after memoryless DPD. The plot 

includes measured data (blue dots), memoryless model (green line), and target behavior 

(red dashed line). 

The algorithm normalizing the input and output waveforms peaks to unity, 

building the IO LUT and using this for the inversion to perform memoryless DPD on a 

CMOS PA[52]. The performance before DPD is given in Figure 3.32. The 

compression is very soft in this PA. After DPD, the comparison of the output to the 

target input signal is presented in Figure 3.33. 

3.3 Expected Gain for Memory Mitigation 

In this section, research is presented on an algorithm that uses the expected 

gain and periodic stationarity nature of the measurement system to compensate for all 

deterministic memory. This technique uses the expected gain model to perform a 

series of successive approximations to the input to achieve the desired output. The 
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adjustment is performed on each individual sample point, based on the estimated 

offset from an ensemble average, using a number of measurements. 

A complete inversion function for the memory effect isn’t easily obtained, so a 

measurement based approach of successive approximations has been devised to 

remove consistent shifts in gain for each individual sample. The measurement system 

uses a repeating sequence defining the modulation envelope. Multiple output captures 

provide an ensemble of sequences that are used to determine how a specific sample is 

shifted to achieve the target output value. Once an accurate memoryless model is 

available, Gave(x), an appropriate adjustment is made to each input sample that drives 

the output towards the target value. The updated input sequence is driven into the 

system to be measured multiple times for further refinement. Assuming negligible 

jammers and minimal chaos, this technique converges within 3-4 iterations. 

To compensate for the deterministic memory effect, the expected gain from 

section 3.1.3 is used to perform an initial memoryless DPD (section 3.2). Then the 

expected gain is used to adjust each sample in the sequence. Multiple captures of the 

sequence are needed to collect the n
th

 sample multiple times, to calculate an expected 

gain for that sample. The multiple captures of the output sequence form an ensemble 

of output waveforms. This ensemble of output waveforms is used to calculate the 

expected gain at each specific input value over the sequence. The expected gain at 

each specific sample, n, is:   

  1 2( ) ( ) ( ){ ( )}
( ( ))

( ) ( )

Myp n yp n yp n Myp n
G xp n E E

xp n xp n

     
    

  

 (3.28) 
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where, {yp(t)}, is an ensemble of output measurements. Here the expected value 

operation, E[ ], experimentally corresponds to a coherent averaging, which is an 

option on most vector signal analysis equipment to reduce the output variance, only 

here we are doing it in a coherent way, on each sample within a repeated sequence. 

The formulation to calculate the updated input waveform, x
i
, utilizes the output 

from the previous iteration, y
(i-1)

. With each iteration, the output error ec
i
 is calculated 

for each sample in the sequence, to determine what adjustments are to be made and 

evaluate the convergence: 

    0 0( ) ( ) ( ) ( ) ( )i i i

ce n G x n yp n G x n E yp n      
 

 (3.29) 

where G0 is the ideal target gain of the RFPA+DPD (a constant value), x(n) is the 

(scaled) target waveform and yp
i
(n) is one of the output captures after the i

th
 memory 

mitigation iteration. 

The iterative procedure updates each input sample of the waveform,  

 ( 1)( ) ( ) ( )i ixp n xp n x n   (3.30) 

to obtain an output sequence that is closer to a scaled version of the target waveform. 

Assuming the memoryless model, independent of predistortion, to achieve a change in 

an output sample, 

 ( ) ( ( )) ( ( )) ( )ave avey n G x n x G x n x n      (3.31) 
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adjust the input to account for the expected gain and the change in the expected gain. 

The adjustment to the input vector, Δx(n), is uniquely calculated for each sample in the 

sequence, based on the gain at that sample (3.28), the output error (3.29), the 

memoryless model, average gain, Gave(x): 

 
 ( 1) ( 1) ( 1)

( 1)

( ) ( ( )) ( )
( )

( ( ))

i i i

c

i

e n G xp n xp n
x n

G xp n


  



  
    (3.32) 

This method of successive approximations with a nonlinear function has 

attributes similar to the LMS algorithm where convergence is tied to a weighting 

factor, α, which balances the rate of convergence with the residual error at the higher 

iterations of convergence. By monitoring the error signals, we can evaluate the 

performance of the iterative procedure and terminate the optimization when 

appropriate (either with diminishing returns or divergence). Generally, with alpha in 

the range of 0.5-0.8 the algorithm converges within 2-3 iterations. If the number of 

iterations is greater or the errors are significantly different than the measurement noise 

floor there is one or more measurement issue – either the PA is chaotic (possibly with 

oscillations), there may be spurs or other signals contaminating the measurement. 

Although, with a smaller alpha, the number of iterations increases with the 

convergence approach the measurement noise floor. 

If this were a noiseless, linear gain block, and superposition held, there would 

be no question of convergence; however, in the case we are looking at, the amplifier is 

nonlinear and the contraction mapping theorem predicts a stable solution only if the 

error sequence is progressively decreasing (and thus, an inverse exists).  
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Memory mitigation does not lend itself to predistortion of a unique or novel 

sequence. The deterministic memory compensated with a memory mitigation are not 

associated with a memory model and do afford an option to predict an output. The 

process of determining how to adjust a sample point in a novel sequence based on the 

previous samples using this technique requires further investigation. 

The metric used to quantify the overall error for iterative convergence was the 

RMS error: a single sequence RMS error (indicative of the final performance) and an 

ensemble RMS error (an indication of the level of deterministic memory effect 

remaining). When each output sequence is obtained, a normalized RMS error is 

calculated. This value is based on normalized input and output waveforms: 

 N

xGy

EV n

nn

rms
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2

 (3.33) 

Following the ensemble averaging approach utilized in(3.28), we can extend 

this metric to evaluate the convergence of the deterministic memory effects with the 

average ensemble output waveform: 
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 (3.34) 

resulting in the ensemble RMS error, where the expected value of the normalized 

output sequence is calculated at each sample point, n across the ensemble. As expected 
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from the central limit theorem, we observe a 1/√M convergence behavior, where M is 

the number of samples in the ensemble. 

This algorithm has been applied to numerous amplifiers, but two will be 

reported here: a handset PA and a base station PA – both for WCDMA. A slight 

reconfiguration of the envelope tracking bench was used to perform both tests.  

What follows is an application of the memory mitigation algorithm to a SiGe 

BiCMOS WCDMA handset power amplifier[52, 81] with dynamic voltage biasing. 

The measured Vi-Vo compression characteristics are given in Figure 3.32 along with 

the memoryless model. We used this memoryless model for DPD and modified the 

input waveform (Figure 3.33). The memory mitigation algorithm was applied to adjust 

the individual samples in the sequence. Figure 3.34 shows the progression of NRMSE 

(EVM) of each measurement capture and of the ensemble average for each iteration. 

The Vin–Vout plot, after memory mitigation (Figure 3.35) shows the measurement, 

memoryless model and target almost coincident. The measurement EVM between the 

measured output signal and the ideal target waveform ranges between 0.5% and 0.9%. 

Iteration 1 in the plot has just the memoryless DPD modification to the signal. 

Iteration 2 is the first application of the memory mitigation adjustment. Iteration 3 for 

all practical considerations is converged. The changes in EVM for each measurement 

from iteration 3 onward are in the same range, although subtle changes in the input 

waveform do provide better ensemble averages. For these measurement, this amplifier 

is operating at the high end of the low power setting (Pout = 50mW), and went from 

an initial EVM of 2% (with just DPD) to below 0.9% with memory compensation. 
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Figure 3.34  Memory mitigation progression with each iteration when applied to the 

SiGe CMOS PA. The plot includes NRMSE (EVM) of each measurement (red circles) 

and the ensemble NRMSE (blue). 

 
Figure 3.35  Normalized Vin–Vout of SiGe CMOS PA after memory mitigation. The plot 

includes measured data (blue dots), memoryless model (green line), and target behavior 

(red dashed line). 
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A second application of memory mitigation is on a power optimized, envelope 

tracking base station power amplifier using a LDMOS device with a WCDMA 

signal[59]. Figure 3.36 shows compression characteristics before digital predistortion, 

the NRMSE was over 20%, mostly due to the AMPM (Figure 3.37) of the ETPA. 

After memoryless DPD (Figure 3.38) the NRMSE is 3.4%. The memory mitigation 

algorithm was applied four times (iteration 2 through 5) after the memoryless DPD 

(Figure 3.39), yielding a final Vin-Vout curve (Figure 3.40) that has the three trajectories 

superimposed on one another. After memory mitigation the NRMSE is in the range of 

0.9%-1.4%. In this case the alpha chosen was smaller resulting in more iterations 

being used for convergence. 

The expected characteristics of the gain are the basis for all the DPD models 

used on envelope tracking experiments, some of which have used techniques that 

utilize statistical preprocessing of the samples, non-uniform bins, and special attention 

being given to the confidence intervals. Furthermore, many of the ET experiments at 

UCSD have also employed the memory mitigation technique to dial out all the 

deterministic memory. In general, it has been used to demonstrate the stability of the 

power amplifier, supply modulator and measurement system by providing an optimal 

performance ACLR target that could be achieved by an unspecified, sufficiently 

complex, accurate inverse memory model.  
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Figure 3.36  Normalized Vin–Vout compression curve of LDMOS ETPA. The plot includes 

measured data (blue dots), memoryless model (green line), and target behavior (red 

dashed line). 

 
Figure 3.37  Normalized AMPM of LDMOS ETPA. The plot includes measured data 

(blue dots), memoryless model (green line), and target behavior (red dashed line). 
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Figure 3.38  Normalized Vin–Vout compression curve after memoryless DPD of LDMOS 

ETPA. The plot includes measured data (blue dots), memoryless model (green line), and 

target behavior (red dashed line). 

 
Figure 3.39  Memory mitigation convergence of LDMOS ETPA. The ensemble here was 

reduced to 4 sequences. The plot includes NRMSE (EVM) of each measurement (red 

circles) and the ensemble NRMSE (blue). 
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Figure 3.40  Normalized Vin–Vout of LDMOS ETPA after memory mitigation. The plot 

includes measured data (blue dots), memoryless model (green line), and target behavior 

(red dashed line). 

3.4 Conclusion 

Our research into expected gain characteristics modeling has provided a 

methodology that generates an adaptive calculation window for estimating the 

expected gain that effectively provides additional weight to samples in novel regions 

of the AMAM and AMPM curves, reducing the weight to samples with where there is 

larger variance. This data processing step has been shown to consistently and 

efficiently generate complex polynomial models that are more accurate with smaller 

training sequences than other approaches. The research revealed AMPM phase drift 

and other measurement impairments, which we were able to compensate and achieve a 

33% increase in the memoryless distortion estimates, reducing the unmodeled 

distortion by 45%. 
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Another key research contribution is the application of the expected gain to 

compensate for all deterministic memory over the entire sequence – demonstrating the 

stability of the measurement system and the limits of memory compensation. 

Furthermore, this allows us to determine the limits of memory modeling in the lab, 

before implementation of a memory DPD algorithm. Computational effort for 

additional terms of memory based DPD can properly weighed against the incremental 

performance benefits. 

Chapter 3, in part, is a reprint of material as it appears four papers:  2005 IEEE 

MTT-S International Microwave Symposium Digest, "Memory effect evaluation and 

predistortion of power amplifiers," Paul J. Draxler, Jun Deng, Donald F. Kimball, Ian 

Langemore, Peter M. Asbeck, June 2005;  2008 IEEE MTT-S International 

Microwave Symposium Digest, "Quantifying distortion of RF power amplifiers for 

estimation of predistorter performance," Paul J. Draxler, Anding Zhu, Jonmei J. Yan, 

Pavel Kolinko, Donald F. Kimball, Peter M. Asbeck, June 2008;  2012 IEEE 13th 

Annual Wireless and Microwave Technology Conference (WAMICON), Paul J. 

