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Abstract

This thesis investigates methods to improve the efficiency of behavioural modelling

workflows for Radio Frequency (RF) power amplifiers (PAs) using load-pull measure-

ments. In practical design processes, both large-scale simulations and measurements

can consume significant time, making model development and design optimisation

slower.

To improve simulation efficiency, an Artificial Neural Network (ANN) model im-

plementation framework is developed in a computer-aided design environment based

on an existing Cardiff Model (CM) implementation. The framework introduces a

dynamic function-generation framework within the ADS schematic, allowing the

ANN model implementation to be adapted according to the required model struc-

ture. Based on this framework, a systematic runtime comparison between ANN

model and CM implementations is presented under load-pull conditions of varying

complexity. The results show that schematic structure has a strong effect on sim-

ulation cost. For the fundamental-frequency simulation considered in this study,

removing calculations that were redundant for the selected model configuration re-

duced the runtime of the original CM implementation by approximately 99% while

maintaining modelling accuracy.

In addition, this thesis investigates systematic (Type B) uncertainties in load-pull

measurement systems that may remain hidden after calibration. A novel method

is developed to characterise and assess these uncertainties. A measurement system

integrity assessment workflow is introduced, enabling early detection of abnormal

deviations before they affect behavioural model extraction and device performance

evaluation.
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The results show that the measurement-domain threshold is exceeded by system-

atic distortions of around 1-2% of the incident-wave magnitude, while the model-

domain threshold is exceeded at around 2.6%. These results indicate that proper

model implementation can significantly reduce simulation time, while early detec-

tion of systematic distortions can help reduce the time wasting on re-measurement

and recalibration.

Overall, this work provides a new perspective on improving both computational

and experimental efficiency in load-pull based behavioural modelling, contributing

to faster and more reliable RF PA design workflows.
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Chapter 1

Introduction

Radio frequency (RF) and microwave power amplifiers play an important role in

modern wireless communication and electronic systems. Their design depends sig-

nificantly on accurate transistor behavioural models that can predict large-signal be-

haviour under practical operating conditions. In a Computer-Aided Design (CAD)

environment, such models help designers save development time and cost by enabling

circuit optimisation before hardware implementation.

However, the application and extraction of these models depend on both efficient

simulation procedures and accurate measurement data. Load-pull measurement sys-

tems are commonly used to obtain the large-signal datasets required for behavioural

modelling, while a CAD environment is used to implement the extracted models.

Therefore, the overall behavioural modelling workflow depends not only on model

accuracy and simulation time, but also on the reliability of the measured data used

for model extraction.

To provide the background for the rest of the thesis, this chapter first introduces

the main transistor modelling approaches used in RF and microwave design, espe-

cially the behavioural modelling methods relevant to large-signal power amplifier

applications. Then it describes the load-pull measurement systems and CAD envi-

ronments used for model extraction and evaluation. Finally, the objectives of this

thesis are presented, followed by a summary of the chapter structure.
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1.1 Transistor Models for RF/Microwave Design

Under low excitation levels, small-signal models are often sufficient to represent lin-

ear device behaviour. However, for RF power amplifier design, transistor modelling

becomes more difficult under large-signal operating conditions because the device

behaves non-linearly. When the device operates in the non-linear region, the model

must consider the effects of input power, bias, and load impedance. This has led

to the development of advanced large-signal modelling approaches to predict device

response more accurately.

In general, transistor models for RF and microwave applications can be separated

into physics-based models, table-based models, and behavioural models. Physics-

based models are derived from the internal device physics and are usually used to

study transistor mechanisms and process-related effects. Among them, compact

models are widely used in circuit simulation [1], [2]. They use simplified equations

to describe device behaviour. However, because these models are closely related to

device structure and model formulation, they can be harder to extract and adapt

for large-signal applications based directly on measured data.

Table-based models provide another approach by storing measured device re-

sponses under different operating conditions and using interpolation to predict be-

haviour within the measured region [3], [4]. Their main advantage is that they can

reproduce measured data directly without needing a detailed analytical model of

the device. However, their accuracy depends strongly on the quality and density

of the measurement data. It is also affected by the interpolation capability of the

CAD environment. In addition, table-based models usually have limited ability to

extrapolate outside the measured operating region [3].

To solve the limitations of purely linear modelling under large-signal operation,

a range of non-linear behavioural modelling approaches has been developed. Be-

ginning with the small-signal S-parameter model, methods such as Volterra Input

Output Map (VIOMAP) [5], hot S-parameters [6], Poly-Harmonic Distortion (PHD)
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modelling [7], [8], and X-parameters [9] have extended the ability to represent non-

linear device behaviour under large-signal conditions. These approaches provided

an important foundation for later waveform-based and behavioural modelling tech-

niques used in RF power amplifier design.

To improve the direct use of measured large-signal data in CAD environments,

the Cardiff Direct Waveform Lookup Table (DWLU) approach was developed for

importing measured device characteristics into simulation [10]. Building on the

Cardiff DWLU and PHD approaches, the Cardiff Model (CM) was developed as a

behavioural modelling framework in which the relationship between incident and

scattered waves can be represented using a configurable set of model coefficients,

allowing the model complexity and harmonic content to be adapted to the avail-

able measurement data [11], [12]. Unlike purely table-based approaches, it offers a

formulated model structure while still remaining closely related to measured device

behaviour.

At the same time, artificial neural network (ANN) techniques have also been

applied to transistor behavioural modelling [13], [14]. ANN-based models provide

a data-driven approach that is able to represent complex non-linear relationships

directly from measured or simulated datasets. Compared with highly structured

behavioural models, ANN models provide larger flexibility in model form, although

their behaviour depends significantly on the selected network structure, training

process, and available dataset [15], [16].

This thesis mainly focuses on the CM and ANN-based modelling approaches.

The CM provides an established behavioural modelling framework for RF power

amplifier applications [11], [12], while ANN models provide a flexible approach to

non-linear data representation [13], [15]. Together, these two approaches provide

a useful basis for investigating both the implementation efficiency of behavioural

models in CAD environments and the reliability of the measurement data on which

these models depend.

Because both the CM and ANN-based models rely on proper large-signal datasets

3



for model extraction and assessment, the measurement system is an important part

of the overall modelling workflow. The load-pull measurement systems used to

obtain these data are therefore introduced in the following section.

1.2 Measurement Systems and Load-Pull

Workflow

In load-pull based behavioural modelling, the measurement system is not only used

to obtain device data, but also affects the efficiency and reliability of the modelling

workflow. For this reason, this section explains how the load-pull measurement

system contributes to behavioural model extraction.

Different transistor modelling approaches require different types of measurement

data for model extraction and validation. For small-signal models, the required data

are usually obtained from Vector Network Analyser (VNA) measurements under

linear operating conditions. In contrast, large-signal behavioural modelling requires

measured datasets obtained when the device operates under non-linear operating

conditions [17], [18]. For this reason, load-pull measurement systems are widely

used in RF and microwave power amplifier design, because they enable the device

behaviour to be characterised over a range of fundamental and, where required, har-

monic impedance conditions. As a result, the measurement system is an important

part of the overall behavioural modelling workflow.

In load-pull measurements, the load impedance of the device is varied so that

the corresponding transistor response can be observed under different operating

conditions. By changing the load condition, it is possible to evaluate changes in

output power, gain, efficiency, and waveform behaviour across the Smith chart. Since

device performance depends significantly on impedance conditions, this makes load-

pull measurements suitable for non-linear transistor modelling and power amplifier

design [17], [18]. Actually, load-pull measurements provide the large-signal datasets

required for behavioural model extraction and CAD simulation.

4



Load-pull systems can be implemented using passive, active, or hybrid ap-

proaches [17], [18], depending on the required impedance range and device power

level. Passive load-pull systems usually use tuners to synthesise the required

impedance. They are relatively direct in operation. However, the available

impedance range is limited by system losses, especially when load conditions are

close to the boundary of the Smith chart, which is particularly critical for devices

whose optimum load impedances lie in these high-reflection regions.

Active load-pull systems overcome this limitation by injecting additional signals

to create the required impedance conditions at the device ports. Hybrid approaches

combine passive and active load-pull to cover wider impedance ranges while keeping

measurement flexibility [17], [18]. Although the detailed system structure may differ,

the main purpose of these methods is to obtain device measurement data over a range

of large-signal operating conditions.

For behavioural modelling, the large-signal response of the transistor is usu-

ally described with incident and reflected travelling waves. In a two-port system,

the incident waves are denoted by a-waves and the reflected waves by b-waves.

They provide a convenient frequency-domain description of device behaviour and

are widely used in load-pull based modelling approaches. Depending on the specific

measurement system, the travelling waves can be measured directly or calculated

from the corresponding voltage and current signals with a reference impedance Z0.

The voltage-current and travelling-wave relationships can be written as follows:

V =
Z∗
0a+ Z0b√
ℜ(Z0)

(1.1)

I =
a− b√
ℜ(Z0)

(1.2)
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a =
V + Z0I

2
√

ℜ(Z0)
(1.3)

b =
V − Z∗

0I

2
√

ℜ(Z0)
(1.4)

where V and I are the terminal voltage and current, a and b are the incident and

reflected travelling waves, Z0 is the reference impedance, and Z∗
0 is the complex

conjugate of Z0. In this thesis, Z0 is usually treated as 50 Ω. These relationships

enable the measured large-signal data to be represented in a form convenient for

behavioural model extraction in the frequency-domain [19], [20].

With the travelling-wave representation, the device response can be described

more generally as a function of the incident wave conditions [20]. When harmonic

effects are included, a generic formulation for large-signal behavioural modelling can

be expressed as

bp,h = F (ap,h) (1.5)

where p denotes the port number and h denotes the harmonic index. This expression

can be used to show that the measured waves are used to describe transistor be-

haviour under non-linear large-signal operation. The modelling dataset is obtained

under a range of specific operating conditions, such as input power, bias, frequency,

and load impedance. Then it is used for model extraction and evaluation.

After measurement, the obtained data are usually processed in a numerical envi-

ronment for model extraction and parameter determination. For example, platforms

such as MATLAB can be used to organise the measured travelling-wave data and ex-

tract the model coefficients. The extracted model can then be imported into a CAD

environment for implementation and evaluation. Modern CAD platforms such as

Keysight ADS can support load-pull simulation, parameter sweeps, and behavioural

model implementation, allowing the measured device data to be applied directly

to circuit-level analysis [21]. For example, in ADS, a Frequency-Domain Defined

Device (FDD) component can be used to implement measured or extracted model

6



data for load-pull simulation [21]. This provides a direct connection between the

measurement system and the design process in CAD.

Figure 1.1: Example of a CAD-based load-pull implementation for behavioural
model validation

Because of the tight connection between measurement and CAD environments,

the quality of the final model depends on both simulation efficiency and the ac-

curacy of the measured data. A modelling workflow can become inefficient when

simulations take too much time or when hidden errors in the measured data require

repeated checking or re-measurement. Therefore, the measurement system is not

only a source of data, but also a key factor affecting the efficiency and reliability

of behavioural modelling for RF power amplifier design. This motivates the thesis

objective presented in the following section.