Draxler, Jonmei J. Yan, Donald F. Kimball, Peter M. Asbeck, April 2012;  2012 IEEE 

MTT-S International Microwave Symposium Digest, "Nonlinearity consideration of 

GaN based envelope tracking power amplifiers," Paul J. Draxler, Donald F. Kimball, 

Peter M. Asbeck, June 2012. The dissertation author was the primary author listed in 

these publications, directed and supervised the research which forms the basis for this 

chapter. 
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CHAPTER 4 
Volterra Models for RF Power 
Amplifiers 

In this chapter, we present Volterra series based models that have been found 

to work for modeling RFPA’s with fixed bias and modulated bias configurations.  The 

Volterra series has a very general form which results in an excessive number of 

parameters, but when truncated the parameters can be reduced to levels that are 

reasonable for extraction and use in the digital signal generation circuits.  Truncation 

occurs by either predefining the form of the terms to be used or by pruning non-

contributing terms from the solution.  Our research has focused on a number of 

specific features of Volterra series models: how truncated Volterra series models can 

be used in DPD, specialized Volterra series models that can be used in systems with 

memory effects that are distinctly different in linear and saturated operating regions. 

The research contributions in this chapter are predominantly in collaboration 

with visiting scholar, Anding Zhu.  In the paper[64], the two primary contributions 

how a post-inverse model can be used to generate a pre-inverse model and insights 

into the match between the DDR based Volterra Series and the physics that cause 

memory effects in RFPA, making this truncated form ideal for inverse modeling.  In 
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the paper[63], the research contribution was the realization that the Volterra model 

needed a threshold feature for ET applications. 

4.1 Volterra Series Introduction 

The Volterra Series is a very general expansion which describes the output of a 

system as a general series of terms, with delayed values of the input to various orders: 
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where y(t) is the output of the system, x(t) is the input of the system, the Volterra 

kernels are the coefficients, h(.), and the Volterra terms are the products of the delayed 

input entries.  The formulation can be converted from a continuous time format and 

refined for discrete time applications to: 
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The full Volterra series contains all polynomial orders and memory to a depth 

of M of all orders with nonlinear mixing of the echo terms.  In the general form, there 

are too many Volterra terms, resulting in an extraction process that has to obtain a 

large number of Volterra kernels.  In this form, this solution has too many degrees of 

freedom for a robust solution, so in most applications, the Volterra series is truncated. 
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Another general form of the Volterra series that is particularly insightful is a 

discrete time, finite memory, parallel FIR complex baseband[82]: 
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 (4.3) 

where we can see the Volterra series as a combination of nonlinear FIR filters.  If we 

degenerate to only the linear terms, we have a simple FIR filter, whereas, if we 

degenerate to only the memoryless terms, we have a simple polynomial compression 

characteristic. 

The form of these equations have input samples, x(n) and output samples, y(n).  

These samples can be assembled into vectors, such as the output vector, y.  The 

individual coefficients, or Volterra kernels, can also vectorized to form h.  Volterra 

terms are products of the input samples, with past samples and possible conjugation.  

The Volterra terms in (4.2) have the form, 
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These Volterra terms are assembled into the matrix [X] by use of a procedure.  

Using these constructs, we can obtain a solution for the Volterra coefficients using the 

least squares procedure as presented in Chapter 3. 
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 [ ]y X h   (4.5) 

Since we usually have some level of noise and a non-uniform distribution 

within the input vector, we perform a pseudo inverse, using SVD as in Chapter 3. 

The general form of the Volterra series presented in this sub-section contains 

too many terms to be effective.  To solve this issue, truncated Volterra series have 

been published, which select specific terms from the general form.  With insight into 

the physical cause of the nonlinear effect, this slice or trajectory through the general 

Volterra series generates procedure that can be used to generate terms and assemble 

the [X] matrix.  The next section will introduce some published truncated Volterra 

series models and our research contributions. 

4.2 Volterra Series Truncations 

There are many ways to truncate the Volterra series.  When a specific pattern 

for the Volterra terms are identified, a procedure is defined to create the [X] matrix.  

This is an a priori truncation of the Volterra series.  This section reviews two 

truncated Volterra series in literature – memory polynomial and dynamic deviation 

reduction (DDR) Volterra series.  These models will be used for comparisons later in 

the chapter. 

4.2.1 Memory Polynomial 

The distinguishing feature of the memory polynomial truncation is the 

coordinated delay in the Volterra terms: 
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This implementation has odd only terms and the memory is a series of unit 

delay taps.  Alternative implementations include both even and odd terms and a non-

uniform series of delay taps.  This model contains many of the terms found in the two 

and three box, Hammerstein-Wiener models, without the correlation between 

coefficients, h.  The two and three box models capture these correlations in the filter 

coefficients, when these filters operate on the input or output waveforms. 

4.2.2 Dynamic Deviation Reduction Volterra Series 

Research by Tom Brazil and Anding Zhu[83] introduced the truncated DDR 

Volterra series.  The Volterra series is reordered to select only Volterra terms with a 

specified number of delay terms – a first order contains all Volterra terms with one (or 

fewer) delay entries, second order contains all Volterra terms with two (or fewer) 

delay entries, etc.  It has been found that the first-order DDR Volterra series is 

effective at modeling PA’s that have a memory introduced by thermal, bias supply, 

and trap effects.  The first-order DDR is given as: 
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In this formulation, P is the order of the odd only polynomial and the delay 

includes M delay taps.  PA’s that have nonlinear echo term, such as Doherty PA’s, are 

modeled more efficiently with a second-order DDR Volterra series.  Our comparisons 

and research are focused on first-order DDR models. 

4.3 Inverse modeling with Volterra Series Models 

As noted in Chapter 3, one way to compensate for the non-linearities of a PA is 

to compensate for the distortion in the digital domain with a predistortion block.  In 

Chapter 3, this block was a memoryless compensation, based on the performance 

being a single valued monotonic mapping between Vi and Vo.  Volterra series models 

include compression characteristics and delayed or echo terms, so the inverse has both 

echo and nonlinear distortion cancelation features.  The types of models we examine 

have memory that fades with time. 

 
Figure 4.1  Block diagram of pre-inverse and post-inverse systems. 

When the pre-inverse, or DPD, is generated in a calibration step or is based on 

a model, it is considered an open loop model.  DPD approaches in Chapter 3 and 
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Chapter 4 are considered open loop DPD approaches.  Adaptive DPD is not 

considered a topic of this thesis. 

With an RFPA that generates distortion (Figure 4.1), waveform compensation 

can occur before (the top block diagram – system Q) or after (the bottom block 

diagram – systems S) the distortion is generated.  With ideal inverse blocks, and if we 

avoid pushing the PA into saturation, the outputs of these two systems are scaled 

versions of the inputs to these systems.  Practically speaking, it is more efficient to 

generate the inverting signals at lower power levels, before the RFPA; however, if we 

look at an initial measurement using the target waveform, x(n) as the input signal, the 

post-distortion system, S, has advantages in that all the waveforms are known, 

allowing a direct calculation of the post-inverse model.  By performing a reference 

transformation to make this an input referred block, we can convert the post-inverse 

model to a pre-inverse model.  The reference transformation is simplified to a unity 

transformation when we normalize the input, output and target waveforms to their 

respective maximum values. 

The top block diagram of Figure 2.1 illustrates a minimalist block diagram for 

a pre-inverse DPD system, Q.  When operating sufficiently well, the system Q 

generates an output signal, yp(n), that is a scaled version of the input signal, x(n) up to 

the saturated power of the RFPA.  We have found in our research that the pre-inverse 

shouldn’t attempt to push the PA to power levels beyond the saturated output power, 

Posat.  The output signal, yp(n), will be clipped at the maximum output power of the 
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PA and the input drive, xp(n) will also clip at the associated minimum drive level to 

achieve the target output power, Posat. 

If the system Q is operated to avoid the saturation region of the RFPA, the 

output signal, yp(n), is a scaled version of the input signal, x(n).  As a result, all the 

transfer functions of each order of the system Q (beyond the first), must be zero.  To 

achieve this, the pre-inverse block, Hpre, contains a nonlinearity that generates input 

referred signals that will destructively interfere with distortion signals resulting from 

the RFPA, generated by G.  The resulting transfer function of the system, Q, has a 

constant gain relating yp(n) to x(n).  Synthesizing a nonlinearity for the pre-inverse 

directly, is a challenge and prone to errors. 

The lower block diagram of Figure 4.1 illustrates a minimalist block diagram 

for a post distortion correction with the system, S, which uses the post inverse model, 

Hpost.  The system, S, has an output, z(n), which is a scaled version of the input signal, 

x(n).  When we perform initial system measurements, we drive the input with the x(n) 

waveform, and measure a output waveform, y(n), so we know all waveforms of the 

post distortion correction system.  Without any other inputs, using the peak signal 

reference as the maximum signal drive, we can generate the post-inverse, 

compensating for the nonlinearities and echoes of the RFPA.  With the exception of a 

scaling factor in gain, due to the drive level differences between the input and output 

of the PA, the nonlinearity of the pre-inverse and post-inverse model are identical.  

Although this is how the inverse block is estimated, a post-inverse correction circuit is 

impractical to implement due to post PA signal levels and efficiency impact. 
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Applying the 1
st
 order DDR truncation to memory DPD, we can compare how 

much additional correction is implemented as compared to a memoryless DPD.  In this 

example, decresting was utilized to reduce the PAPR by 2dB, the DPD algorithm was 

setup to increase the PAPR by 2dB and the PA was run 2dB into compression, 

resulting in all the distortion taking the desired form from the decresting algorithm, 

rather than saturating the PA and generating spectral emissions.  Table 4.1 shows how 

the ACPR 1 spectral regrowth was corrected with the DPD algorithm and the memory 

correction generated further corrections.  This can be seen in the PSD (Figure 4.2) and 

in the AMAM and AMPM plots (Figure 4.3). 

Table 4.1  1
st
 order DDR Memory DPD on RFPA with GaN device and fixed Vdd. 

 
ACPR (dBc) NRMSE 

(%) +/- 5 MHz +/- 10 MHz 

Without DPD -28.4/-28.7 -56.9/-57.0 22.66 

With Memoryless DPD -51.2/-53.4 -59.1/-58.2 8.75 

With Memory DPD -57.3/-58.1 -62.6/-60.7 1.98 

 
Figure 4.2  PSD of the PA output without DPD, with memoryless DPD and with DPD 

that includes memory terms. 
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Figure 4.3  Vin–Vout(top) and AMPM (bottom) for the system with and without 1

st
 order 

DDR memory DPD. 

4.4 Specialized Volterra Series Models 

Power amplifiers with constant supply voltage have a range of signal levels 

where the signals are amplified and, when driven hard enough, saturate where the gain 

begins to drop.  In this latter mode, the PA is often described as operating “rail-to-

rail.”  In the gain region, the AMAM and AMPM models for the transmitter are 

consistent with one another and include components from multiple components in the 
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RF chain.  In the saturated region, the AMAM will be dominated by signals that are 

found on the supply voltage since the saturated output power has a linear relationship 

with the supply voltage; however, the AMPM will be dominated by contributions 

from multiple components in the RF chain.  A research contribution presented in this 

section is a truncated Volterra series with a threshold feature.  The piecewise DDR 

model was created to allow the selection of threshold voltages, enabling modeling RF 

chain distortion at low levels and a mix of distortion sources (RF and voltage supply) 

at high levels. 

4.4.1 Piecewise DDR Volterra Model 

In nonlinear time series analysis, a useful construct establish a threshold to 

model the response[76] – where the system behavior above a value has one form and 

below that value some other form.  In looking at many power amplifiers, time varying 

responses were observed, and many truncated Volterra models had insufficient 

degrees of freedom to model these time varying behaviors.  A technique used by 

Heredia[84, 85] for real valued image processing systems has been extended to the 

discrete-time complex envelope domain.  We call this technique vector threshold 

decomposition.  Using this decomposition, first order continuity is guaranteed through 

the construction of the Volterra terms.  In this section we will present this 

technique[63]. 

The piecewise DDR based Volterra series technique decomposes the input 

waveform, X  
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with N samples, into S+1 sub-signal waveforms, each N samples long.  Each sub-

signal waveform is defined as the excursion into the s
th

 zone with the phase of the 

input waveform. 

 
Figure 4.4  Vector threshold decomposition zones in the IQ plane. 
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Here S is the number of threshold values, given as: 

  1 2, , , S    (4.10) 

Q

I

Zone 1

Zone 2

Zone 3
x(1)

x(2)λ2

λ1



135 

 

and λi is the magnitude of threshold i, which defines the outer bound of zone i.  Each 

sample can be processed independently, and each waveform can be generated as:   
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When the magnitude of a sample is smaller than the lower bound, λs-1, the sub-

signal value is zero.  All non-zero sub-signal components of a sample have the same 

phase, φ, collinear with the original sample. 

Figure 4.4 provides an image of a 3 zone vector decomposition of two samples 

with two threshold values.  Sample x(1) is in zone 2 with two non-zero contributions 

to sub-signal waveforms:  x1(1)=λ1, and x2(1)= x(1)-λ1.  Sample x(2) is in zone 3 with 

three non-zero contributions to sub-sequences and so on through the entire waveform.  

Figure 4.5 shows a waveform fragment where the piecewise decomposition was 

performed to generate three (solid blue) input waveforms from the (dashed red) 

original waveform.  By chopping the input waveform into multiple sub-signal 

waveforms, we are able to directly address shifts and changes in behavior as amplitude 

dependent changes without escalating the polynomial order. 
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Figure 4.5  Vector threshold decomposition of a waveform. 

The general form of the output signal is a summation of output waveform from 

each of the sub-signal responses for each zone: 
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each sub-function, Gs[.], utilize the decomposed input waveform and Volterra terms 

on each sub-signal to construct the matrix [X], based on these inputs to perform a least 

squares extraction of the coefficients.   The Volterra terms could follow any truncated 
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Volterra series form, but our research we chose to use a first order DDR truncation for 

each zone:   
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where the order, Ps, and tap length, Ms, are specified for each zone independently.  

This formulation only contains the odd terms of the Volterra series.  The first set of 

terms include the memoryless terms and a single delayed terms, the second set of 

terms has a conjugate delayed term and a second order multiplication of the current 

input sample. 

An additional benefit of this formulation for the input vector is that the 

Volterra terms guarantee continuity of the solution across the thresholds or zone 

boundaries. If effect, this operation converts the single input single output (SISO) 

Volterra filter problem into a multiple input single output (MISO) problem, since the 

total input waveform becomes a set of multiple input waveforms.  

4.4.2 Comparison of Piecewise DDR Volterra Model to other Behavioral 

Models 

Two different measurement configurations will be compared in this section. 

Both measurements use a base station PA at 2.14 GHz, built around the Nitronex GaN 

on Si device. The first measurement configuration has a constant bias supply. The 

second has a modulated supply that is following a single trajectory for the Vi-Vd 
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relationship. In Chapter 3, the sampling rate was examined for modeling, to ensure the 

amount of wideband noise was minimal, and for simulation, to minimize aliasing and 

examine wideband distortion behavior of the model. When we include a memory term 

into the model, the sample rate becomes part of the model. As noted in[64, 86] we 

enable up-sampling the waveform as compared to the extraction sample rate to 

facilitate examination of output wideband distortion.  

The procedure for this comparison has a number of stages.  Waveform pre-

processing is when measurement based issues are cleaned up.  Model extraction has 

two steps, first a memoryless modeling extraction, where memoryless modeling 

parameters are solidified, followed by a memory modeling estimation.  Finally, there 

is using these models for predicting performance or performing DPD.   

For waveform pre-processing, the measured input / output sequences are time-

aligned, phase drift smoothed to compensate for drifting AMPM caused by the 

measurement system, and decimated to minimize the wideband noise effects.  The 

results of this procedure provide very clean input and output waveforms for nonlinear 

modeling and set the sample rate for the memory modeling. 

For model extraction, we know that some of the parameters are tied to zero 

mean memory components and other parameters should be sufficient to describe the 

memoryless behavior (terms with zero delay).  Knowing this, we use the cleaned 

measurement data and the statistical smoothing procedure presented in Chapter 3 to 

select the modeling parameters by extracting memoryless models over a range of 
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polynomial orders, thresholds and zones.  We then select the modeling parameters that 

perform sufficiently well.  We will see that in cases the convergence is very slow, 

other times fast, and still others not smooth.  As a general rule, a portion of the 

sequence is used as a training sequence and the entire sequence is used as a testing 

sequence.  By first performing the memoryless modeling with the corresponding 

model on a sequence that has been smoothed with the statistical processing of Chapter 

3, we identify the correct model parameters (order, number of zones, threshold values) 

that can produce the best mean estimate, allowing the memory model to address the 

zero mean remainder.  When we use the odd order only, first order DDR Volterra 

series to model the memory effects, the corresponding memoryless model is an odd 

only memoryless polynomial.  Similarly, when we use the piecewise first order DDR 

Volterra series, the corresponding memoryless modeling component is an odd order, 

piecewise polynomial.  Once the parameters tied to the memoryless model are 

solidified, we examine the depth of the memory.  The final memory modeling, use the 

training samples to perform the least squares extraction of all the coefficients.  When 

we extract the coefficients for the memory model, all the coefficients are extracted 

simultaneously, so there is no guarantee that the terms with delay are a zero mean 

process.   

Finally, we validate the model to evaluate the performance.  In Chapter 4, we 

will use the polynomial models directly to generate the output waveforms rather than 

converting to LUT as was done in Chapter 3.  In addition, since the memory models 

use the sample time for the delay step, it is important to have the ability to use an up-
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sampled rate.  The procedure of resampling the model, with zero padding between the 

Volterra coefficients, works reasonably well for complex modulated waveforms; 

although, startup anomalies must be truncated.  

4.4.2.1 GaN Base Station PA with Fixed Supply Voltage 

This experiment is using the envelope tracking bench to measure the input and 

output vectors.  This data is from the experiments behind the paper[64] where an open 

loop DDR DPD model was created and applied on the bench.  Crest factor reduction 

was used in this experiment, so the PAPR of the target waveform is 7.54dB and a 

model was generated to the point where the PA was 2dB compressed (P-2dB).  The 

final post DPD waveform into the PA has a PAPR of 9.8dB and the waveform out of 

the PA has a PAPR of 7.74dB.  The IO vectors start out with a NRMSE of 7.27%. 

The controlled confidence interval statistical processing is used to convert the 

samples (blue dots on Figure 4.6) to the estimated mean at each of these samples 

(green dots) and a memoryless polynomial is extracted from these smoothed points 

(red dots).  An even and odd order memoryless model was used to identify the 

required order for the memory polynomial.  Similarly, the odd only memoryless 

polynomial was used to identify the required order for the DDR model and a odd order 

only, piecewise polynomial was used to identify the order and break points for the 

piecewise DDR model.  Figure 4.7 shows the convergence of the three memoryless 

models.  The odd order polynomial has a rather slow convergence as compared to the 

other two approaches. 
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Figure 4.6  AMAM of Nitronex, GaN RFPA with fixed Vdd: (blue – samples, green – 

smoothed samples, red – piecewise polynomial). 

 
Figure 4.7  Memoryless modeling convergence comparison of Nitronex, GaN RFPA with 

fixed Vdd: even and odd polynomial, odd only polynomial, and maximum order of 

piecewise polynomial. 
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Figure 4.8  Memory polynomial convergence surface (even and odd orders and memory 

depth) of GaN device with fixed Vdd. 

 
Figure 4.9  1

st
 order DDR convergence surface (odd only orders and memory depth) of 

GaN device with fixed Vdd. 
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Table 4.2  Memoryless and memory model comparisons with GaN WCDMA base station 

PA with fixed supply voltage.  Starting Input / Output NRMSE distortion is 7.27%. 

 

Highest 

Order 
Parameters # Coefficients NRMSE 

Even/Odd Order Polynomial 6
th

 P=5 6 1.894% 

Memory Polynomial 4
th

 P=4, M=3 16 1.072% 

Odd Order Only Polynomial 27
th

 P=27 14 1.894% 

1
st
 Order DDR 11

th
 P=11, M=2 28 1.093% 

Piecewise  

Odd Order Only Polynomial 
5

th
 

P=[533], 

{0.27,0.62} 
7 1.896% 

Piecewise 1
st
 Order DDR 5

th
 + M=[222] 29 1.105% 

 

  
Figure 4.10  PSD of modeled and measured output of RFPA using GaN device with fixed 

Vdd: blue measured, green decimated measured data, red – output from simulation using 

memory polynomial model. 
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In Table 4.2 we can see that all three memoryless models are achieving similar 

model fidelity (NRMSE~1.895%), but the odd only polynomial is converging slower 

(Figure 4.7) and is using twice as many parameters.  As a result of this, the 1
st
 order 

DDR memory model also has slow convergence (Figure 4.9) with the polynomial 

order.  The memory polynomial is converging more quickly than either of the DDR 

based models (Figure 4.8).  The PSD near the modulated signal (Figure 4.10) has a 

reasonable modeled verses measured (at full sample rate and decimated) characteristic.  

4.4.2.2 GaN Base Station PA with Modulated Supply Voltage 

The second measurement set is in a modulated supply configuration.  This 

device operates in a switch mode, resulting in a gain collapse at low input signal levels 

(Figure 4.11).  The measurement samples are processed with the controlled confidence 

interval smoothing algorithm to which the memoryless polynomials are fit.  The final 

memory models are built from the measured samples. 
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Table 4.3  Memoryless and memory model comparisons with GaN WCDMA base station 

PA with modulated supply voltage. Starting I/O NRMSE distortion is 10.51%. 

 

Highest 

Order 
Parameters 

# of 

kernals 
NRMSE 

Even/Odd Order 

Memoryless Polynomial 
10

th
 P=8 10 1.684% 

Memory Polynomial 10
th

 P=10, M=10 110 0.969% 

Odd Order Only 

Memoryless Polynomial 
31

st
 P=31 16 1.684% 

1
st
 Order DDR Memory 19

th
 P=19, M=6 124 0.960% 

Piecewise Memoryless 

Odd Order Only Polynomial 
5th 

P=[5333], 

λ={0.21,0.5,0.81} 
9 1.681% 

Piecewise 1
st
 Order DDR 

Memory Model 
5th 

Above P,λ + 

M=[2222] 
37 0.948% 

 

  
Figure 4.11  AMAM of Nitronex, GaN RFPA with dynamic supply: (blue – samples, 

green – smoothed samples, red – piecewise polynomial). 
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Figure 4.12  Memoryless modeling convergence comparison of Nitronex, GaN RFPA 

with dynamic supply: even and odd polynomial, odd only polynomial, and maximum 

order of piecewise polynomial. 