1.3 Thesis Objective

In practical RF power amplifier design workflows, behavioural modelling signifi-

cantly depends on both efficient simulation and reliable measurement data. How-

ever, large-scale load-pull based modelling can take a long time, not only because of

the computational cost of simulation, but also because hidden problems in measured

data which may require repeated checking, re-measurement, or recalibration.

For simulation, different behavioural model structures can result in large differ-

ences in runtime under large-scale load-pull conditions. For measurements, system-
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atic errors may remain hidden after calibration and may gradually increase with

time after the initial calibration, before propagating into the extracted model and

affecting predicted device performance. These two issues reduce the efficiency of the

modelling workflow and may lead to unnecessary time and cost.

The objective of this thesis is to improve the efficiency of load-pull based be-

havioural modelling workflows by addressing both simulation runtime and the early

detection of systematic measurement errors. To achieve this, an ANN model imple-

mentation framework is developed based on an existing CM implementation, and a

dynamic schematic generation function is introduced to enable the ANN model to

be created according to the required model structure. Based on this framework, a

systematic runtime comparison between ANN and CM implementations is presented

under load-pull conditions of varying scale.

In addition, a novel method is proposed to characterise and assess systematic

uncertainties in load-pull measurement systems. A measurement system integrity

assessment workflow is introduced to enable early detection of abnormal deviations

before they significantly affect behavioural model extraction and device performance.

In this way, the thesis addresses workflow efficiency from both simulation and mea-

surement perspectives within the same behavioural modelling process.

1.4 Chapter Synopsis

Based on the objectives described above, the thesis is organised as follows.

Chapter 2 presents a literature review of transistor modelling techniques for

RF and microwave applications. Particular attention is given to large-signal be-

havioural modelling approaches, including the CM and ANN-based models. The

related measurement and uncertainty background is also introduced to support the

later discussions on both CAD implementation and measurement reliability.

Chapter 3 describes the CAD implementation framework used in this thesis.

It introduces the ANN model implementation framework developed based on an

existing CM implementation, together with the simulation setup that provides the
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basis for the runtime analysis presented in Chapter 4.

Chapter 4 investigates the simulation efficiency of the behavioural modelling

approaches. The runtime performance of different model formulations is evaluated

under load-pull conditions of varying scale in order to test the impact of model

structure on computational cost.

Chapter 5 investigates systematic uncertainties in load-pull measurement sys-

tems and their effect on behavioural modelling. While Chapter 4 focuses on simu-

lation efficiency in CAD, Chapter 5 investigates the measurement side of the work-

flow. A method is developed to characterise and assess systematic errors, and a

measurement system integrity assessment workflow is proposed for early detection

of abnormal deviations before they significantly affect model extraction and device

performance evaluation.

Chapter 6 concludes the thesis and summarises the main findings of the work.

Possible directions for future research are also discussed.
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Chapter 2

Literature Review

How to build a highly efficient and accurate behavioural model that can help re-

searchers design and analyse prototypes is a key problem in the RF and microwave

industries. A well-developed device model allows companies and laboratories to save

time and money on exhaustive investigations of other possible prototypes. Currently,

with the rapid development of electronic information technology and communica-

tion technology, gallium nitride high electron mobility transistors (GaN HEMTs)

have been widely used in these areas. From GaN HEMT devices at the device level

to circuit-level applications, the development of large-signal models has become in-

creasingly important.

In the early stages of research, around the 1990s, researchers used relatively

simple expressions to describe device behaviour, which are generally referred to

as empirical models. Representative examples of this category include the Statz

model [1], the Crutice model [2], and the Angelov model [3], [4]. For instance, the

Angelov model makes clever use of the tanh() function to accurately describe the

phenomenon in which the transconductance of a HEMT device reaches a peak as

the gate voltage varies. With time, these empirical models were further developed,

extended, and standardised. Amongst these developments, the Energy Equation

HEMT Model (EEHEMT) [5], developed by Keysight Technologies, is one of the

most validated models. It is based on the Angelov model but extends and enhances

it, making the EEHEMT more comprehensive and robust. Meanwhile, other mod-
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els moved beyond descriptions based mainly on mathematical expressions of GaN

HEMT characteristics, toward physics-based virtual-source models. One example is

the MIT virtual source GaNFET-high voltage (MVSG-HV) model [6].

Under small-signal conditions, scattering parameters (S-parameters) are com-

monly employed for GaN HEMT model extraction. However, when applied to

large-signal conditions, linear S-parameters cannot accurately predict non-linear de-

vice behaviour. For this reason, non-linear models are indispensable. Well-known

non-linear models include the Volterra Input Output Map (VIOMAP) [7], Poly-

Harmonic Distortion (PHD) model [8], X-parameters [9], Cardiff Model (CM) [10],

[11] and Artificial Neural Network (ANN) models [12], [13], [14], [15], [16], [17], [18],

[19], [20], [21], [22], [23], [24], [25], [26], [27], [28]. All of these approaches have been

successfully validated and widely used in applications around the world. Therefore,

in this chapter, both linear and non-linear models will first be reviewed. Following

this, because the work in this thesis is primarily based on the CM and the ANN

model, these two models will be introduced in detail. Finally, some basic knowledge

of calibration and two types of errors will also be discussed, as these are used for

the collection and analysis of measurement data required for the modelling focus of

this thesis.

2.1 S-parameter and Non-linear Behaviour

Models

2.1.1 S-parameter

At low frequencies, it is relatively straightforward to analyse circuits in terms of

voltages, currents, and impedances. However, when frequency increases and the

wavelength becomes shorter, transmission line effects dominate. Under these circum-

stances, conventional circuit analysis methods become ineffective because voltages

and currents vary with position along the line. To address this, engineers employ
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S-parameters [29], [30] to describe how a network or device reflects or transmits inci-

dent signals. Simply put, S-parameters characterise the reflection and transmission

properties of an RF device at its ports [31].

For each port, there exist incident waves (a-waves) and reflected waves (b-waves).

S-parameters define the mathematical relationship between these two quantities.

Figure 2.1: S-parameter flow diagram

Figure 2.1 illustrates an S-parameter schematic diagram for a device under test

(DUT). In this figure, a1 and a2 represent incident waves, while b1 and b2 represent

reflected waves, as indicated by the arrows. From these relationships, the general

form of the S-parameter equations can be derived, as shown in equation (2.1). For

a two-port network, the equations can be expressed as:

S11 =
b1
a1

∣∣∣∣
(a2=0)

S12 =
b1
a2

∣∣∣∣
(a1=0)

S21 =
b2
a1

∣∣∣∣
(a2=0)

S22 =
b2
a2

∣∣∣∣
(a1=0)

(2.1)

With equation (2.1) and S-parameters, the relationship between a-waves and b-waves

at different ports are shown here.
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b1 = S11a1 + S12a2

b2 = S21a1 + S22a2

(2.2)

Equations (2.2) clearly demonstrate the linear relationship between S-parameters

and the incident/reflected waves. However, when a DUT is operated under large-

signal conditions, non-linear characteristics emerge. In this case, S-parameters fail

to accurately capture the device behaviour beyond the linear region. Therefore,

methods capable of extending analysis to non-linear behaviour are required. One

such method is the Volterra Input Output Map (VIOMAP) model, which provides

a modelling framework capable of including both linear and non-linear behaviour,

regardless of whether the previous input signals are known.

2.1.2 Non-linear Behaviour Models

Before extracting the VIOMAP model, consider again the two-port DUT shown

in Figure 2.1. Its equivalent system representation transforms the two ports into

terminals, such that incident waves become the input signals and reflected waves

become the output signals. Figure 2.2 illustrates this system equivalence.

Figure 2.2: The system equivalence of a two-port DUT

For a purely linear DUT, the response can be expressed as in the equation (2.3).

Similarly, the VIOMAP model, with Volterra kernel Hn,ji, can be expressed by
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equation (2.4).

b1(1) = S11(1)a1(1) + S12(1)a2(1)

b2(1) = S21(1)a1(1) + S22(1)a2(1)

b1(3) = 0

b2(3) = 0 with 1 = f0, and 3 = 3f0

(2.3)

b1(1) = H1,11(1)a1(1) +H1,12(1)a2(1)

b1(3) = 0

(2.4)

Because this is a linear system, the third-order Volterra kernel is zero. Then,

for a non-linear DUT, the Hn,ji1i2...in(f1, f2, ..., fn) represents the nth-order Volterra

kernel of the system H under the frequency fk of input ik to the output terminal j

of frequency f1 + f2 + ...+ fn. Equations (2.5) and (2.6) illustrate this for a system

including third-order non-linearities.

b1(1) = H1,1(1)a1(1)

+H1,12(1)a2(1)

+ 3H3,1111(1, 1,−1)a1(1)a1(1)a1(−1)

+ 3H3,1112(1, 1,−1)a1(1)a1(1)a2(−1)

+ 6H3,1112(1,−1, 1)a1(1)a1(−1)a2(1)

+ 6H3,1122(1,−1, 1)a1(1)a2(−1)a2(1)

+ 3H3,1222(1, 1,−1)a1(1)a2(1)a2(−1)

+ 3H3,1222(1, 1,−1)a2(1)a2(1)a2(−1)

(2.5)
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b1(3) = H3,1111(1, 1, 1)a1(1)a1(1)a1(1)

+ 3H3,1112(1, 1, 1)a1(1)a1(1)a2(1)

+ 3H3,1122(1, 1, 1)a1(1)a2(1)a2(1)

+H3,1222(1, 1, 1)a2(1)a2(1)a2(1)

(2.6)

Nevertheless, when applied to strongly non-linear systems, the VIOMAP model

requires a highly complex calculation process. To overcome some of this complexity,

the PHD modelling method provides a faster and more standardised approach to

non-linear model extraction.

The key principle of PHD modelling is to drive a strongly non-linear system with

a sufficiently large input signal, forcing it into a periodic steady-state large-signal op-

erating condition. Under this condition, small perturbations such as delays around

the operating point can be approximated as linear. As noted in [8], PHD modelling

can be regarded as a black-box approach. The basic quantities are travelling-wave

spectral components, where A denotes an incident wave and B denotes a scattered

wave. Thus, the relationship between the incident spectral components and a scat-

tered spectral component can be expressed as

Bpm = Fpm(A11, A12, A21, A22, . . .) (2.7)

where Fpm() is the black-box. Before analysing the black-box, one quantity needs

to be defined: the phasor, defined as

P = e+jϕ(A11). (2.8)

The concept of the phasor is then introduced in order to normalise the phase of the
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input signal and simplify the process of model extraction. This ensures that the

first input argument is always positive, as shown in equation (2.9)

Bpme
jmθ = Fpm

(
A11e

jθ, A12e
j2θ, . . . , A21e

jθ, A22e
j2θ, . . .

)
= Fpm

(
|A11|, A12P

−2, A13P
−3, . . . , A21P

−1, A22P
−2, . . .

)
P+m.

(2.9)

Figure 2.3: The harmonic superposition principle

Figure 2.3 illustrates the harmonic superposition principle, where A11 is the dom-

inant large-signal input component and the smaller harmonic components A12, A13,

and A14 produce corresponding perturbations in the output spectral components

B2n. Based on the harmonic superposition principle [32], most components of equa-

tion (2.9), except for the large-signal term A11, can be linearised. And the equation
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(2.9) becomes

ppm = Kpm(A11)P
+m

+
∑
qn

Gpq,mn(A11)P
+mRe

(
ApqP

−n
)

+
∑
qn

Hpq,mn(A11)P
+m Im

(
ApqP

−n
)
,

(2.10)

whereby

Kpm(A11) = Fpm(A11, 0, . . . , 0),

Gpq,mn(A11) =
∂Fpm

∂ Re (AqnP−n)

∣∣∣∣
A11,0,...,0

,

Hpq,mn(A11) =
∂Fpm

∂ Im (AqnP−n)

∣∣∣∣
A11,0,...,0

.