  
Figure 4.13  Memory polynomial convergence surface (even and odd orders and memory 

depth) of Nitronex, GaN RFPA with dynamic supply. 
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Figure 4.14  Memory polynomial convergence surface (zoomed in). 

  
Figure 4.15  1

st
 order DDR convergence surface (even and odd orders and memory 

depth) of Nitronex, GaN RFPA with dynamic supply. 
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Figure 4.16  PSD of modeled and measured output of RFPA using GaN RFPA with 

dynamic supply: blue measured, green decimated measured data, red – output from 

simulation using 1
st
 order piecewise DDR model. 

  
Figure 4.17  PSD of modeled and measured output of RFPA using GaN RFPA with 

dynamic supply (wide spectrum view). 
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In Table 4.3 we can see that all three memoryless models are achieving similar 

model fidelity (NRMSE~1.683%) for output prediction.  When compared to the 

constant supply models, all the memoryless models are using more coefficients with 

the supply modulated RFPA configuration.  The odd only, memoryless polynomial is 

converging slowly (Figure 4.12) progressing to a 31
st
 order polynomial, using more 

coefficients than the even/odd order memoryless polynomial or the piecewise 

memoryless odd only polynomial (16 rather than 10 or 9 respectively).  Since the M=0 

form of the 1
st
 order DDR memory model is the odd only polynomial, the slow 

convergence of memoryless model will impact the convergence of the memory model 

(Figure 4.15).  The memory polynomial (Figure 4.13 and Figure 4.14) and DDR 

polynomial are using an exorbitant number of coefficients in an inefficient way; 

however, the piecewise DDR model is using about the same number of parameters 

(Table 4.3) as the constant supply case (with one more zone) and a similar memory 

depth.  This is a direct result of the changes in how the memory is generated with a 

power optimized ETPA.  The PSD near the modulated signal (Figure 4.16) appears to 

have good agreement.  The PSD further out (Figure 4.17) has some differences, but is 

reasonable.  The measured response is due to filters in the up and down conversion 

path.  The PA model makes no attempt to model these features. 

The piecewise DDR model was also used within DPD [63], as described in 

section 4.3.  There were 4 zones of the piecewise DDR, DPD waveform generator.  

The magnitude (normalized) thresholds for the zones was {0.02, 0.1, 0.5}.  The orders 

within each zone were set to {3, 5, 5, 7}.  The memory length was set to 4 delay taps, 
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which equaled the duration of one WCDMA chip.  The total number of parameters for 

this model is 92.  Table 4.4 has a summary of the piecewise 1
st
 order DDR, DPD 

performance using a WCDMA signal.  Figure 4.18 presents the PSD of the output 

signal, before and after DPD.  The piecewise DDR DPD is providing almost 25dB of 

ACPR improvement.  Figure 4.19 presents the AMAM curves.  Not only is the 

expected value shifted to the diagonal of the normalized Vi-Vo curve, but the variance 

has been significantly reduced.  Figure 4.20 presents the AMPM curves, before and 

after DPD.  The abrupt change has been corrected and the variance has been reduced. 

Table 4.4  Piecewise, 1
st
 order DDR Memory DPD on ET RFPA with GaN device. 

 
ACPR (dBc) 

NRMSE (%) 
+/- 5 MHz +/- 10 MHz 

Without DPD -34.9/-36.0 -50.9/-52.1 15.5 

With PW-DDR Memory DPD -59.3/-59.1 -62.8/-63.7 1.64 
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Figure 4.18  PSD of output waveform with piecewise 1

st
 order DDR model used for DPD. 

  
Figure 4.19  Vi-Vo before and after memory DPD, using piecewise, 1

st
 order DDR model. 
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Figure 4.20  AMPM before and after memory DPD, using piecewise, 1

st
 order DDR 

model. 

4.5 Summary 

It is easy to open the degrees of freedom of the Volterra series when 

performing modeling of a PA and DPD of a transmitter; however, if the cost for 

adding additional terms is neglected, it is quite easy to obtain models with too many 

degrees of freedom.  By starting with a truncated Volterra series that resembles the 

generation of the memory effect, one can achieve models and DPD that perform well. 

Our research into a truncation, targeting the physics of ETPA’s is then 

presented – the piecewise DDR Volterra series.  Envelope amplifier modeling and 

DPD using the piecewise, 1
st
 order DDR is demonstrated, showing superior 

performance and convergence resulting in an efficient use of parameters and 

extraction resources. 
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Chapter 4, in part, is a reprint of material as it appears in three papers:  2008 

IEEE MTT-S International Microwave Symposium Digest, "Quantifying distortion of 

RF power amplifiers for estimation of predistorter performance,", Paul J. Draxler, 

Anding Zhu, Jonmei J. Yan, Pavel Kolinko, Donald F. Kimball, Peter M. Asbeck, 

June 2008; IEEE Transactions on Microwave Theory and Techniques, "Open-Loop 

Digital Predistorter for RF Power Amplifiers Using Dynamic Deviation Reduction-

Based Volterra Series," Anding Zhu, Paul J. Draxler, Jonmei J. Yan, Tom Brazil, 

Donald F. Kimball, Peter M. Asbeck, July 2008;  IEEE Transactions on Microwave 

Theory and Techniques, "Digital Predistortion for Envelope-Tracking Power 

Amplifiers Using Decomposed Piecewise Volterra Series," Anding Zhu, Paul J. 

Draxler, Chin Hsia, Tom Brazil, Donald F. Kimball, Peter M. Asbeck, Oct. 2008.  The 

author of this dissertation was the first author directed and primary researcher on one 

of these papers and second author and major contributor, behind visiting scholar, 

Anding Zhu, for the other two publications. 
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CHAPTER 5Equation Chapter 5 Section 5 
Modeling Envelope Tracking Power 
Amplifiers 

In this chapter, we present challenges of creating behavioral models for RF 

power amplifiers operating in envelope tracking systems. One of the primary 

objectives being addressed when adding dynamic supplies to a system is efficiency. 

As such, it is natural to extend the behavioral model to include the current. Once 

included, a number of additional calculations are possible – including partitioning the 

total operational efficiency between the envelope amplifier / supply modulator and the 

RFPA.  

As data throughput requirements increase, greater bandwidth signals are 

needed. These bandwidths will push the operating range of the envelope amplifier. As 

this happens, the single trajectory ET system presented in Chapter 1 must be relaxed to 

allow operation on the full surface. By allowing the envelope signal to take higher 

voltages than would otherwise be optimal, it is possible to generate an envelope signal 

with less distortion. Ultimately this has an impact on the RF signal and DPD algorithm 

since the transmitted signal must pass specifications. Models for the full Vi, Ve surface 

are needed for both the complex output voltage, Vo, and envelope current, Ie. In order 
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to achieve models with reduced parameter counts, techniques to prune terms from 

these surface models is presented in this thesis. Pruning of Volterra terms from 

truncated Volterra series has been presented in the literature, but to our knowledge, 

this has not been applied to surface modeling in the general literature. With the surface 

models available, the framework for applying them to perform DPD is presented. The 

chapter concludes with a few additional examples of ET PAs, using LDMOS, GaN 

and HVHBT devices, where these published pieces utilized the DPD formalisms 

developed in this thesis. 

5.1 Modeling of Current using Statistical Pre-processing 

Modeling the current of an RFPA has a number of challenges beyond 

modeling the complex gain: different measurement issues. Two of the issues are the 

tendency of the current to saturate with the output signal, and a polynomial form that 

includes an offset term that is a byproduct of the RFPA bias set-point. As noted in 

Chapter 1, when the input bias is configured to draw a small current when there is no 

RF input signal, at least to start with, we have a Class AB PA. 

Models of the current are usually measured with CW signals or as an average 

current supplied to an amplifier with a modulated waveform. The dynamic current 

(below 100MHz) between the PA and nearby capacitors is usually hidden. In order to 

measure this current, a sense resistor or a Hall effect probe is used: both approaches 

have advantages and disadvantages. The sense resistor approach has circuit 

implementation issues, an impact on efficiency and an impact on the envelope signal 
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between the envelope amplifier feedback node and the RFPA. This circuit requires a 

small, well characterized resistor between the envelope amplifier and RFPA and a 

differential probe or comparator with a very high common mode rejection. These 

circuits are small, so the distance and inductance between the envelope amplifier and 

RFPA can be minimized. The primary issues with the Hall effect probes are related to 

calibration, additional inductance between the envelope amplifier and RFPA (which 

impact the envelope amplifier performance), and noise that is found in the 

measurement. The Hall effect probe measurement approach is used in this dissertation. 

 
Figure 5.1  Supply current, Ic, over |Vin| for RFPA while operating under single 

trajectory ET. 

Starting with the single trajectory ET measurement (introduced in Ch.1) we 

use the Hall effect probe and obtain a current waveform between the envelope 
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amplifier and the RFPA. This current waveform can be pre-processed using the 

controlled confidence interval statistical processing to perform a data smoothing 

operation. Figure 5.1 presents both the raw data and the resulting smoothed data. The 

smooth data is fit to a polynomial of order, Ipi.  
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        (5.1) 

When modeling the current for an ET amplifier, this formulation works very 

well, since changes in Vi are correlated to changes in Vc, by the Vi-Vc trajectory:  

asymptotically proportional in the high end range. This sets Vosat to also be 

proportional Vi at high voltages. In this high end range, the saturated supply current 

and saturated output voltage are also proportional. As a result, in envelope tracking 

with a power optimized trajectory, as long as the envelope amplifier doesn’t saturate 

(and clip the waveform) the supply current will not saturate. By extracting successive 

models with progressively higher orders, Ipi, we can monitor the convergence of the 

(5.1) polynomial modeling the current. From Figure 5.2 we can see that most of the 

curve has been fit with a 5
th

 order polynomial, providing -29.7dB NRMSE (or 3.27%) 

modeling accuracy. The fit improves as the order increases, to below 3.24%. 
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Figure 5.2  Modeling of ETPA current with polynomial function of Vi. 

With a fixed Vcc and full surface models, this formulation will need higher 

order terms in order to capture the impact of gain compression which corresponds to 

Vosat and saturated current. As the output power of the amplifier saturates, the current 

also saturates. To reduce the current describing function polynomial order, we can 

associate the function with the output voltage.  

 
0

poI

c p o

p

I c V


   (5.2) 

This will have a much better fit to the data, but when used in a simulation 

requires a second modeling layer (Vi→Vo→Ic), which introduces a second level of 

modeling errors. 

An accurate model for the current enables a number of predictive calculations 

such as efficiency, power dissipation, junction temperature, driving point impedance 
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(from the envelope amplifier to the RFPA) and current based noise generation in the 

RFPA (like shot noise in HBTs). 

5.2 RFPA Surface Model Generation 

Up until this section, when we have operated under envelope tracking, we have 

assumed a high fidelity supply modulator. With this assumption, we have set a one-to-

one Vi-Ve relationship; however, there are situations where one would want to operate 

over a larger region of the Vi-Ve surface. One specific case is when the signal 

modulation bandwidth is pushing the limits of the supply modulator. In this case, it is 

desirable to lose a little efficiency, deviate from the optimal efficiency envelope 

tracking and keep the supply modulator signal under control. A system in this 

configuration needs a surface model of the RFPA for DPD and estimation of algorithm 

impact on efficiency. This section of the thesis will cover a number of approaches to 

generate surface models. 