(2.11)

By substituting the Re (ApqP
−n) and Im (ApqP

−n) with the following equations

Re
(
AqnP

−n
)
=

AqnP
−n + conj (AqnP

−n)

2
,

Im
(
AqnP

−n
)
=

AqnP
−n − conj (AqnP

−n)

2j
.

(2.12)
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Equation (2.9) can be transformed into

Bpm = Kpm(A11)P
1+m +

∑
qn

Cpq,mn(A11)P
1+m

×
(
AqnP

−n + AqnP−n

2

)
+
∑
qn

Πpq,mn(A11)

× P 1+m

(
AqnP

−n − AqnP−n

2j

)
=
∑
qn

Spq,mn(A11)P
1+m−nAqn

+
∑
qn

Tpq,mn(A11)P
1+m+nAqn.

(2.13)

Note that two new functions, Spq,mn(·) and Tpq,mn(·), are introduced. They are

defined as

Sp1,m1(A11) =
Kpm(A11)

|A11|
,

Tp1,m1(A11) = 0

∀{q, n} ̸= {1, 1} : Spq,mn(A11) =
Cpq,mn(A11)− jHpq,mn(A11)

2
,

∀{q, n} ̸= {1, 1} : Tpq,mn(A11) =
Cpq,mn(A11) + jHpq,mn(A11)

2
.

(2.14)

Moreover, Tpq,mn(·) is zero because

P+m−1A11 = P+m+1 conj(A11) = |A11|. (2.15)

Building on PHD theory, X-parameters were developed as an industry-standard

non-linear behavioural modelling approach. X-parameters can be seen as the prac-

tical implementation of PHD theory. The general form of the X-parameter, given
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in equation (2.16), clearly shows its correspondence to the PHD modelling equation

(2.13).

Bp,k = X
(F )
p,k +

P∑
q=1

N∑
m=1

[
sp,k;q,m ·∆Aq,m + tp,k;q,m ·∆A∗

q,m

]
(2.16)

In particular, for the fundamental output response, equation (2.16) can be written

as

B2,1 = X
(F )
2,1 +S2,1;1,1·∆A1,1+T2,1;1,1·∆A∗

1,1+S2,1;2,1·∆A2,1+T2,1;2,1·∆A∗
2,1

(2.17)

Table 2.1 provides a comparison of corresponding functional components between

PHD modelling formulas and the general form of X-parameters.

Table 2.1: Correspondence between PHD modelling formulas and X-Parameter
general form

PHD Term X-Parameter Meaning

Kpm(A11)P
+m X

(F )
p,m

Large-signal
steady-state response

Spq,mn(A11)P
+m−nAqn Sp,m;q,n ·∆Aq,n

Linear scattering
term

Tpq,mn(A11)P
+m+n conj(Aqn) Tp,m;q,n ·∆A∗

q,n

non-linear dispersion
term

As stated by Verspecht [8], the X-parameter model represents a linearization of

a non-linear RF device about a large-signal periodic steady-state operating point.

The term X
(F )
p,m describes the large-signal response spectrum generated by the funda-

mental excitation alone. Small deviations from the large-signal operating point are

expressed using incremental incident waves ∆Aq,n, leading to the linear scattering

coefficients Sp,m;q,n, which characterise the device response to small-signal perturba-

tions in the presence of a large-signal excitation. Moreover, the conjugate coefficients

Tp,m;q,n represent the dependence of the response on the complex conjugate of the in-
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cident waves, capturing the non-analytic behaviour of large-signal-driven non-linear

systems. All in all, these terms set up a first-order polyharmonic representation that

accurately predicts the behaviour of the device close to the large-signal operating

point.

2.1.3 S-parameter and Non-linear Behaviour Models

Discussion

S-parameters can accurately represent a behavioural model of a DUT operating un-

der the linear condition and are independent of measurement systems. S-parameters

are widely supported by RF and microwave CAD and measurement software tools

and have become an industry standard for the analysis and design of linear circuits

[30]. However, under large-signal operating conditions, the DUT exhibits non-linear

behaviour and the linear relationship between incident and scattered waves assumed

by conventional S-parameters is no longer sufficient to describe its response. Models

like VIOMAP were developed to solve these problems. Even though VIOMAP mod-

els can take into account both linear and non-linear characteristics, they also have

their own limitations, such as complicated calculation and the lack of an industrial

standard. PHD modelling, and its practical implementation through X-parameters,

addresses this limitation by linearising the response to small perturbations around a

large-signal operating point, thereby providing a practical framework for modelling

non-linear RF behaviour.

Nevertheless, X-parameters still have some limitations. When the device re-

sponse exhibits strong non-linearity within a local region of the operating space,

the standard X-parameter formulation may become less flexible. Furthermore, X-

parameter characterisation requires specialised large-signal measurement capability,

including the generation and measurement of small perturbation, or “tickle-tone”,

signals around the large-signal operating point. Such capability is not available in

all measurement facilities, which can limit the practical accessibility of X-parameter

extraction. The amount of measurement data and the resulting model file size may
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also increase as the characterised operating space becomes larger. In this case,

models such as the CM can provide a more compact representation.

2.2 The Cardiff Model

Accessing device behaviour in a CAD environment using large-signal waveforms can

greatly assist researchers in design tasks. By systematically changing parameters

such as input power, biasing, and fundamental frequencies, researchers can optimise

designs to meet specifications. However, this process often requires exploring a

large measurement space and can reduce CAD simulation speed. To address these

challenges, the Cardiff Direct Waveform Lookup Table (DWLU) approach [33] was

developed by H. Qi et al.

2.2.1 The Cardiff DWLU Model

The Cardiff DWLU model imports measurement data into CAD tools in the fre-

quency domain. Figure 2.4 illustrates the Cardiff DWLU model [34].

Figure 2.4: Definition of the Cardiff DWLU model in frequency domain

The port current I1(ω) and I2(ω) in Figure 2.4 are system responses to the input

and output voltages, VIN(ω) and VOUT (ω). The equations (2.18) and (2.19) describe

the current responses at the two ports for a given load impedance ZLOAD. Here, A0

and B0 represent DC components, n is the order of harmonic, the VIN is the input

voltage stimulus, the f0 is the fundamental frequency.
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I1(ω) = A0 · δ(ω) +
m∑
n=1

An · V n
IN · δ(ω − 2π · n · f0) (2.18)

I2(ω) = B0 · δ(ω) +
m∑
n=1

Bn · V n
IN · δ(ω − 2π · n · f0), (2.19)

The coefficients An and Bn are related to I1 and I2 through equations (2.18)

and (2.19). Changes in VIN , ZLOAD and biases affect both voltages and currents;

thus, the coefficients An and Bn can be treated as functions of those parameters.

Considering each harmonic separately, two matrices can be derived:

I10

I11

I12

I13


=



A0 0 0 0

0 A1 0 0

0 0 A2 0

0 0 0 A3





1

VIN

V 2
IN

V 3
IN


,



I20

I21

I22

I23


=



B0 0 0 0

0 B1 0 0

0 0 B2 0

0 0 0 B3





1

VIN

V 2
IN

V 3
IN


.

(2.20)

In the matrices, the Ikn denotes the current at port k and harmonic index n. The

equations (2.20) can be expressed as :

An =
I1(nf0)

V n
IN(nf0)

= F1(|VIN|, ILOAD, VDC IN, VDC OUT) (2.21)

Bn =
I2(nf0)

V n
IN(nf0)

= F2(|VIN|, ILOAD, VDC IN, VDC OUT) (2.22)
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The basic modelling data consists of two-port voltages and currents, as shown

in equations (2.21) and (2.22). Both a/b-waves and voltages/currents can be used

to fit coefficients to measurement data. However, voltages and currents are chosen

because the CAD environment (Keysight ADS) and its FDD component can only

process voltages and currents. Thus, using voltages and currents ensures a smoother

CAD implementation.

2.2.2 The Cardiff Model Formulation

In PHD modelling, the harmonic superposition principle assumes that A1 is the

dominant large-signal input component, while the other incident-wave components

remain relatively small [32]. However, when optimum power, gain, or efficiency

impedances is far from 50Ω system impedance, and the reflected wave a2 can be-

come large and this assumption may no longer be valid. To overcome this limitation,

the Cardiff Behavioural Model was developed, extending the DWLU and PHD ap-

proaches.

First, consider a two-port network as in Figure 2.1. The describing functions f()

and g() express the relationships between a-waves and b-waves:

b1 = f(a1, a2)

b2 = g(a1, a2).

(2.23)

If bp depends on a1 and a2, then bp can be expressed as a function of a1 multiplied

by a function of a2:

b1 = f(a1)f(a2)

b2 = g(a1)g(a2).

(2.24)

For CAD implementation, (2.24) is approximated using nth-order polynomials.
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A third-order formulation of (2.24) is illustrated here:

b1 = φ10a1 + φ01a2 + φ11a1a2 + · · ·+ φ30a
3
1 + φ03a

3
2 (2.25)

b2 = θ10a1 + θ01a2 + θ11a1a2 + · · ·+ θ30a
3
1 + θ03a

3
2, (2.26)

where the φn1n2 and θn1n2 are constant complex coefficients.

By regrouping and substituting [35], the equations (2.25) and (2.26) transform

into:

b1 = (φ10 + 3φ30|a1|2+φ12|a2|2)a1

+ (φ12|a2|2)a∗1p2

+ (φ01 + 3φ03|a2|2+φ21|a1|2)a2

+ (φ21|a1|2)a∗2q2 (2.27)

b2 = (θ00 + 3θ30|a1|2+θ12|a2|2)a1

+ (θ12|a2|2)a∗1p2

+ (θ01 + 3θ03|a2|2+θ21|a1|2)a2

+ (θ21|a1|2)a∗2q2, (2.28)

where p = ej
̸ a2 and q = ej

̸ a1 and p is the phase of a2 and q is the phase of a1, a
∗
n

is the conjugate of an. Summarising the fundamental terms as S and T , equations

(2.27) and (2.28) reduce to

b1 = S11a1 + T11a
∗
1p

2 + S12a2 + T12a
∗
2q

2 (2.29)

b2 = S21a1 + T21a
∗
1p

2 + S22a2 + T22a
∗
2q

2 (2.30)
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where S and T are

S11 = φ10 + 3φ30|a1|2+φ12|a2|2, T11 = φ12|a2|2

S12 = φ01 + 3φ03|a2|2+φ21|a1|2, T12 = φ21|a1|2

S21 = θ10 + 3θ30|a1|2+θ12|a2|2, T21 = θ12|a2|2

S22 = θ01 + 3θ03|a2|2+θ21|a1|2, T22 = θ21|a1|2.

(2.31)

Another important point raised by Qi in [35] is the renormalisation of travelling

waves. Usually, the travelling waves are normalised to the system characteristic

impedance, which is 50Ω. However, when the impedance of the optimum power

point is far from the system characteristic impedance, the magnitude of the travelling

wave a2 can become large. Renormalising the travelling waves to an impedance close

to the optimum power point can reduce the magnitude of a2 and provide a more

convenient representation of the travelling-wave space. Although this changes the

numerical values of the travelling-wave and model quantities, it does not change the

device behaviour. The renormalization expressions for travelling waves are shown

below:

aRenorm =
V + ZoptI

2
·
√

Re(Zopt)

|Zopt|
(2.32)

bRenorm =
V − ZoptI

2
·
√

Re(Zopt)

|Zopt|
. (2.33)

Based on the work done by Qi, Woodington developed the Cardiff Behavioural

Model in [11], [36], [37] and Tasker summarises the modelling efforts in [10]. Wood-

ington renamed and defined those constant complex coefficients from (2.29) and
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(2.30):

b1 = S11a1 + T11a
∗
1Q

2 + S12a2 + T12a
∗
2P

2 (2.34)

b2 = S21a1 + T21a
∗
1Q

2 + S22a2 + T22a
∗
2P

2, (2.35)

where Q and P are the respective fundamental input and output a-wave phase

operators, given by

P =
a1
|a1|

, Q =
a2
|a2|

. (2.36)

This work clearly shows that for every S and T coefficient, they have their own

phase vector and can be extracted independently with respective measured b-waves

as shown here:

S11 · |a1| =
1

n

∑
b1 ·

1

P
, T11 · |a1| =

1

n

∑
b1 ·

P

Q2

S12 · |a2| =
1

n

∑
b1 ·

1

Q
, T12 · |a2| =

1

n

∑
b1 ·

Q

P 2

S21 · |a1| =
1

n

∑
b2 ·

1

Q
, T21 · |a1| =

1

n

∑
b2 ·

P

Q2

S22 · |a2| =
1

n

∑
b2 ·

1

Q
, T22 · |a2| =

1

n

∑
b2 ·

Q

P 2
.

(2.37)

Then, extracting the phase of a1 and keeping other parts, the equations (2.34)

and (2.35) will transform into

b1 = Q11

(
T12|a2|Φ−1 + S11|a1|+S12|a2|Φ + T11|a1|Φ2

)
(2.38)

b2 = Q11

(
T22|a2|Φ−1 + S21|a1|+S22|a2|Φ + T21|a1|Φ2

)
(2.39)

where

Φ = ej(
̸ a2−̸ a1) =

Q21

Q11
(2.40)
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Using (2.38), the phase and magnitude exponent parameters can be derived sys-

tematically and are summarised in Tables 2.2 and 2.3. The fifth- and seventh-order

cases are shown here as representative examples, and the same procedure can be

extended to higher odd orders if required.

Table 2.2: Phase and magnitude exponent parameters corresponding to (2.38).

Φ−6 Φ−5 Φ−4 Φ−3 Φ−2 Φ−1 Φ0 Φ1 Φ2 Φ3 Φ4 Φ5 Φ6 Φ7

|a21|0 1st

|a21|1 3rd 1st

|a21|2 3rd 3rd 3rd

|a21|3 5th 3rd 3rd 3rd

|a21|4 5th 5th 5th 5th 5th

|a21|5 7th 5th 5th 5th 5th 5th

|a21|6 7th 7th 7th 7th 7th 7th 7th

|a21|7 7th 7th 7th 7th 7th 7th 7th

Table 2.3: Phase and magnitude exponent parameters corresponding to (2.39).

Φ−3 Φ−2 Φ−1 Φ0 Φ1 Φ2 Φ3 Φ4

|a21|0 1st

|a21|1 3rd 1st

|a21|2 5th 3rd 3rd

|a21|3 7th 5th 3rd 5th

|a21|4 7th 5th 5th 7th

|a21|5 7th 5th 7th

|a21|6 7th 7th

|a21|7 7th

By regrouping and merging magnitude terms, the equations (2.38) and (2.39)

can be combined together to get a general form for b-waves:

bp =

n−1
2∑

m=0

Cp,m

(
Q21

Q11

)m

a1 +

n−1
2∑

m=0

Up,m

(
Q11

Q21

)m

a2 (2.41)
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where n is the order of polynomial used in model, Cp,m and Up,m are polynomial

combinations of magnitudes of a1 and a2, p is the port number. Including the

harmonic factor extends the equation into:

bp,h = Qh
11

ord+1
2∑

n=− ord−1
2

Kp,h,n

(
Q21

Q11

)n

(2.42)

where

Kp,h,n =

m=q∑
m=0

Mp,h,n,m|q21|m (2.43)

and the Mp,h,n,m are the model coefficients. From this work, the general form of the

CM can be expressed as:

Bp,h(|A1,1|) = Qh
1,1

r= ord−h
2∑

r=0

n=h+ ord−h
2 −r∑

n=−( ord−h
2 −r)

Mp,h,m,n(|A1,1|)|A2,1|m
(
Q2,1

Q1,1

)n


(2.44)

The parameters are well defined by Tasker in [10] with the mixing theory and

the least squared approximation. The phase exponent parameter n, which can be

calculated with the mixing order parameter ord and the harmonic h, ranges from

−
(

(ord−h)
2

− r
)
to h+

(
(ord−h)

2
− r
)
, where r is the magnitude restricting term that

ranges from 0 to (ord−h)
2

. If the input dataset has been pre-normalised by the phase

of A11, the equation (2.44) can be simplified into

Bp,h =

maxr∑
r=0

n=h+ ord−h
2 −r∑

n=−( ord−h
2 −r)

Mp,h,m,n|A2,1|m(Q2,1)
n

 . (2.45)

In addition, Tasker also expands the equation (2.44) to include the additional
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varying stimuli at the relevant harmonics under harmonic load-pull.

bn,h = P h
1 ·

mr=+wr+1
2∑

mr=−wr+1
2

· · ·
m1=+

w1+1
2∑

m1=−w1+1
2

Kn,h,m1,...,mr
·
(
Q1

P1

)m1

· · ·
(
Qr

P r
1

)mr

(2.46)

where P1 = ̸ a1,1 =
a1,1
|a1,1| and Qr = ̸ a2,r =

a2,r
|a2,r| .

2.2.3 The Cardiff Model Extraction

In (2.44), the coefficient Mp,h,n,m is the key parameter for implementing the CM.

Several extraction methods have been proposed [37], [38]. Recently, Tasker [39] in-

troduced a direct extraction method based on fundamental load-pull measurements,

while Tian [40] applied neural networks. Nonetheless, least-squares approximation

remains the standard.

Based on equation (2.44), the coefficient Mp,h,n,m can be extracted with this

expression:

[Mp,h,m,n] =

(
|A2,1|m

(
Q2,1

Q1,1

))H (
|A2,1|m

(
Q2,1

Q1,1

)n)−1

×
(
|A2,1|m

(
Q2,1

Q1,1

)n)H

[Bp,h]

(2.47)

As mentioned in the last section, when input data is pre-normalised and only the

fundamental frequency is considered, (2.47) simplifies to:

[Mp,h,m,n] =
(
[A]H [A]

)−1
[A]H [Bp,h] (2.48)

where the [A] is usually called the A-matrix consisting of |A21|m(Q21)
n and the m,n

corresponding to Table 2.2, the exponents of phase and magnitude of A21. Since this

thesis focuses on the fundamental frequency, determining the number of coefficients

is critical. Bell [38], [41], [42] refined Woodington’s work [36] by enforcing symmetry
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in the coefficient distribution and applying filters to preserve model accuracy without

overly increasing model complexity. The marker size in Figure 2.5 indicates the

relative contribution of each coefficient term to the model response. It accounts for

both the coefficient magnitude and the associated A-wave magnitude raised to the

corresponding polynomial order, rather than representing the coefficient magnitude

alone.

(a) Original coefficients [36] (b) Symmetric coefficients [42]

Figure 2.5: The input second harmonic and output second harmonic coefficient
space

Furthermore, Bell’s work shows that increasing the number of coefficients im-

proves the model fit, but the improvement becomes limited as the model complexity

increases. Figure 2.6 shows that six coefficients provide good agreement between

the measured and modelled b21, while increasing the number to nine gives little

additional improvement.
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(a) 1 Coefficient (b) 3 Coefficients

(c) 6 Coefficients (d) 9 Coefficients

Figure 2.6: Comparison of measured and modelled b21 with a Cree device and
different numbers of coefficients

Note that the coefficients in (2.45) are obtained by least-squares approximation.

2.2.4 The Cardiff Model CAD Implementation

In [42], Bell improves the method using Application Extension Language (AEL),

a scripting and extension language used in ADS, to smoothly and automatically

implement the CM into a CAD environment. It consists of different parts and starts

with the core component in ADS.

Core Circuit

A four-port FDD, shown in Figure 2.7, is the core of the CM implementation.
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Figure 2.7: FDD core of the model schematic

The FDD acts as an interface between the ADS circuit and the behavioural model

implementation. It receives the harmonically indexed port voltages and currents

from the ADS circuit and returns the corresponding harmonically indexed port volt-

ages and currents after the required model calculations have been performed. The

conversion between port voltages/currents and travelling waves, together with the

behavioural model calculations, is implemented separately using equations within

the schematic. Figure 2.8 shows the equations used in this implementation to com-

bine the modelled wave quantities with the phase of A11.

Figure 2.8: The FDD functions
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Data Import

After the core part of the implementation, how the generated model files are im-

ported and how the coefficients are assigned to ADS variables separately also matter.

The Data Access Component (DAC) provides this function. As shown in Figure 2.9,

the DAC can alternatively choose model file type and data import order, and also

assign coefficients under different frequencies and biases.

Figure 2.9: The DAC and file variables

Calculation Equations

In [42] Bell showed that the schematic window does not support Matrix-level calcu-

lation. Therefore, in order to achieve matrix calculations in the CAD environment,

the matrix calculations are replaced by long-hand expressions and functions that

calculate every element in the matrices.

The FDD provides a way to invoke the received voltages and currents by

sv(port, harmonic) and si(port, harmonic). These allow the equations in Figure

2.10 to calculate the travelling waves and to normalise the phase of a11 to zero.
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Figure 2.10: V-I to a-b translation equations and equations for phase normalisation

Note that the 1e−18 in the translation equations is used to avoid the errors caused

by the appearance of zeros in further calculations.

Figure 2.11: A-element calculations

Figure 2.11 displays how to transform A-matrix calculations into long-hand for-

mulas, and the Ap(M,P,Aph) function is defined in Figure 2.12. This function clev-

erly avoids calculating the phase of a-waves to save simulation time. It also shows

the b-wave calculations with the A-matrix and R-matrix using [B] = [R] ∗ [A]. The

R-matrix includes the coefficients imported from the model file through the DAC.

Then, the B-matrix calculations use Bpop(R,A) to calculate the b-waves corre-

sponding to the equation (2.45).
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Figure 2.12: Construction of the B-matrix using the R-matrix, and A-matrix
equations

In the end, in Figure 2.8, because the a-waves are phase normalised, the VI-

Function adds the phase of A11 back and calculates the voltages for the respective

harmonic orders.