5.2.1 Surface Modeling 

The expected characteristics modeling presented in the previous section (and 

Chapter 3) can be expanded to 2-D polynomials in two ways: an expansion in Vi-Vd, or 

a perturbation expansion about the ET trajectory, Vi-ΔVd, with the implicit single 

trajectory, Vd(Vi) relationship. When performed as an expansion in Vi-Vd, the complex 

gain model corresponds to the ABC model[33] with the addition of a model for the 

supply current. The required region of validity will drive whether the model should be 

an expanded ABC model (large range of validity) or the perturbation model (small 
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region about the single trajectory). In both cases, Figure 5.3 shows a symbol for the 

model, where the predictive model will have two independent variables (input voltage, 

Vi, and drain voltage, Vd) and two dependent variables (output voltage, Vo, and Id). 

 
Figure 5.3  Schematic symbol of alternate surface behavioral model with independent 

variables (input voltage, Vi and drain voltage Vd) and dependent variables (output 

voltage, Vo and drain current Id). 

As a result of coupling the current model with the gain model, we can calculate 

additional RFPA parameters such as instantaneous power dissipation and 

instantaneous efficiency. 

The formulation for the surface models as a perturbation expansion about the 

single Vi-Vd trajectory, the memoryless model output, VoML(n), can use any of the 

polynomial forms discussed in Chapter 3, and the polynomial form of the supply 

current of the previous section. We can then examine and extract the perturbation as 

an expansion: 

 ( ) ( ) ( )
MLo o oV n V n V n    (5.3) 

G(Vi,Vdd)Vi Vo(Vi, Vdd)

Vdd

Idd(Vi, Vdd)

Pdis(Vi, Vdd)
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 ( ) ( ) ( )d dML dI n I n I n   (5.4) 
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     (5.5) 
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     (5.6) 

the perturbation voltage, ΔVd, is the difference between the undisturbed Vd and the 

updated Vd that was applied.  

The formulation for the expanded ABC model, as a polynomial surface 

expansion over Vi and Vd is given as: 
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    (5.7) 
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p q
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    (5.8) 

These models can be generated from accurate harmonic balance simulations or 

from multiple measurements. When generated from multiple measurements, one needs 

to have measurements from multiple trajectories that can be integrated together into 

one model. The first surface models were generated by building an underlying grid 

and averaging the data that entered this cell. The second approach used multiple 

trajectories and had to make assumptions about monotonicity and samples between 
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trajectories. The third approach has a rich dataset of samples off of the optimal Vi-Vd 

trajectory, resulting in a greater reduction in efficiency, but better surface models.  

When these models are formed, the order of the polynomial expansion is tuned 

to obtain a minimum error; however, it has been found that there may be terms in an 

expansion that are ineffective (not contributing to the surface) or causing problems 

(distractions) with the coefficient extraction and prediction. The next subsection will 

examine pruning terms from the surface model extraction.  

5.2.2 Methodologies for Pruning Terms from Polynomial Surface Model 

Up to this point, the polynomial surface model structure is established by the 

summations in the formula (5.7). The surface models earlier in the chapter and 

truncated Volterra series discussed in Chapter 4, specify terms that are used to 

generate the [X] matrix, which is used in the LS extraction of the coefficients. By 

adding a mask to include or ignore specific terms from the truncated set, we prune 

specific terms from the [X] matrix, eliminating the associated coefficient. By 

extracting successive models, masking different terms from the [X] matrix, and 

comparing the prediction accuracy, the contribution of each term to the final solution 

can be ranked. When a term is found that adds to (or doesn’t reduce) the NRMSE 

(comparing the predicted output to the actual measured output) that term is excluded 

from future extractions. In addition, we can establish a cost per term such that a slight 

increase in NRMSE acceptable for reducing model complexity. A cost per term is 

used to penalize the expansion of the coefficient count, when additional terms are 

making little or no contribution to the solution. By adding pruning we can identify the 
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key terms contributing to the solution and reduce the model complexity. Figure 5.14 

shows the remaining terms after pruning was applied to the complex output voltage 

surface without loss of accuracy and Figure 5.21 shows the remaining terms after 

pruning was applied to the supply current surface without loss of accuracy. 

A number of ad-hoc methodologies were evaluated to add and remove terms, 

reducing the coefficient count. Examining algorithms, this appears to be a very 

nonlinear process, making an optimal form elusive. One improvement would be to use 

orthogonal polynomials or some other orthogonal basis function.  

When using models in a deployed system, it is desirable to have open loop 

models that don’t require feedback and adjustments; however, the performance of 

components change with frequency, temperature, battery voltages change, and other 

slower moving parameters making it necessary to have some level of closed loop 

feedback. By adapting the model structure as well as the coefficients, a more robust 

system can be achieved. Adaptive parameter should be done very quickly when 

feedback is taken, but an offline calculation can be used to evaluate if the active model 

structure has sufficient (or excessive) complexity. By adapting the active model 

complexity, and making appropriate adjustments over time, the system maintains 

sufficient performance with minimum model complexity. 

5.2.3 Surface model from mesh 

One technique that has been implemented[67] uses an underlying mesh, where 

the gain of samples in the Vi-Vd plane are recorded into bins, to calculate local 
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estimates of the complex gain. To generate estimates for unvisited sites, a polynomial 

model (5.7)generated from the array of estimates is used, but no attention was given to 

monotonicity. 

The rough edges on the far side of the surface model (Figure 5.4) are the result 

of low sample counts in specific bins. In regions where there are few samples, the 

variance tends to be large, providing an extra challenge for model building. Other 

techniques to reduce the variance and fill in the unvisited sites leverage invariants in 

the PA behavior. When transformations are used to map data from one VDD index 

value to another, reduced variance can be achieved. 

 

Figure 5.4  Gain surface over Vi-Vc plane for base station RFPA using a bandwidth 

reduced envelope tracking. 
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5.2.4 Surface model from trajectories 

One objective of building the RFPA performance surface is to extend the range 

of envelope tracking beyond the bandwidth constraints of the supply modulator. By 

using an modulation bandwidth signals, well within the capabilities of the supply 

modulator, the performance at a number of Vi-Ve trajectories can be captured. With 

this data, we can extract a surface model, especially when monotonicity is enforced. 

The full surface model is being used for the output voltage (5.7) and current (5.8) with 

the additional constraint of discarding solutions that overfit the specific trajectories, 

resulting in models that are not monotonic with Vo and Ic over Vi. 

The four trajectories (Figure 5.5) consist of one at full power, two more with 

the same detroughing minimum value, with the RF backed off by 3dB and 6dB. The 

trajectory of the final measurement is at full power and has the trough pulled up to 8 

volts, as compared to the original at 3 volts. 

  
Figure 5.5  Multiple Vi-Vc trajectories used to generate surface model of base station 

RFPA. 
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Figure 5.6  Vout magnitude over multiple Vi-Vc trajectories for surface modeling of base 

station RFPA. 

  
Figure 5.7  Vout contours from surface model based on multiple Vi-Vc trajectories of base 

station RFPA. 
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Figure 5.8  AMPM over multiple Vi-Vc trajectories for surface modeling of base station 

RFPA. 

  
Figure 5.9  AMPM contours from surface model based on multiple Vi-Vc trajectories of 

base station RFPA. 
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The measurements and model surfaces are presented on the following pages. 

The measured samples on the four trajectories are presented along with contours 

generated from the surface model. The range of validity was also noted and in regions 

where the model had no extraction data, the contours are clipped off. Figure 5.6 

presents the Vo(Vi, Vc) magnitude samples for the four trajectories, with Figure 5.7 

presenting the contours of a surface model.  Figure 5.8 presents the AMPM(Vi, Vc) 

samples for the four trajectories, with Figure 5.9 presenting the contours of a surface 

model. Figure 5.10 presents the Ic(Vi,Vc) samples for the four trajectories, with a 

smoothed version in Figure 5.11.  The additional measurement noise in the current 

makes the surface modeling more effective from the smoothed version of the current. 

Figure 5.12 presents the resulting contour model of the current. 

  
Figure 5.10  Collector current over multiple Vi-Vc trajectories for surface modeling of 

base station RFPA. 
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Figure 5.11  Smoothed collector current over multiple Vi-Vc trajectories for surface 

modeling of base station RFPA. 

  
Figure 5.12  Collector current contours from surface model based on multiple Vi-Vc 

trajectories of base station RFPA. 



170 

 

5.2.5 Surface Model from Single Dataset 

The amplifier used for this was a handset sized HBT envelope tracking PA. 

The envelope signal was generated in a way to visit more locations in the Vi-Vc plane. 

Figure 5.13 shows a collection of locations in the Vi-Vc plane where measurements 

were obtained for the complex Vo (AMAM: Figure 5.15; magnitude of Vo: Figure 5.17; 

AMPM: Figure 5.19) and real valued Ic (Figure 5.22) of the RFPA. Because the 

sampling at the locations distant from the high efficiency Vi-Vc trajectory there is a 

greater impact on efficiency, but there is more data for generating the surface models. 

The pruning algorithm was applied, reducing the number of parameters needed to 

model the output voltage from 42 to 32 with no loss in accuracy. Figure 5.14 shows 

which terms remain after the pruning operation.  Due to no samples or large variance 

in the data, the range of validity for the model excludes the high supply voltage, low 

input voltage edge and the region outside the optimal efficiency Vi-Vc trajectory.  The 

surface models are paired with the measurement samples in the following pages: The 

gain in dB is presented in Figure 5.15 (samples) and Figure 5.16 (surface).  The 

magnitude of the output voltage is presented in Figure 5.17 (samples) and Figure 5.18 

(surface).  The AMPM in degrees is presented in Figure 5.19 (samples) and Figure 

5.20 (surface). 
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Figure 5.13  Sample locations in Vi-Vc plane for handset RFPA using a dynamic supply. 

  
Figure 5.14  Remaining terms of complex, voltage gain surface polynomial over Vi-Vc 

plane after pruning ineffective terms.  
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Figure 5.15  Gain (dB) at sample points over Vi-Vc plane for handset RFPA using a 

dynamic supply. 

  
Figure 5.16  Gain (dB) surface model over Vi-Vc plane for handset RFPA. 



173 

 

  
Figure 5.17  Magnitude of output voltage at sample points over Vi-Vc plane for handset 

RFPA using a dynamic supply. 

  
Figure 5.18  Surface model of output voltage magnitude over Vi-Vc plane for handset 

RFPA. 
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Figure 5.19  AMPM sample points over Vi-Vc plane for handset RFPA using a dynamic 

supply. 

  
Figure 5.20  Sample model of AMPM over Vi-Vc plane for handset RFPA. 
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The current surface is modeled with a polynomial that includes the zeroth 

order term for the bias current with no RF input as noted in earlier in the chapter. The 

polynomial term pruning algorithm was used and 10 of the 42 terms were eliminated 

from the polynomial surface model of the current (Figure 5.21) with no impact on 

accuracy. The starting error had a NRMSE of 3.0435% with 42 terms and the ending 

accuracy was 3.0435% with 32 terms. Figure 5.22 shows the current samples and 

Figure 5.23 shows the polynomial surface model. 

  
Figure 5.21  Remaining terms of real collector current surface polynomial over Vi-Vc 

plane after pruning ineffective terms.. 
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Figure 5.22  Collector current sample points over Vi-Vc plane for handset RFPA using a 

dynamic supply. 

  
Figure 5.23  Collector current surface model over Vi-Vc plane for handset RFPA. 
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5.2.6 DPD using Surface Models 

By extending envelope tracking to allow the supply voltage to assume multiple 

values for a given input, the DPD has become more complex. One technique that is 

leveraged from one-dimensional DPD, is use of a baseline measurement to generate 

the initial model to be used for DPD. The measurement can be used to generate a 

predictive model, where (Vi, Vc) are specified and Vo is generated. The measurement 

can also be used to obtain a DPD input waveform, where the desired output voltage 

and a desired supply voltage (Vo, Vc) are specified and the required input voltage, Vi, is 

generated. In both cases there are modeling errors, and if one uses both models to 

evaluate the performance of DPD, the errors are additive. 