AEL in ADS

The AEL is used to control an ADS schematic to add or remove all these components,

variables, expressions, and functions in order. Usually, it will detect the target

component’s existence, then remove those existing components and add the required

components onto the schematic. The figure below illustrates how the ADS simulator

runs the AEL codes in simulations.
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Figure 2.13: Flow diagram of ADS-AEL simulation

2.2.5 The Cardiff Model Discussion

The Cardiff DWLU model has been shown to agree very well with measurement

data on a 100 W LDMOS device [43]. Its formulas directly display its original goal:

importing measurement data into CAD environments for simulation. However, it

does not show any relationship between the input and output of a DUT or the

system response.

With the extended work based on the Cardiff DWLU model [11], [37], the Cardiff

Behavioural Model has been improved. It solved the problem of increasing file sizes

when facing complex non-linearities. The model can also be extracted using different

methods for both fundamental and harmonic cases. In practice, the fundamental-

frequency case provides a simpler and less time-consuming framework for model

extraction and implementation. Additionally, selecting an appropriate number of

coefficients can improve model efficiency by avoiding unnecessary model complexity,

while the CAD implementation improves the usability of the model.
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2.3 ANN Model

The Artificial Neural Network (ANN) is an information analysis model inspired by

the biological neural networks of the human brain. Just as the brain uses neurons to

process and transmit information, the ANN employs artificial neurons, also called

nodes or units, to recognise patterns and learn relationships. Since the beginning

of the 21st century, ANNs have been increasingly applied in RF design [44]. Early

applications focused on modelling the electrical performance of devices and circuits,

and later expanded to advanced design, simulation, and problem-solving tasks. Be-

cause ANNs can learn complex non-linear relationships, they serve as strong alter-

natives to numerical modelling methods and empirical models. Over time, ANNs

have been widely used in various areas of RF and microwave applications, including

embedded passives [12], transmission-line components [13], [14], [15], [16], copla-

nar waveguide (CPW) components [17], [18], spiral inductors [19], [20], field-effect

transistors (FETs) [21], [22], and power amplifiers [23], [24]. Neural networks have

also been applied in impedance matching [25], inverse modelling [26], measurements

[27], and circuit synthesis [28]. Within behavioural modelling, previous studies have

mainly focused on improving model structure, training methods, and prediction

accuracy. In comparison, the work in this thesis focuses on the practical imple-

mentation of an ANN behavioural model in ADS and its simulation efficiency [45].

A CAD-based schematic generation framework is developed to dynamically adapt

the ANN implementation according to the required model complexity. The runtime

performance of the ANN and CM implementations is then compared under load-

pull simulation conditions to evaluate the proposed framework and investigate the

computational efficiency of both implementations.

2.3.1 Model Structure

Selecting an appropriate ANN structure offers several possibilities, such as the stan-

dard Multilayer Perceptron (MLP), the Knowledge-Based Neural Network (KBNN),
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and the Combined Network [46]. In general, once a structure is chosen, the network

operates in a feed-forward manner to process the input data and approximate the

desired output, using different neuron topologies for a wide range of RF-related

applications [45], [46], [47].

Standard Multilayer Perceptrons (MLP)

Figure 2.14: General MLP structure

Multilayer Perceptrons (MLP), a basic type of neural network capable of approxi-

mating continuous and integrable functions, represent an important class of feedfor-

ward neural networks. Typically, it includes one input layer, one output layer and

several hidden layers between them, as shown in Figure 2.14.

Assume a neural network contains L hidden layers. Let the input and output
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be represented as xi and yi. The number of neurons in hidden layer l is Nl, where

l = 1, 2, ..., L. For hidden layer l, the output of the ith neuron yℓi , is given by

yℓi = σ

(
Nl−1∑
j=1

wℓ
ij · yl−1

j + θli

)
, (2.49)

where wℓ
ij is the weight of the link between the jth neuron of the l − 1th hidden

layer and the ith neuron of the lth hidden layer, θli is the bias parameter of the

ith neuron of the lth hidden layer and i = 1, 2, ..., Nl and y0i = xi. The σ(·) is a

monotone squashing function, commonly called the activation function. Then let

vki represent the weight of the link between ith neuron of the Lth hidden layer and

the kth neuron of the output layer, and let βk represent the bias parameter of the

kth neuron of the output layer. Then, the output of the MLP is given by

yk =

NL∑
i=1

vki · yLj + βk, (2.50)

where k = 1, 2, ..., Ny.

Knowledge-Based Neural Network (KBNN)

Since MLP models act as black-box models, all information they contain is derived

purely from training data and does not incorporate any task-specific knowledge.

Consequently, large datasets are often required to improve model accuracy. However,

obtaining sufficiently large datasets from measurements or simulations is expensive

and time-consuming, as variations in materials, process parameters, or other factors

can affect performance. However, less training data may also cause lower accuracy of

the model. To address this problem, the Knowledge-Based Neural Network (KBNN)

was introduced in [48], whose structure is shown below.
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Figure 2.15: KBNN structure

The KBNN embeds task-related knowledge into the neural network while re-

taining the core advantages of conventional neural networks. The exact location

of each switching boundary, as well as the scale and position of each knowledge

function, are randomly initialised and subsequently determined during training [46].

The expression of the KBNN can be written with the result of the equation (2.51),

yk =

Nz∑
j=1

wjixi

(
NL∑
m=1

vkm · yLm

)
+ βk, (2.51)

where i = 1, 2, ..., Nx and k = 1, 2, ..., Ny. Here, vkm is the weight of the link between

mth neuron of the Lth hidden layer and the kth neuron of the output layer, wji is

the weight of the link between ith input and the jth neuron of the knowledge layer.

According to the validation shown in [48], the KBNN structure consistently pro-

vides a lower model test error than standard MLP models across different examples.

Its performance is superior not only within the measurement region (interpolation),

but also outside the model extraction region (extrapolation).
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2.3.2 Activation Function

Activation functions play a critical role in the ANN model. For example, in a neural

network as shown in Figure 2.14, the input of the ith neuron of l hidden layer is the

weighted output from l − 1 hidden layer. Assuming no activation function σ() is

used, the calculation in the neural network becomes equivalent to a linear regression

model, and the equation (2.51) simplifies into

yℓi =

Nl−1∑
j=1

wℓ
ij · yl−1

j + θli. (2.52)

It is evident that the number of hidden layers is then irrelevant, since the com-

bination of the linear functions remains linear. Consequently, the model cannot

simulate or capture non-linear behaviour. Activation functions are therefore intro-

duced to address this issue [49].

In feed-forward networks, activation functions are generally positioned between

network layers (represented by f in Figure 2.16), where they govern the non-linear

transformation of input signals as they propagate through the model.

Figure 2.16: KBNN structural diagram with activation function setup
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The choice of activation function in RF and microwave-related neural network

models often differs from those used in image or Natural Language Processing (NLP)

applications, as the tasks, such as device modelling, behavioural modelling, and load-

pull prediction require smoothness, extrapolation stability, or the ability to process

complex-valued data. The following subsections briefly introduce several commonly

used activation functions.

Sigmoid Function

Sigmoid activation function, also known as logistic sigmoid, was one of the earliest

activation functions used in neural networks. It is expressed as,

g(x) = sigmoid(x) =
1

1 + e−x
(2.53)

Figure 2.17: The Sigmoid activation plot with x =[-5 5] range

As shown in Figure 2.17, this function maps any real-valued input into the range

(0, 1). When the output of the function is close to one, the neuron is activated and
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the information is transmitted to the next layer; when close to zero, the neuron

remains inactive.

tanh() Function

The tangent hyperbolic activation function, also denoted as tanh(·), is a shifted

version of the sigmoid function. It maps the real-valued input into the range (−1, 1)

and is expressed mathematically with:

g(x) = tanh(x) =
ex − e−x

ex + e−x
=

e2x − 1

e2x + 1
. (2.54)

Figure 2.18: Tanh() activation plot with x =[-5 5] range

Its zero-centred characteristic ensures faster convergence.
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Symmetric Elliot Function

The Symmetric Elliot activation function provides a high-speed alternative to the

sigmoid function, mapping the input real values into the range (−1, 1), similar to

the tanh function. Unlike tanh, it is smoother and grows polynomially rather than

exponentially, which helps mitigate the vanishing gradient problem. It can be ex-

pressed as:

g(x) = SElliot(x) =
x

1 + |x|
. (2.55)

Figure 2.19: The Symmetric Elliot activation plot with x =[-5 5] range

However, compared with the tanh function, it has slightly higher computational

complexity due to the need for derivative calculations.
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ReLU Function

The Rectified Linear Unit (ReLU) function is a simple and widely used activation

function that outputs the input value if it is positive, and zero otherwise. It is

expressed as:

g(x) = ReLU(x) = max(x, 0) =


0 if x ≤ 0,

x if x > 0.

(2.56)

Figure 2.20: The ReLU activation plot with x =[-5 5] range

The ReLU function avoids the vanishing gradient problem for positive inputs,

helping to train more stable neural networks. However, it also introduces a non-

negligible problem: when the input is negative, the neuron output is always zero

during backpropagation, preventing weight updates and rendering the neuron inac-

tive (“dead”).
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ELU Function

Exponential Linear Unit (ELU) is an advanced ReLU function. For positive inputs,

its output is identical to ReLU, but for negative inputs, the ELU introduces an ex-

ponential nonlinearity. This modification resolves the “dead neuron” problem and

improves training stability. However, this improvement slightly reduces computa-

tional efficiency. Additionally, the new hyperparameter α is used to control the slope

of the negative region and is important for tuning the model. The mathematical

form is shown below:

g(x) = ELU(x) =


x if x > 0,

α(ex − 1) if x ≤ 0

(2.57)

Figure 2.21: The ELU activation plot with x =[-5 5] range

In regression tasks, a linear activation function is typically preferred at the output
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layer, as it aligns naturally with the Mean Squared Error (MSE) loss function and

has been shown to simplify network training while improving convergence [47].

2.3.3 Adding Bias

In ANN, the biases play an important role in the model’s expressive ability. With

the bias term, the model can be more flexible and improve the learning efficiency

because the centre of the activation is not always around the origin of the coordinate

system [50]. As proven in [51], a neural network can approximate any continuous

function only when neurons operate on affine functional of the form x + b, rather

than purely linear ones. The figure below illustrates the KBNN with biases added.

Figure 2.22: Structural diagram with bias added to the setup

Figure 2.23 illustrates the ANN structure associated with a single output neuron.

The outputs from the neurons in the previous layer are multiplied by their corre-

sponding weights and summed together with the bias b. The result is then passed

through the activation function f(·) to produce the neuron output.
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Figure 2.23: ANN structure for a single output neuron with bias and activation
function

2.3.4 Model Training

After selecting the structure and activation function, and including the bias terms,

the ANN model is initialised with random weights and biases. However, these initial

values may be far from their optimal values. Therefore, the model must be trained

to obtain more suitable weights and biases. Generally, there are three training

categories: supervised training, unsupervised training, and reinforcement training.

Backpropagation (BP) is a widely used supervised training algorithm for multi-

layer neural networks, and is known for its ability to iteratively improve learning and

achieve higher accuracy [52]. It works by feeding input data through the network

to compute outputs, then comparing these outputs with target values to compute

the error. Then, the error is propagated backward through the network to update

weights and biases according to the chosen optimization rule.

General gradient descent error backpropagation applies partial differentiation to

50



the error calculation for weight and bias updates:

Wi+1 = Wi − η
∂E

∂Wi
(2.58)

bi+1 = bi − η
∂E

∂bi
, (2.59)

where, i is the index, W and b denote weights and biases and the η is a vari-

able named learning rate which can be adjusted according to the chosen algorithm.

When talking about the gradient descent error back-propagation theories, there are

the Quasi-Newton [53], the Levenberg-Marquardt (LM) [54] and the Bayesian Reg-

ularization [55], [56] training algorithms, which are popular for RF related model

extraction. Among these algorithms, the LM algorithm performs the fastest conver-

gence [47].

The LM algorithm forms the foundation of the Bayesian Regularization method

and is based on a Quasi-Newton approximation using the Hessian matrix. By ad-

justing the learning rate µ, the LM algorithm behaves like gradient descent when µ

is large and like Newton’s method when µ → 0 [57]. Its theoretical basis is similar

to that of the Least Mean Squares (LMS) algorithm, which also underpins the CM.

2.3.5 ANN Model Discussion

As a fast, accurate, and flexible tool, neural networks have recently been applied

to RF/microwave modelling, simulation, and design. As this emerging technology

expands from academic research to actual applications, there is a need to address

the basic conceptual issues from model structure selection to CAD implementation

[58].

Compared with the basic MLP model, the KBNN model performs better com-

patibility in RF and microwave designs, as the neurons in the knowledge layer help

the model adapt to various parameter combinations. When transferring information

between different layers of the neural network, the activation function and the biases

are also important. They help the model to fit and capture the non-linear charac-
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teristics and improve the model to be more efficient and robust. Then, training

the model properly is also important. Using the LM algorithm for network training

is an effective choice for achieving fast and accurate convergence. MATLAB also

provides a user-friendly tool to train and test the ANN model. However, in prac-

tical RF and microwave design experiments, extracting an ANN model defined by

specific parameters often requires custom MATLAB scripts to manually adjust the

model-building and training process.

The ANN model developed in this work is implemented in ADS using an FDD-

based interface together with parameter-import and ANN calculation blocks. The

detailed ADS implementation is presented in Chapter 3, with the full schematic

blocks provided in Appendix A.

2.4 Error and Calibration

2.4.1 Network Analyser

The load-pull measurement method is commonly used in the PA design to charac-

terise the non-linear behaviour of active devices. The principle of load-pull is to

measure the device performance under non-50Ω load conditions under large-signal

excitation. The VNA is one of the most precise electronic instruments used in RF

and microwave measurements. It can measure signals of high and low power signals

with better accuracy compared to other power sensors and the gain response across

frequency of an electronic device [59]. In [31], a simplified diagram of the VNA

shown in Figure 2.24 is provided.
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Figure 2.24: VNA diagram [31]

The VNA uses an RF source to generate electromagnetic waves that interact with

the DUT, while the scattered waves are measured. Each physical port operates as

part of a four-port network equipped with directional couplers or bridges to separate

the incident and reflected signals. Among all the electronic measurement systems,

the measurement accuracy and performance of the VNA rely most heavily on error

correction.

However, when discussing “calibration” in the context of a VNA, a distinction

that often causes confusion is that it differs from the usual meaning of calibration

used for other instruments. In this case, the term error correction generally refers

to vector correction methods.

Some modern VNAs come with the error correction process already performed

at the factory, providing a built-in “factory calibration”. This ensures that the

amplitude and phase of the signal are known at the VNA ports. However, adding

extra cable length introduces both additional phase shift and attenuation, reducing

measurement accuracy, since the original calibration reference planes are at the

VNA ports. Therefore, a new calibration (or error correction) is required to shift the

reference planes to the ends of the coaxial cables where the DUT will be measured. If
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these cables are further connected to other components (such as waveguides) through

which the signal travels before reaching the DUT, the reference planes must again

be shifted to account for the additional phase change and attenuation. Moreover,

it is not only the phase that may be affected. The impedance mismatches at cable

connections or cable to waveguide transitions can cause part of the signal to be

reflected, and these mismatch errors must also be corrected.

2.4.2 Source of Error

It is important for designers to obtain accurate S-parameters of the DUT, as this

enables the development of precise system models, reducing design effort and rework.

Only an ideal instrument would not require correction. In practice, all measurement

instruments have imperfections, leading to less than ideal results that affect PA

design. Consequently, all measurements are affected by the uncertainty, which in

VNA measurements can generally be classified as systematic, random, or drift errors

[60].

Random errors, as shown in the name, vary unpredictably over time and are

mainly caused by instrument noise. Drift errors occur when the performance of the

system changes with time after calibration, typically due to temperature variations.

To minimise such errors, the setup should be placed in an environment with stable

or controlled temperature. These error types cause measurement uncertainties that

are difficult to remove because of their unpredictable nature.

Systematic errors, on the other hand, produce measurement uncertainties result-

ing from imperfections in the VNA and the test setup. Since these errors are stable

over time, they can be removed using calibration and correction methods. There

are six main types of systematic errors: source and load impedance mismatches

(causing reflections), crosstalk and directivity errors (caused by signal leakage), and

frequency response errors (resulting from reflection and transmission tracking within

the test receivers) [61]. In general, signal leakage, signal reflections, and frequency

response issues are considered to be the main sources of systematic errors [62].

54



Achieving complete correction is challenging because random fluctuations are

superimposed on the measured data. To fully account for systematic measurement

errors, both the raw measurement data and the corresponding error terms must

be known. Otherwise, accurate correction is not possible. Therefore, the VNA

calibration is essential before measurement to determine these error terms and ensure

that the designer obtains accurate S-parameters [62].

2.4.3 Error Model

Calibration is a step-by-step procedure used to determine the error terms (or error

model) of a VNA, which represent its systematic errors under specific conditions.

To derive these error terms, the relationship between the incident and reflected

waves in the measurement system must be calculated through a series of calibration

measurements [62], [63]. The VNA error correction process contains two main stages.

The first stage, commonly called calibration or VNA-cal, involves measuring known

standards, such as open, short, and load, to identify the systematic error terms of

the VNA. This stage can be formally described as error correction acquisition. The

second stage includes measuring the DUT and applying the previously determined

error correction algorithms to produce accurate, corrected results. This step is

formally known as error correction application [59].

12-Term Error Model

The 12-term error model is derived using the signal flow graph method originally

improved by Mason in 1956 [64], and was later formalised for vector network anal-

yser calibration by Speciale in 1977 [65]. Figure 2.25 displays a signal flow graph

describing a common error model for a one-port VNA [31], [66].
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Figure 2.25: Signal flow graph for one-port error model

The signal flow graph of a one-port VNA error adapter includes three primary

types of errors. Directivity error (ED or e00) refers to errors in the measured reflected

signal caused by signal leakage and the limited directivity of the coupler. Source

match error (ES or e11) can be defined as impedance mismatches at the source, which

affects the measurement at the reference plane and the reflection tracking. Reflection

tracking error (ERT or e10e01) represents frequency-dependent imperfections between

the reference and test channels [31].

For two-port cases, the 12-term error model describes the ability of a measure-

ment system to characterise a DUT with two ports. This model is developed from

the one-port error model. The error adapter of each port can be represented by

an S-parameter network containing the terms S11, S12, S21, S22. The 12-term model

mathematically defines the relationship between the corrected data and the raw mea-

sured data (taken at the reference planes), making it necessary for the calibration

process and directly influencing the accuracy of the calibration results.

The 12-term model is one of the basic models employed in VNAs. It was designed

for older VNA architectures, which rely on use of only three receivers [59]. Under

these circumstances, there is a clear differentiation between the forward and the

reverse measurement directions. Therefore, it actually consists of two separate 6-
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term models and error sets for each direction. Figure 2.26 conveniently represents

these two measurement phases.

Figure 2.26: Signal flow graph for 12-term error model

As shown in Figure 2.26, there are twelve different unknown terms to describe

the systematic errors in the VNA, which need to be quantified to correct the mea-

surement system. The term e30 and e
′
30 are related to cross talk errors, and can be

directly measured with S21 and S12 obtained when terminating port 1 and port 2.

This helps to reduce the number of the unknown errors into ten. For other terms,

in the forward direction, the procedure typically starts from measuring three inde-

pendent one-port DUT with known coefficients (calibration standard) to evaluate

e00, e11 and e10e01. Then connecting the port 1 and port 2 together obtains the e22

and e10e32. For the reverse mode, the rest unknown terms can be obtained from the

same procedure [66]. Also, when connecting two ports, if the S-parameter is known,

the transmission line can replace the interconnection between port 1 and port 2.

8-Term Error Model

When separate receivers are used for all the scattered waves, then the forward and

reverse models can be combined together. In this case, the 12-term error model
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can be substituted by an equivalent error model with a lower number of error terms

and no loss in accuracy [67]. First, let’s assume a scenario where cross-talk leakage

is zero, the switch is ideal, and load matching remains unaffected when the VNA

toggles between forward and reverse operating modes. It should be noted that this

assumption holds only on the condition that four separate receivers are used to

capture scattered waves [67]. In this case, it is possible to use a different error

model including only 8 error terms, as shown in Figure 2.27.

Figure 2.27: Signal flow graph for 8-term error model

The 8-term error model basically derives from two independent error adapters,

one between port 1 and the input of the DUT (error adapter X in Figure 2.27) and

one between port 2 and the output of the device (error adapter Y in Figure 2.27).

Since the error boxes and the DUT are in a cascade configuration, it is convenient to

represent the relationship mathematically using a cascade matrix. Let TM represent
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the cascade matrix of the measurement, then [67], [68]

TM = X · TDUT · Ȳ (2.60)

where Ȳ represents the transpose of the matrix Y and the X and Y are the cas-

cade matrices of the error adaptors X and Y. Once these have been confirmed, the

calibration can be easily applied by inverting the equation:

TDUT = X−1 · TM · Ȳ −1 (2.61)

It is notable that both the 12-term and the 8-term error models describe exactly the

same system and the same errors, which also means when VNA has four independent

receivers, the two models can be interchanged. Actually, the 8-term model can be

modified into 10-term model and the 12-term model can be simplified into a 10-term

model by removing the crosstalk terms [66].

16-Term Error Model

The 16-term error model, used in earlier generations of VNAs (not currently used),

represents the measurement system through an error adapter placed between the

DUT and the actual measurement reference. This model accounted for all possible

linear and stationary errors that could appear within the measurement system, as

illustrated in Figure 2.28.
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Figure 2.28: Signal flow graph for 16-term error model

This model consists of 16 terms, of which 8 are critical. These 8 cover the

tracking errors, port match and directivity, and the second 8 represent the leakage

terms. The 8-term model can be obtained from the 16-term model by assuming that

the leakage terms are all zero.

2.4.4 Calibration Method

The vector error correction methods focus on a process of identifying systematic er-

ror terms which is achieved by measuring known standards to remove impacts from

further measurements. Therefore, the calibration process requires several standards

to determine error coefficients. The choice of algorithm used in calibration is de-

pendent on the selection of the calibration standards. Several commonly employed

calibration algorithms are available, such as

• Short-Open-Load-Thru [31]
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• Thru-Reflect-Line or Line-Reflect-Line [69]

• Line-Reflect-Match [70]

• Reciprocal-Short-Open-Load [71].