Figure 5.24 illustrates how a measurement can be used for generating a 

predictive model or synthesizing the input waveform that will generate the target 

output waveform. For modeling the single trajectory operation of ET, we set Vi, 

calculate Vd from Vi, then derive Vo(Vi). When Vd be set to a range of values for a 

specified Vi, then the LUT expands from one to two dimensions. In general, when two 

of the voltages are set (Vi, Vo, Vd), the measurement provides a way to generate a 

model that will generate the third. For a predictive model of the ET system, we set Vi 

and Vd and generate Vo. When attempting to perform DPD, we will set Vd and Vo then 

we can generate the required Vi to achieve that output signal level.  

 ( , )o i d iV G V V V   (5.9) 
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Figure 5.24  Measurement can train a predictive model or train a predistortion model. 

Set two values as the independent variables, generate the third:  (right) given:(x,Vc)→y 

for predictive model, or (left) given:(y,Vc)→x for DPD input generation. 

When generating the DPD input waveform (Figure 5.25), the initial target 

output voltage and envelope voltages are specified at each sample point as a 2D LUT; 

however, adjustments may need to be made to the envelope signal based on maximum 

sustainable output signal for a given supply voltage.  This would be done as the first 

part of the bandwidth reduction block. The RFPA has a saturated output voltage that is 

roughly linear with the supply voltage at larger voltages.  It is un-reasonable to exceed 

Vosat(Vc) for a specific Vc. 

As we saw in Chapter 3, if there are inconsistencies in the surface, they will 

generate spectral noise and impact the level of accuracy of any calculations. This 

surface can be described as a multi-dimensional LUT, a spline surface, or a 

polynomial surface. Preprocessing data to help smooth the surface is very helpful in 

achieving better performance. 

Figure 5.26 is an example of a output voltage surface that was generated for 

the Nitronex GaN power amplifier from a harmonic balance (HB) simulation.  From 
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this we were able to extract the AMAM (gain) surface (Figure 5.27) and the AMPM 

surface (Figure 5.28).  This specific RFPA has significant gain expansion over all 

supply voltages and the gain collapse at lower voltages is clearly observable in the 

gain surface (Figure 5.27).  As noted earlier, the surface of the current (Figure 5.29) 

has many features that are similar to the surface of the output voltage (Figure 5.26), 

with a notable difference.  There is a small current being drawn when there is no RF 

input signal.  With these surfaces, we can calculate the efficiency and superimpose the 

nominal Vi-Vd trajectory used for power optimized envelope tracking (Figure 5.30). 

  
Figure 5.25  Block diagram for DPD of ET amplifier with reduced bandwidth VDD signal 

using 2D LUT. 
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Figure 5.26  Harmonic balance simulator based output voltage surface over input and 

supply voltages. 

 
Figure 5.27  Harmonic balance simulator based voltage gain surface over input and 

supply voltages. 
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Contour? 

Figure 5.28  Harmonic balance simulator based AMPM surface over input and supply 

voltages. 

 
Figure 5.29  Harmonic balance simulator based current surface over input and supply 

voltages. 
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Figure 5.30  Harmonic balance simulator based PAE surface over input and supply 

voltages with Vi-Vd trajectory. 

In a number of algorithms, an increase of the supply voltage is provided to 

limit the envelope signal bandwidth[67, 68, 87] or slew rate[88-90]. When this occurs, 

a corresponding reduction in the RF signal can be expected to achieve the target 

output voltage. Excess supply voltage will pull the RFPA out of compression, 

providing more gain and an output voltage that is too large. 

In the single trajectory, power optimized envelope tracking, when the input 

voltage is changed, the supply voltage is modified too. Now that these are controlled 

independently, the sensitivity of the output to these changes must be examined. If we 

want to achieve a change in the output voltage, we start with the sensitivity of changes 

in the output to changes in either of the independent variables: 
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With the HB derived surface, we can numerically generate these sensitivity 

surfaces: Figure 5.31 is the sensitivity of the output to changes in the magnitude of the 

input and Figure 5.32 is the sensitivity of the output to changes in the supply voltage. 

We can decompose this into the two components and define the ratio as the partial 

derivative sensitivity ratio (PDSR), 
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which has a range from zero to infinity (Figure 5.33). As one solution to determine the 

partitioning of changes between ΔVi and ΔVe we can define an angle such that: 
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The range of the arc-cotangent function goes from close to zero at large values 

and close to 90 degrees at small values. This is the same relationship we want to see 

with the angle of our adjustments. By noting the a zero value for the PDSR coincides 

with an RFPA in compression, this would correspond to a desired change entirely in 

the supply voltage (an angle of 90 degrees in the Vi-Ve plane).  
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One possible solution to this would be a balanced adjustment to both vectors, 

with a minimum overall change (with equal weighting). This minimum distance 

solution comes from the most effective voltages, Vi or Ve,  

  cos sin
i eo o V VV V u u         (5.13) 

where, xu  is a unit vector in the x-direction, and the angle of the resulting unit vector 

is given as: 
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The resulting unit vector field, displayed in Figure 5.33 is given as: 
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This solution is a minimum distance solution, assuming that the cost is the 

same for changing either voltage. In general, at some point the cost for changes 

become prohibitive in both paths (RF and envelope) so they must be included into the 

formulation when a general, 2-D surface DPD is implemented for unconstrained 

supply modulation. 

To use this for memory mitigation on the surface, we estimate the PDSR from 

a model or numerically from the measurement data for specific Vi-Ve locations. Using 

(5.14) we obtain the angle and then apply (5.15) to decompose the changes into the 

two components. 
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Figure 5.31  HB surface: output voltage sensitivity to changes in input voltage over Vi-Ve. 

  
Figure 5.32  HB surface: output voltage sensitivity to changes in supply voltage over Vi-

Ve. 
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Figure 5.33  PDSR HB contours over Vi-Ve with unit vectors for nominal changes to 

implement balanced waveform adaptation. 

As highlighted in Chapter 1, the efficiency optimized ETPA has a single 

trajectory relationship between |Vin| and Ve and over much of the trajectory, the RFPA 

is in compression. In this compression region, the AMAM is dominated by behavior in 

the envelope amplifier, but in the trough, the AMAM is dominated by the behavior of 

the RF chain. This is in contrast to the AMPM behavior which is dominated by the RF 

path – the envelope path has little to no influence on the AMPM of an ETPA. As a 

result, for the magnitude of the memory the RFPA acts as a time varying strobe, 

switching between memory generated in the RF path and the envelope path. Closer 

examination of the AMPM distortion, the envelope path has no direct AMPM 

contribution; however, upon closer examination the supply voltage will modulate the 
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AMPM (examine vertical lines on Figure 5.28). Even with modulated supply influence 

on the AMPM, the compensation for the AMPM must be done through the RF chain. 

5.3 Applications of PA Modeling, DPD and Memory Mitigation 

In Chapter 3, an example of the memoryless DPD and memory mitigation 

formalism was applied to a CMOS PA. In Chapter 4, an example of the memory DPD 

and memory mitigation formalism as applied to a Nitronex GaN HFET on Silicon is 

presented. In this section, three examples of applying this formalism are presented: an 

LDMOS device from Philips (now NXP), the Nitronex GaN amplifier used in Chapter 

4 is described more completely and a Triquint HVHBT example. We are accenting 

these selected published pieces where this formalism is used. 

5.3.1 LDMOS ET Examples 

Silicon LDMOS has been a popular transistor choice for base station high 

power amplifiers, since LDMOS technology can provide reliable and cost effective 

solutions[91-94]. In this work, a Philips 5th generation LDMOS RF device is used 

with envelope tracking technique on the drain bias. The envelope tracking architecture 

employs a dynamic supply voltage that tracks the input RF envelope for efficiency 

enhancement. This dynamic supply voltage is provided by a wideband envelope 

amplifier with high efficiency[31 ]. The overall system provides both high efficiency 

and linearity. 

The RF stage employed is an advanced LDMOS transistor by Philips, the 

BLC5G22-100, a 100W device based on the 5
th

 generation (0.4um gate length) 
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LDMOST, with internal input-and output matching, mounted in the SOT895 air-cavity 

package, optimized for 2.0-2.2 GHz operation. 

Measurement of the high voltage envelope amplifier used in this work shows 

average drain efficiency around 64% with a W-CDMA signal, a peak drain voltage of 

29.4 V, an RMS (root-mean-square) value of 12.4 V. Therefore, it is suitable for the 

base station power amplifier using high breakdown voltage LDMOS devices. The 

efficiency of the Vdd amplifier could be improved by selecting components that are 

more precisely selected for this application. 

The envelope tracking bench was used to measure the LDMOS amplifier with 

the specific waveform to quantify the nonlinearities of the amplifier. Once the input 

and output waveforms were measured, the expected performance of the amplifier was 

calculated and used in the digital predistortion algorithm. 

Table 5.1  Performance of ET using Philips/NXP LDMOS RFPA, memoryless DPD and 

and memory mitigation. 

 

Gain 

(dB) 

Po 

(W) 

DE 

(%) 

PAE 

(%) 

EVM 

(%) 

ACLR1 

(dBc) 

ACLR2 

(dBc) 

Before DPD 15.0 26.9 40.8 40.3 45 23 44 

After Memoryless DPD 14.9 27 40.9 40.4 3.3 44 53 

After Memory 

Mitigation 
  

 
 <1.0 54 59 

 

The overall envelope tracking amplifier was measured with single carrier W-

CDMA signals with 3.84 MHz bandwidth. The peak-to-average power ratio of the 
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signals is 7.6 dB. The measured AMAM and AMPM performance before DPD (Figure 

5.34) was used to build an expected gain model. This model was used to perform 

memoryless DPD (Figure 5.35). Multiple measurements were made of this sequence, 

allowing us to evaluate the noise and deterministic memory of each sample, and 

compensate the input signal to achieve the objective output signal. The results of the 

memory mitigation measurement are shown in Figure 5.36. Each of these plots show 

the measurements results, expressed in terms of the envelope and phase measured for 

the output signal, plotted versus the corresponding instantaneous input signal envelope 

value recorded for a W-CDMA waveform. Table 5.1 is a summary of the ET system 

performance with these three signals. The low scattering of points within the middle 

plots of Figure 5.35, over the domain of input powers indicate a low memory effect. 

The original phase measurement shows an almost linear dependency on the input 

voltage, with a range of 60 degrees. This AMPM distortion needs to be corrected in 

order to get accurate time alignment of the envelope tracking system. This phase 

behavior is flat (±5°) with the memoryless DPD. The performance with the 

memoryless DPD was quite good, but we went ahead and applied the memory 

mitigation algorithm[52] to compensate for the memory effects associated with this 

device and further improve the ACLR and EVM performance. The output spectrum 

improvements can be seen in Figure 5.36. Figure 5.37 presents the PSD of these three 

output waveforms. 

The average power added efficiency (PAE) including dissipation in the 

envelope amplifier is as high as 40.4 % with average output power of 27 W. This is 



190 

 

among the highest efficiencies reported for a W-CDMA base station power amplifiers 

using single LDMOS device final stage. 

These measurements were performed with the Hall effect probe, providing 

insight into the current flowing between the envelope amplifier and the GaN HFET. 

Figure 5.38 shows that the driving point impedance from the Vdd envelope amplifier 

over the input power is generally in the range from 4-5 ohms, with a large variation at 

low input power levels (low voltages > 5 ohms). Figure 5.39 shows the instantaneous 

drain efficiency and the envelope pdf verses the output power. Note that the majority 

of sample points of the envelope fall within the 50-75% drain efficiency range. 
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Figure 5.34  Normalized, measured AMAM (right) and  AMPM before DPD of LDMOS 

PA using Philips/NXP BLC5G22-100. 

 

Figure 5.35  Normalized, measured AMAM (right) and  AMPM after memoryless DPD 

of LDMOS PA using Philips/NXP BLC5G22-100. 

 

Figure 5.36  Normalized, measured AMAM (right) and AMPM after memory mitigation 

of LDMOS PA using Philips/NXP BLC5G22-100. 
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Figure 5.38  Measured driving point impedance for envelope amplifier (Vd/Id) 

looking into the drain bias line. 

 

Figure 5.37  Relative PSD of NXP LDMOS ETPA output with WCDMA signal 

(highest), memoryless DPD (middle), and with memory mitigation (lowest trace). 
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There are challenges to doing comparison of the same device operating with 

the envelope tracking system and with a constant Vd voltage, but a comparison with 

similar condition in Table 5.2. There are two aspects that are most interesting in the 

comparison. First of all, the power supply voltage efficiency in the constant Vd 

configuration is never taken into account making comparisons unequal. Secondly, the 

power loading in the envelope tracking system is distributed over more components 

and a larger area, reducing the thermal loading of the system. Most importantly, the 

power dissipation on the LDMOS part is a dramatic reduced, to 13.3 Watts from an 

original 61 Watts of power dissipation. 

 

Figure 5.39  Instantaneous drain efficiency as measured by a LeCroy sampling 

oscilloscope over output power with output signal pdf. 
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Table 5.2  Power dissipation comparison LDMOS PA with ET and with fixed bias. 

 

Comparison 

Constant Vdd Envelope Tracking 

Signal Configuration Two carrier WCDMA Single carrier WCDMA 

Gain 18.5 dB 14.9 dB 

Drain Voltage 

max 28 Volts 29.4 Volts 

rms 28 Volts 12.35 Volts 

min 28 Volts 2.8 Volts 

Average output power 26 Watts 27 Watts 

Efficiency 30% 40% 

Total DC power 87 Watts 65.9 Watts 

Vdd envelope amplifier 

dissipated power 
n/a 26.5 Watts 

Power dissipation in 

LDMOS device 
61 Watts ~13.3 Watts 

 

In this section, a W-CDMA base station power amplifier using a 5th generation 

LDMOS device from Philips and envelope tracking, demonstrating very high 

efficiency and precise output performance. Under the influence of a WCDMA source, 

an average efficiency of 40.4% with average output power of 27 W and gain of 14.9 

dB was achieved with an output EVM of 3.3% with memoryless DPD and better than 

1.0% EVM with memory mitigation. By combining the robust and reliable operation 

of the high performance LDMOS device with an envelope tracking amplifier 

configuration, an amplifier has been presented that shows higher efficiency and output 
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accuracy on single W-CDMA signal than the expected target of the next generation 

device. 

5.3.2 GaN PA Example 

GaN HFETs and PA employed in Chapter 4 and this section are from 

Nitronex. GaN is of interest because it can support higher power densities than typical 

power devices[95]. The Nitronex devices are especially interesting since they are built 

on Silicon and can be much larger than the GaN devices built on more expensive 

(GaN or SiC) substrates. The oversized device results in a lower Ron and a higher 

optimal efficiency. The PA matching to the device also created great efficiency over a 

wide range of voltages, resulting in very high overall ETPA efficiency. 

The packaged device (Nitronex NPT 21120) consists of two HFETs combined 

in a CuW / ceramic package (to provide an aggregate gate width of 72mm). The FET 

was biased in class AB mode. The implemented RF power amplifier shows a 150 W 

peak under CW operation at 2.14 GHz. The measured drain efficiency with fixed drain 

bias of 28 V and quiescent current of 2400 mA reached 25 % at -39 dBc ACLR under 

WCDMA signal (test model 1 with 64 users, peak-to-average power ratio of 8.5 dB at 

0.1 % probability and 9.8 dB at 0.01 %). The corresponding output power was 19 W 

and the gain was 15.0 dB at the center frequency of 2.14 GHz. Measurement of the 

envelope amplifier used in this work shows efficiency of approximately 77 % under 

WCDMA signals. At full output power, the peak output voltage was 29.5 V and the 

RMS (root-mean-square) voltage was 13.8 V[51, 58].  
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An initial WCDMA waveform is presented to the system. The results of this 

measurement are used to perform memoryless DPD, reducing the AM-AM and AM-

PM distortion caused by the RF amplifier and envelope amplifier. A second level 

memory mitigation DPD is performed that compensates for all deterministic memory 

in the measurement, leaving only random noise and non-repeating signals. 

The overall envelope tracking amplifier was measured with single carrier 

WCDMA signals with 3.84 MHz bandwidth. The peak-to-average power ratio of the 

signals is 7.67dB. Figure 5.40 shows the measured AM-AM performance before and 

Figure 5.41 after memoryless pre-distortion, expressed in terms of the output signal 

envelope, plotted versus the corresponding instantaneous input signal envelope value 

recorded for a WCDMA waveform. The relatively low scatter for the different values 

of input power indicates a low memory effect in amplitude. The overall improvement 

in output signal quality resulting from DPD is summarized in the measured output 

spectrum (Figure 5.45), where ACLR is improved by 15.0 dB and 12.0 dB at 5 MHz 

offset and 10 MHz offset, respectively, through the digital pre-distortion. The ACLR 

specification limits for WCDMA radio base station output signals are -45 dBc at the 5 

MHz offset and -50 dBc at the 10 MHz offset, so the specifications are met with 

adequate margin. 

Even with the outstanding performance of the memoryless DPD, we applied a 

memory mitigation algorithm[52] to evaluate the memory effects associated with this 

device. The improvement of output RMS error with iteration count of the algorithm is 

presented in Figure 5.44.  
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The average power added efficiency (PAE) including dissipation in the 

envelope amplifier is as high as 50.7 % with average output power of 37.2 W. This is 

the highest efficiency among the reported WCDMA base station power amplifiers. 

The gain and error vector magnitude (EVM) are 10.0 dB and 1.74 % after memoryless 

pre-distortion, respectively. After memory mitigation, the measured EVM drops to 

0.7% and ACLR to   -52.0 dBc at 5 MHz offset and -58.0 dBc at 10 MHz offset. Table 

5.3 summarizes the measured performance of the Nitronex GaN amplifier with a 

single carrier WCDMA signal operating with envelope tracking. 

  
Figure 5.40  Normalized Vo over Vi of Nitronex base station GaN based RFPA. 
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Figure 5.41  Normalized Vo over Vi after memoryless DPD of Nitronex base station GaN 

based RFPA. 

  
Figure 5.42  AMPM over normalized Vi of Nitronex base station GaN based RFPA. 
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Figure 5.43  AMPM over normalized Vi after memoryless DPD of Nitronex base station 

GaN based RFPA. 

  
Figure 5.44  Convergence of memory mitigation. Red circles are the individual 

measurements, the blue curve is the convergence of the ensemble average. 
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Table 5.3  Summary of ET on GaN RFPA with single carrier WCDMA, memoryless 

DPD and memory mitigation. 

 

Gain 

(dB) 

Po 

(W) 

DE 

(%) 

PAE 

(%) 

EVM 

(%) 

ACLR1 

(dBc) 

ACLR2 

(dBc) 

Before DPD 10.3 36.5 51.7 49.3 12.1 32 41 

After Memoryless DPD 10 37.2 53.4 50.7 1.74 48 53 

After Memory 

Mitigation 
  

 
 <1.0 52 58 

 

  
Figure 5.45  Relative PSD of Nitronex, GaN ETPA output with WCDMA signal 

(highest), memoryless DPD (middle), and with memory mitigation (lowest trace). 

5.3.3 HVHBT PA Example 

The Triquint HVHBT example contains a number of different waveforms. This 

amplifier has achieved the best efficiency with wide modulation bandwidths. A 

number of measurements obtained record results. The single trajectory, envelope 
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tracking configuration presented in Chapter 1 was utilized. The collector of the 

HVHBT was modulated by the envelope amplifier with a peak output voltage of 29 V 

and a root-mean-square (RMS) voltage of 12.8 V. This is slightly lower than other 

base station RFPAs that have been the subject of our research on envelope tracking. 

The performance of the envelope tracking amplifier utilizing the GaAs 

HVHBT-based RF PA was measured using WCDMA and WiMAX signals at 2.14 

GHz. To achieve waveforms with a range of PAPR, CFR was performed the baseband 

signal. Waveforms that have a lower PAPR have higher efficiency even with envelope 

tracing. With this amplifier, DPD is employed for linearization at two levels. 

Memoryless DPD is carried out to compensate for the expected gain variation of the 

amplifier and the deterministic memory was also removed with memory mitigation 

DPD[52]. Figure 5.48 and Figure 5.49 present the relative PSD of the WCDMA 

measurements and the 10MHz  LTE measurements respectively, with and without 

DPD as well as the memory mitigated results. 

The waveforms used on this device included a single carrier, 3.84-MHz 

WCDMA signal with an PAPR of 6.6 dB. The envelope amplifier exhibited an 

average efficiency of 75% for this WCDMA signal. The measured overall power-

added efficiency (PAE) accounting for both envelope amplifier losses and RF stage 

losses reached 58% with an average output power of 42 W and a gain of 10.3 dB after 

pre-distortion, which at the time of publication was the best efficiency reported for a 

single stage WCDMA base-station power amplifier. 
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Figure 5.46 shows the measured AM-AM and Figure 5.47 the AM-PM 

characteristics before and after memoryless pre-distortion. The memory mitigated 

plots are omitted since they are identical to the others presented earlier in the 

dissertation. The scatter of the plotted data indicates a modest memory effect as well 

as measurement noise. The AM-AM distortion is almost nonexistent, except for the 

low-amplitude region and the maximum AM-PM deviation is approximately 10 

degrees. These values are lower than the Philips LDMOS and Nitronex GaN 

transistors examined earlier in this section. Table 5.4 is a summary of how this 

amplifier performed, with a number examples of using memoryless DPD and memory 

mitigation. 

  
Figure 5.46  Vo over Vin of Triquint HVHBT ETPA with WCDMA signal (left) before 

and (right) after DPD. 
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Figure 5.47  AMPM of Triquint HVHBT ETPA with WCDMA signal (left) before and 

(right) after DPD. 

  
Figure 5.48  Relative PSD of Triquint, HVHBT ETPA output with WCDMA signal 

(highest), memoryless DPD (middle), and with memory mitigation (lowest trace). 
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Figure 5.49  Relative PSD of Triquint, HVHBT ETPA output with 10 MHz LTE signal 

(highest), memoryless DPD (middle), and with memory mitigation (lowest trace). 

  



205 

 

Table 5.4  Performance summary of ET on HVHBT with various waveforms, before and 

after DPD and with memory mitigation. 