Actually, there are many other VNA calibration methods, each of which have

unique mathematical concepts and different implementation processes. This chapter

will introduce and discuss in detail one of those methods: TRL.

TRL

TRL calibration was proposed by Engen and Hoer in 1979 [69]. The TRL calibra-

tion is used to establish a full two-port calibration using three standards: a Thru,

a Reflect, and a defined Line. The thru standard is equivalent to a zero-length

microstrip, requiring the fabrication of a physical device with near-zero physical di-

mensions at the frequencies required. The reflect standard typically takes the form

of either a short or open circuit, and the phase characteristic is generally undefined

in basic calibration frameworks. While the line standard has a structure similar to

the thru standard, it features a non-zero length. In TRL calibration, the charac-

teristic impedance of the line standard determines the reference impedance of the

calibrated system. Therefore, the line standard is normally designed to have a char-

acteristic impedance close to the desired system impedance, so that the calibrated

reference impedance remains close to the intended system impedance and additional

impedance renormalisation can be minimised. The flow graphs of these standards

are shown in Figure 2.29.
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Figure 2.29: Signal flow graph for calibration standards of TRL

Before calculating the error parameters, the relationship between S-parameters

and the T-matrix must first be established, since the T-matrix is more suitable when

cascading a series of two-port networks.

[T ] =

t11 t12

t21 t22

 =


−∆s

s21

s11
s21

−s22
s21

1

s21

 (2.62)

where ∆s = s11s22−s12s21. With the T-matrix and Figure 2.27, let the TM represent

the measurement matrix and the TD represent the performance of the DUT. The

whole network can be represented as:
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b0
a0

 = [TM ]

b3
a3

 (2.63)

As stated in equation (2.60), the TM is

[TM ] = [TA][TD][TB] (2.64)

where TA and TB represent the two error adapters. Therefore, to define the rela-

tionship between raw a and b data to calibrated data the following can be stated:

b0
a0

 = [TA]

b1
a1


=

TA
11 TA

12

TA
21 TA

22


b1
a1


= TA

22

TA
11/T

A
22 TA

12/T
A
22

TA
21/T

A
22 1


b1
a1


= TA

22

a b

c 1


b1
a1

 (2.65)

and b1
a1

 = [TD]

a2
b2

 (2.66)
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Similarly, a2
b2

 = [TB]

a3
b3


=

TB
11 TB

12

TB
21 TB

22


a3
b3


= TB

22

TB
11/T

B
22 TB

12/T
B
22

TB
21/T

B
22 1


a3
b3


= TB

22

α β

γ 1


a3
b3

 (2.67)

Now, with reference to the appropriate signal flow diagrams, the calibration stan-

dards’ T-matrices can be defined:

[
T thru
D

]
=

1 0

0 1

 (2.68)

[
T thru
M

]
= [TA]

[
T thru
D

]
[TB] = [TA] [TB] (2.69)

[
T line
D

]
=

L 0

0 1/L

 (2.70)

[
T line
M

]
= [TA]

[
T line
D

]
[TB] (2.71)

To simplify the line-standard analysis by cancelling the common matrix terms, the
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auxiliary matrix [X] is defined as

[X] =
[
T line
M

] [
T thru
M

]−1
(2.72)

Then

[X] = [TA]
[
T line
D

]
[TB] [[TA] [TB]]

−1

= [TA]
[
T line
D

]
[TB] [TB]

−1 [TA]
−1

= [TA]
[
T line
D

]
[TA]

−1 (2.73)

In the calculation of the error terms it is simplest to consider the line (L) measure-

ments first.

[X][TA] = [TA][T
line
D ][TA]

−1[TA]

= [TA][T
line
D ] (2.74)

Then solving for the terms of [TA] will provide the following set of four equations

X11T
A
11 +X12T

A
21 = TA

11L (2.75)

X21T
A
11 +X22T

A
21 = TA

21L (2.76)

X11T
A
12 +X12T

A
22 = TA

12/L (2.77)

X21T
A
12 +X22T

A
22 = TA

22/L (2.78)

By solving these equations, two roots are obtained. The remaining task is to deter-

mine which root corresponds to
TA
12

TA
22

and which corresponds to
TA
21

TA
11
.
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If Root1 ≪ Root2, then

TA
12

TA
22

= b = Root1 and
TA
21

TA
11

= c/a = 1/Root2 (2.79)

else, which means Root1 ≫ Root2, then

TA
12

TA
22

= b = Root2 and
TA
21

TA
11

= c/a = 1/Root1 (2.80)

After finishing the line calculations, it is the right opportunity to consider the thru

measurements.

[TB] = [TA]
−1
[
T thru
M

]
(2.81)

Solving for the terms of [TB] will give

TB
12

TB
11

=
T thru
12 −

(
TA
12

TA
22

)
T thru
22

T thru
11 −

(
TA
12

TA
22

)
T thru
21

= β/α =
e− b

d− bf
=

(
−SB

11

∆S

)
(2.82)

and

TB
21

TB
22

=

(
TA
21

TA
11

)
T thru
11 − T thru

21(
TA
21

TA
11

)
T thru
12 − T thru

22

= γ =
f − d(c/a)

1− e(c/a)
=
(
−SB

22

)
(2.83)

Finally, the reflect measurements can be considered to determine a/α.

For port 1:

aΓR =
(Γ1 − b)

(1− c/aΓ1)
(2.84)

where Γ1 = Sshort
11 .
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For port 2:

αΓR =
(Γ2 + γ)

(1 + β/αΓ2)
(2.85)

where Γ2 = Sshort
22 .

Therefore

a/α =

(
Γ1 − b

1− c
aΓ1

)(
1 + β

αΓ2

Γ2 + γ

)
(2.86)

Considering again the thru measurement to determine aα.

[
T thru
M

]
= [TA][TB] (2.87)

(2.88)

This gives

aα =

T thru
11

T thru
22

− bT
thru
21

T thru
22

1− T thru
12

T thru
22

(c/a)
(2.89)

Using (2.86) and (2.89) a2 or α2 can be determined, however there is still a sign

issue remaining.

a = ±
√

(aα)(a/α) (2.90)

The sign of (2.90) is determined by the sign of ΓR.

ΓR =
(Γ1 − b)(
1− c

aΓ1

) (1/a) (2.91)
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The user must supply Γstd
R , which can be found in the Cal-kit data sheet.

If real
(
ΓR/Γ

std
R

)
≪ 0, then a = −a; otherwise, a = a (2.92)

So

α = (aα)/a (2.93)

Finally, c can be determined using (2.79) or (2.80).

All terms apart from TA
22 are now known, however TA

22 is typically set to unity.

TA
11 = aTA

22 (2.94)

TA
12 = bTA

22 (2.95)

TA
21 = (c/a)aTA

22 (2.96)

TB
22 =

T thru
22

(1 + cβ)TA
22

(2.97)

TB
11 = αTB

22 (2.98)

TB
12 = βTB

22 (2.99)

TB
21 = γTB

22 (2.100)

In the end, the T-matrix is converted to the S-matrix for the final calculation of the

traditional error terms.

2.4.5 Calibration Discussion

Accurate calibration is essential for VNA-based characterisation, especially for de-

vices exhibiting high reflection coefficients. This section introduces VNA architec-

68



ture, measurement uncertainties, and systematic error models. Finally, the key

equations of TRL calibration procedure are displayed. However, some software

suppliers, for example, Mesuro, already support embedded calibration calculation

functions and will be used in Chapter 5.

2.5 Conclusion

This chapter reviewed the non-linear behavioural modelling techniques including

VIOMAP, PHD modelling and the X-parameters, followed by the development of

the CM and the structure of KBNN, a kind of ANN model. The chapter concluded

with VNA calibration theory and TRL-based error model extraction, providing a

solid foundation for the modelling and error analysis presented in the following

chapters.
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Chapter 3

ADS Schematic Design

Implementation

As the ANN model has been created and tested by Mengyue Tian et al. [1], creating

a circuit simulation in ADS is also useful for researchers to control various parameters

in the model. However, implementing different types of ANN models may present

challenges in adjusting the calculation equations and circuit structures. In this

chapter, the design of the schematic in ADS will be introduced in detail, and the

test results will also be included.

3.1 Introduction

ADS was selected as the CAD environment used in this work. However, the general

implementation approach could also be adapted to other CAD environments that

provide equivalent capabilities for behavioural-model implementation, parameter

importing, equation definition, and automated schematic modification. The ANN

model implementation in ADS can be broken down into the following five parts:

• voltages/currents at the receiver and sender

• traveling waves calculation and normalization

• weights and biases importing
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• weights and biases normalization and re-normalization

• ANN model calculation

First of all, the voltages/currents receiver and sender are shown in Figure 3.1.

The central component is a frequency domain device with four ports. All ports can

receive voltages and currents from the external circuit and also send the calculated

voltages and currents. The four high-value resistors provide a DC reference path

for the relevant nodes, preventing floating-node conditions and improving numerical

robustness during simulation while introducing negligible loading to the RF signal

path. The far left and right ports are the two pins of this ANN model in ADS.

Figure 3.1: The voltages/currents receiver and sender

The next part is the travelling-wave calculation and normalization, where the

schematic window capture including full equations is depicted in Figure A.1 in the

appendix. The sv(p,h) and si(p,h) are voltages and currents from P1 and P2 in

Figure 3.1, where p stands for port number and h for harmonics, ap,h,o represents

for the travelling waves calculated from voltages and currents.

Zp,h = 50 + j ∗ 0 (3.1)

ap,h,o =
( sv(p, h) + Zp,h ∗ si(p, h)) + 1e− 18

2 ∗ sqrt(Zp,h)
(3.2)
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inputaph,r = real(ap,h,o) (3.3)

inputaph,i = imag(ap,h,o) (3.4)

Additionally, the equations (3.3) and (3.4) prepare for ANN model calculation, as

mentioned in Chapter 2, because the ANN model calculation equations only accept

real numbers.

Here, Figure 3.2 and equations (3.5) and (3.6) illustrate the weights and biases

importing part. It consists of three different parts: DAC, hidden layer parameter

importing variables and output layer parameter importing variables.

Figure 3.2: DAC for accessing data

In equation (3.5), n stands for the n-th neuron and m ∈ {1, 2} which stands for

the weight of the real part and the imaginary part of the input signal, HWn,m is the

hidden layer weights and HBn,1 is the hidden layer biases.

HWn,m = file{DAC1,′′Hidden Weight nm′′}

HBn,1 = file{DAC1,′′Hidden Bias n1′′} (3.5)

In equation (3.6), o stands for the o-th output, CWn,m is the cascade weights, OWo,n

is the output layer weights and the OBo,1 is the output layer biases.
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CWn,m = file{DAC1,′′Cascade Weight nm′′}

OWo,n = file{DAC1,′′Output Weight on′′}

OBo,1 = file{DAC1,′′Output Bias o1′′} (3.6)

Before and after the ANN model calculation, normalization and renormalization

for travelling waves are necessary. The following equations (also shown in Figure

A.4) display how these two steps work in ADS.

a2,1,real,norm =
2 ∗ (inputaph,r)−minf

maxf −minf
− 1 (3.7)

a2,1,imag,norm =
2 ∗ (inputaph,i)−minf

maxf −minf
− 1 (3.8)

Where the maxf and minf are from all inputs and outputs of the test dataset used

to extract the ANN model.