 

Gain 

(dB) 

Po 

(W) 

CE 

(%) 

PAE 

(%) 

EVM 

(%) 

ACLR1 

(dBc) 

ACLR2 

(dBc) 

6.6dB PAR WDCMA        

 Before DPD 10.2 44.7 63 59 5.6 -36 -46 

 After Memoryless DPD 10.3 42 62 58 2.9 -49 -53 

After Memory Mitigation     0.3 -70 -70 

7.7dB PAR WDCMA        

 Before DPD 10.2 36.1 60 57 5.6 -36 -46 

 After Memoryless DPD 10.3 33.2 58 55 2.9 -48 -53 

After Memory Mitigation     0.3 -72 -70 

8.8dB PAR WiMAX        

 After Memoryless DPD 10.4 25 51 48 4.9 -41 -41 

After Memory Mitigation     0.7 -63 -62 

11.2dB PAR WDCMA        

 Before DPD 10.4 15.5 51 49    

 After Memoryless DPD 10.5 14.2 49 47    

 

 

5.4 Summary 

In this section, we have seen the modeling formalisms develop in earlier 

chapters extended to specific features for PAs operating with dynamic supply 
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voltages, then applied to ETPAs using RFPAs built from LDMOS, GaN and HVHBT 

devices. The single trajectory current was modeled using the controlled confidence 

interval, statistical techniques from Chapter 3. The Volterra series extraction concepts 

used in Chapter 4 are extended to model the memoryless and current surfaces and the 

construct of pruning terms from the polynomial surface model are explored, achieving 

better predictive accuracy by eliminating un-helpful terms from the model. With a 

model of the current, it is possible to accurately estimate the efficiency and power 

dissipation from the behavioral model. The three ETPA examples highlight that record 

efficiencies can be achieved with envelope tracking with sufficient linearity when 

DPD is employed to compensate for the nonlinearities of the system. The examples 

also highlight the significant reduction in power dissipation.  

Chapter 5, in part, is a reprint of material as it appears is seven papers:  2005 

Compound Semiconductor Integrated Circuits Symposium, "50% PAE WCDMA base 

station amplifier implemented with GaN HFETs," was expanded into 2006 IEEE 

Transactions on Microwave Theory and Techniques "High-Efficiency Envelope-

Tracking W-CDMA Base-Station Amplifier Using GaN HFETs," Donald F. Kimball, 

Paul J. Draxler, Jinho Jeong, Chin Hsia, Sandro Lanfranco, Walter Nagy, K. 

Linthicum, Lawrence Larson, Peter M. Asbeck;  2006 MTT International Microwave 

Symposium, "High Efficiency Envelope Tracking LDMOS Power Amplifier for W-

CDMA," Paul J. Draxler, Sandro Lanfranco, Donald F. Kimball, Chin Hsia, Jinho 

Jeong, J. van de Sluis, Peter M. Asbeck. June 2006;  2008 Compound Semiconductor 

Integrated Circuits Symposium, "High Efficiency WCDMA Envelope Tracking Base-
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Station Amplifier Implemented with GaAs HVHBTs," expanded into 2009 IEEE 

Journal of Solid-State Circuits, "High-Efficiency WCDMA Envelope Tracking Base-

Station Amplifier Implemented With GaAs HVHBTs,", Donald F. Kimball, Jinseong 

Jeong, Myoungbo Kwak, Paul Draxler, Chin Hsia, Craig Steinbeiser, T. Landon, O. 

Krutko, Lawrence Larson, Peter M. Asbeck, Oct. 2009;  2009 IEEE MTT-S 

International Microwave Symposium Digest, "Wideband envelope tracking power 

amplifier with reduced bandwidth power supply waveform,", expanded into IEEE 

Transactions on Microwave Theory and Techniques, "Wideband Envelope Tracking 

Power Amplifiers With Reduced Bandwidth Power Supply Waveforms and Adaptive 

Digital Predistortion Techniques," Jinseong Jeong, Donald F. Kimball, Myongbo 

Kwak, Chin Hsia, Paul J. Draxler, Peter M. Asbeck, Dec. 2009. The author of this 

dissertation was the first author of one of these publications and the primary researcher 

regarding waveform DSP and DPD on all seven papers. 
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CHAPTER 6 
Conclusions 

6.1 Research Summary 

The impact of RFPA nonlinearities and memory effects on wireless system 

capacity and performance is heavily dependent on the performance of compensating 

circuits (digital or analog predistortion or postdistortion) and their match to the RFPA.  

When well understood, many distortion effects can be compensated which typically 

allows improved RFPA efficiency to be obtained. 

Understanding the impact of PA distortion effects on system performance 

begins with being able to stimulate the RFPA with the right waveforms followed by 

generation of accurate, predictive models.  The research in this thesis has shown that 

waveforms that are spectrally too rich or insufficiently rich may provide an indication 

of what performance to expect, but getting the correct level of dynamics in the 

waveform will result in superior models.  In this dissertation, the Blackbox ABC 

model was presented that allows system identification techniques to be used to 

identify the memory effects of an RFPA with internal states as well as signal 

processing techniques to generate good candidate waveforms for characterization and 

performance validation. 
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Measurements are limited by the impairments of the observation path.  

Knowing and compensating for feedback path impairments is important to achieving 

the optimal performance from the compensating circuits and overall system.  When 

feedback sequences are acquired, the subsample offsets due to propagation delay must 

be compensated.  In general, there are many other measurement impairments (in 

addition to time offset) that obscure the transmitter chain performance.  This 

dissertation has presented a technique to effectively negate the impact of frequency 

drift between oscillators in the system (which result in phase drift between the 

reference and feedback waveforms).  An approach to address the sub-sample time 

alignment between the feedback and reference waveform is also discussed. 

When modulated waveforms are used, it has been observed that the expected 

gain will shift and that the pdf of the waveform can create under-sampled ranges of 

values resulting in large variances.  In this dissertation, a technique that uses statistical 

signal processing techniques is introduced that uses a context specific averaging 

window.  The importance and weight of each sample are modified by using larger or 

smaller averaging sample sets, based on the support within the neighborhood to reduce 

the estimated mean confidence interval to a target level.  By creating a dynamic 

calculation window size, models are obtainable with smaller training sequences that 

are more accurate and robust.  With an accurate memoryless model, optimally 

accurate memoryless DPD can be performed and this creates a baseline for a memory 

model, since the memory terms should be a zero-mean process about the memoryless 
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model.  These same techniques to find the expected gain are also used to perform 

parameter estimation for an expected current model. 

With optimal memoryless models possible, how much of the remainder can be 

modeled as a zero-mean memory process?  To address this question, the dissertation 

has presented a memory mitigation procedure that performs successive 

approximations on the input signal to achieve the optimal output waveform for a given 

PA and a particular measurement environment.  This technique compensates for all 

deterministic memory of the system and quantifies the measurement limits of the 

system.  At times, this procedure has been able to obtain -46dB EVM and around -

70dB ACLR1 when using a WCDMA waveform. 

Advanced RFPA techniques, such as envelope tracking, have nonlinearities 

and memory effects that are different than those for Class AB PAs.  With power 

optimized ET systems, at low voltages the behavioral model is byproduct of the RF 

path, but at moderate and high signal levels, the AMAM is dominated by the envelope 

path and the AMPM is generated by the RF path – with some modulation from the 

envelope path.  By extending behavioral models for RFPAs to include threshold levels 

within the truncated Volterra series, we have been able to model envelope tracking 

PAs more efficiently by capturing this time varying behavior as a threshold process. 

Many of the same least squares parameter estimation techniques that are used 

to extract the Volterra coefficients can be used to extract the coefficients for 

polynomial surfaces.  The dissertation presents how the expected gain and expected 
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current estimates can be expanded into two dimensional surfaces to be used for 

efficiency estimates and compensating circuits (within a DPD block) when more 

complex ET systems are needed for wider bandwidth signals.  In generating the two 

dimensional surfaces, the technique of pruning specific operators from the polynomial 

truncation is applied.  This technique is general enough to be used in any of the least 

squares extraction procedures described in this thesis, eliminating operators from the 

LS extraction matrix during construction.  This pruning procedure eliminates 

ineffective terms from the series representation. 

Many of the DPD and signal processing formalisms presented in the 

dissertation have been applied in the lab to RFPAs that use various device 

technologies: Si-LDMOS, GaN on Si, HVHBT on GaAs and others.  The memory 

mitigation has been found to be quite helpful in compensating for all deterministic 

memory, but it is also quite helpful in debugging the instrumentation setup.  When 

there are issues with spurs or other signal contamination issues, the memory mitigation 

code doesn’t converge.  When this code fails to converge to a clean waveform, it is an 

indication that there are some other issues with the measurements and they are not 

repeatable. 

6.2 Future Research Directions 

Applications will continue to demand greater performance from wireless 

products, pushing standards to ever increasing requirements on the radio transmitter in 

terms of linearity.  The modulation bandwidths per band and the number of supported 
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bands within one platform are increasing.  The result of these developments is a 

reduction in efficiency and an increase in power dissipation, which is unacceptable.   

 

1) Extensions to statistical modeling of expected gain 

The statistical processing of measured samples can be extended to include the 

modeling of current. This will identify specific ranges of the model that need 

refinement. 

2) Decoupled RF path and Envelope path predistortion 

Additional transmitter bandwidth and radios that have multiple configurations 

for a given band of operation (such as LTE-A with multiple carriers and multiple 

clusters per carrier) will further complicate envelope tracking PAs. The bandwidth of 

efficient supply modulators is being pushed to their limits resulting in a reduced 

efficiency. It is quite possible that some of this efficiency can be reclaimed by use of 

predistorting the envelope path and RF path independently, trading performance in 

one chain for performance in the other. 

Once the RF path and envelop paths are decoupled, there are a number of other 

things that can be done. The sensitivity surfaces can be used to implement a memory 

mitigation that modifies both waveforms simultaneously. One key challenge to this 

process would be defining the proper penalties to this operation. For example, one 

may want to minimize the envelope amplifier load variations while also minimizing 
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the signal bandwidth or slew rate of the envelope amplifier. By identifying a set of 

waveforms, Vi and Vd, that generate the desired output will provide insights into 

algorithm development for DPD and signal conversion algorithms.  

3) Simulation of Rx band noise 

Behavioral models tend to focus the extraction and validation onto nonlinear 

distortion effects. By including the current model, it is now possible to model internal 

noise sources in the device (for example, shot noise in HVHBT devices). The PDSR 

surface and operational trajectories in Vi-Vd allow us to formulate how the noise 

contributions from the upconversion chain and from the envelope path are modified by 

the ET system. These pieces allow one to formulate calculations that would accurately 

estimate of the RxBN from an ET transmitter. 

4) DSP-Based Cancellation in the Receiver 

The focus of much of the analysis in this thesis has been on close in spectral 

regrowth and inband distortion. Wide band spectral regrowth and noise generation is 

also of interest in frequency domain duplex (FDD) systems. We are starting to see 

Volterra series application to post distortion correction algorithms, for canceling Tx 

leakage into the receiver to increase the receiver sensitivity. This leakage occurs in a 

number of ways: this can be direct distortion from the PA in an adjacent band, when 

the larger Tx signal mixes with a spur, or even a harmonic of the Tx signal. 
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5) Adaptive Volterra Filters 

The behavioral models, both memoryless and truncated Volterra series 

approaches, are built with least squares estimates of the coefficients.  Future research 

will look examine adaptive Volterra filters using various algorithms, such as LMS, 

RLS and others. 

6) Memory on Different Timescales 

One of the issues with many devices and RFPAs are the wide ranging time 

scales where memory and gain can change.  When a system is adaptive at one rate, 

changes at a faster rate must be modeled with an open loop model.  Most of the 

memory effects presented in this thesis are within 50 samples, but some features of the 

RFPA behavior change at slower rates than this.  In the future, there will be 

mechanism to identify the time varying coefficients and couple them with measured 

external states or internal states that are inferred from some observable change.  As 

open loop model includes more effects, then the adaptation can be performed less 

frequently. 
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