Also, the de-normalization has to be applied to the output of the ANN model,

which is b-waves:

b2,1,real,de =
(b2,1,real + 1) ∗ (maxf −minf)

2
+minf (3.9)

b2,1,imag,de =
(b2,1,imag + 1) ∗ (maxf −minf)

2
+minf (3.10)

b2,0,de =
(b2,1,dc + 1) ∗ (maxf −minf)

2
+minf (3.11)

Finally, the most important part is ANN model calculation, as shown in equation

(3.12). Since ADS does not support matrix calculation, the equations need to be

applied to each element in every parameter matrix.
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ANNr(inr, ini) = CWn11 · inr + CWn12 · ini

+OWn11 · tanh

HWn11 · inr +HWn12 · ini

+HBn11


+OWn12 · tanh

HWn21 · inr +HWn22 · ini

+HBn21


+ · · ·

+OWn15 · tanh

HWn51 · inr +HWn52 · ini

+HBn51


+OBn11

(3.12)

Where ANNr(·) stands for the real part of the output. The ANN model also

contains imaginary part and DC part calculations which is shown in Figure A.5 in

the appendix.

Figure 3.3: Simplified calculation flow diagram of the implemented ANN model,
including input normalisation and output de-normalisation.

Figure 3.3 shows the overall calculation flow of the implemented ANN model

in ADS. The input travelling wave a2,1 is separated into its real and imaginary

components, normalised, processed by the ANN, and then de-normalised to generate
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the model outputs b2,1 and b2,0.

3.2 Creating the Dynamic Schematic

In this ADS schematic, all parameters importing and calculations are related to

VAR (Variables and Equation) components. Because the central circuit remains

unchanged, the AEL code focuses on modifications related to the VAR components.

In ADS, a VAR component is used to define variables and mathematical expressions

that can be referenced by other components in the schematic. In the developed

ANN implementation, the imported model parameters and the equations used for

normalisation, ANN calculation, and output processing are defined within VAR

components. The AEL code therefore dynamically creates, updates, or removes the

required VARs and their contents according to the ANN model structure.

3.2.1 AEL Code Working Flow on Placing the VAR

With the strict naming rules for VAR in the ADS schematic [2], every VAR must be

named and checked to ensure it is registered before being placed on the schematic.

Figure 3.4 illustrates how the code works to create and register a new VAR in the

ADS schematic.
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Figure 3.4: AEL code working flow

3.2.2 Adapting Parameter Import for Different ANN

Structures

When changing the structure of the ANN model, two main scenarios may occur:

altering the number of weights and biases, or modifying the calculation equation of

the ANN model.

At the beginning, before calculating the ANN model, the weights and biases

must be imported. Figure 3.5 shows how the AEL code determines and generates

the VAR for the weights and biases across different layers.
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Figure 3.5: Working flow of weights and biases import

Due to the limitations on matrix calculations in ADS, the ANN calculation

equations must be expanded to match the number of elements in the output matrix.

Each element in the output matrix follows the same calculation process, with the

only difference in the subscripts of the weights and biases. Thus, a for-loop is a

convenient way to generate the long-hand equations used in the schematic. Figure

3.6 demonstrates that the equation string needs to be initialised with the cascade

weight calculation part, then the for-loop is used to add the hidden layer calculation

with the tanh() function and the output layer calculation. Finally, the output layer

biases are added.
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Figure 3.6: Working flow of generating ANN model calculation equations

3.2.3 Implementation

To reduce the complexity of debugging the AEL code, different parts are organised

into user-defined functions, which are executed sequentially within the main() func-

tion (Figure 3.7). Some significant parts will be shown in the following sections. In

Figure 3.7, the variables ”input item cnt” and ”output item cnt” are used to set the

total numbers of the real and imaginary parts for the inputs and outputs.
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Figure 3.7: main() function

The functions between lines 12 and line 23 in Figure 3.7 contain three types of

features: the VAR component creation and placement, ANN calculation equation

generation and data importing component setting.

VAR Component Creation and Placement

The function placeImp(), Translation eqn(), Phase Normalising(), extract real num(),

Get Weight(neuron), Bmatrix() and FDD2P() are used to create and place the

VAR component into the correct position and assign the variables and data to the

VAR component.
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Figure 3.8: Phase Normalising() function

For example, in Figure 3.8, it starts with the content string definition, which is

the content assigned to the ”PhaseNormalising” VAR component. After this, the

code section containing the if -condition is used to check whether the VAR with

name ”PhaseNormalising” exists. If it exists in the current schematic, the current

VAR component will be deleted to avoid new content assignment. Then, the code

section including numbers are used to confirm its position in the schematic window.

Finally, the built-in function of the AEL de set item parameters() is used to assign

the strings to the variables in the VAR components.
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ANN Calculation Equation Generation

Figure 3.9: ANN Cal(n) function code

For the ANN used here, only the fundamental frequency is considered. Therefore,

only 3 outputs will be counted, which are b10, a21, and b21. Based on the equation

mentioned before, the changs in biases and weights only affects hidden weights and

biases in the hidden layer. In Figure 3.9, the input variable n represents the number

of the hidden layer neurons. Based on the equation (3.12), the cascade weights and

output bias calculation are fixed and the hidden layer calculation with the output

weights are changed by the number of the hidden layer neurons. However, the

number of the hidden layer neurons cannot be smaller than two. The for-loop is

used to generate the alterable part of the ANN model calculation.

Data Importing Component Setting

The data importing component is the DAC as mentioned before. Its setting has a

few differences with the VAR components. It does not require the content to be pre-

defined. Nevertheless, the DAC contains more parameters to be defined. Therefore,

87



the de set item parameters() contains a large number of parameters as shown in

Figure 3.10.

Figure 3.10: DAC() function code

3.2.4 Verification

After applying the AEL code in ADS to generate the ANN model, a load-pull circuit

is used to test whether the ANN model functions correctly. In this verification, the

performance of a Wolfspeed CG2H40010F device model is predicted using the ANN

model. After simulating the ANN model, all data is exported into MATLAB for

comparison with the simulation data of the CG2H40010F device. Figure 3.11 shows

a plot comparing these two results, and the NMSE (Normalised Mean Squared

Error) is taken as acceptable when it is lower than -40 dB, consistent with prior

ANN-based RF behavioural modelling studies [3], [4].
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Figure 3.11: Verification result

3.3 Conclusion

Overall, the AEL code plays a significant role in dynamically generating schematics

when applying different structures of the ANN model. Its for-loop and VAR gen-

eration functions efficiently address the need for schematic modifications. The final

verification also demonstrates the ANN model’s ability to predict the performance

of nonlinear devices. The AEL code generation function lays a solid foundation

for the next part, which involves comparisons between different structures of ANN

models and the Cardiff Model.

References

[1] M. Tian, J. Bell, E. Azad, R. Quaglia, and P. Tasker, “A Novel Cardiff
Model Coefficients Extraction Process Based on Artificial Neural Network,” in
2023 IEEE Topical Conference on RF/Microwave Power Amplifiers for Radio
and Wireless Applications, 2023, pp. 1–3. doi: 10.1109/PAWR56957.2023.
10046221.

[2] I. Agilent Technologies, Advanced Design System, Agilent Technologies, Inc.,
Feb. 2011. [Online]. Available: http://edadownload.software.keysight.
com/eedl/ads/2011_01/pdf/ael.pdf.

89

https://doi.org/10.1109/PAWR56957.2023.10046221
https://doi.org/10.1109/PAWR56957.2023.10046221
http://edadownload.software.keysight.com/eedl/ads/2011_01/pdf/ael.pdf
http://edadownload.software.keysight.com/eedl/ads/2011_01/pdf/ael.pdf


[3] M. Tian, J. B. Bell, R. Quaglia, E. Azad, and P. J. Tasker, “Artificial neu-
ral network nonlinear transistor behavioral models: Structure and parameter
determination process based on the Cardiff model,” IEEE Transactions on
Microwave Theory and Techniques, vol. 73, no. 2, pp. 745–759, 2025. doi:
10.1109/TMTT.2024.3434959.

[4] M. Rocio Moure, M. Casbon, M. Fernández-Barciela, and P. J. Tasker, “A
Systematic Investigation of Behavioural Model Complexity Requirements,”
in 2018 13th European Microwave Integrated Circuits Conference (EuMIC),
2018, pp. 77–80. doi: 10.23919/EuMIC.2018.8539950.

90

https://doi.org/10.1109/TMTT.2024.3434959
https://doi.org/10.23919/EuMIC.2018.8539950


Chapter 4

Implementation Efficiency

Comparison Between ANN and

the Cardiff Model in ADS

The previous chapter presented the detailed implementation of a one-hidden-layer

ANN behavioural model in ADS, including a flexible schematic structure that allows

the number of hidden neurons to be varied. Building upon this implementation, and

following the established Cardiff Model formulation described in J. Bell’s doctoral

work [1], this chapter focuses on a comparative analysis of the implementation ef-

ficiency of ANN-based [2] and CM-based behavioural models within a commercial

CAD environment.

Under controlled simulation conditions, the execution time of both models is

evaluated for large-scale load-pull simulations and extended excitation scenarios.

In addition, the computational scaling behaviour of the ANN model is analysed by

varying the number of hidden neurons under identical load conditions. Through this

analysis, the chapter aims to provide practical insight into the trade-offs between

data-driven behavioural modelling approaches and polynomial-based formulations

from a CAD execution and implementation perspective.
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4.1 Introduction

In practical PA design workflows, behavioural models are often simulated repeatedly

across large sets of load impedances or power levels. When individual simulations

require only seconds or minutes to complete, CAD execution efficiency may be of

limited concern. However, as the number of simulated load points and excitation

conditions increases, the total simulation time can extend to hours or even days,

making computational efficiency a critical factor in practical large-scale CAD simu-

lations.

Unlike studies that primarily focus on modelling accuracy, this chapter concen-

trates on the runtime efficiency of behavioural model implementations under vary-

ing simulation scales, e.g. different load-pull point sizes and power-level sweeps. By

analysing execution time under these scenarios, the chapter aims to highlight prac-

tical differences in CAD efficiency between ANN-based and CM-based behavioural

formulations.

4.2 Experiment

4.2.1 Simulation Setup

Figure 4.1: Basic load-pull circuit

The dataset used to extract the CM and ANN models was generated in Keysight

ADS using the load-pull schematic shown in Figure 4.1. The active device was the
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Wolfspeed CG2H40010F 10 W transistor model. In the first case, the frequency was

set to 3.5 GHz and the source power was set to 28 dBm, which places the device

close to saturation under the simulated matching condition. The load impedance

is controlled by changing the magnitude and phase angle of the complex number,

S[1, 1], of an S1P (1-port S-Parameters, Equation Based) component. Additionally,

the reference impedance is the same as Zref which is 50Ω set with Z[1] in the S1P

component. The simulated load-pull points are located as shown in Figure 4.2.

Figure 4.2: Very dense fundamental load point grid for the 72,000 load points with
Γmax = 0.8

The load area covered aims to be a comprehensive, yet representative, coverage

of the Smith Chart, therefore a Γmax = 0.8 was chosen. Specifically, the 200 sample

points for magnitude and 360 sample points for phase angle result in a larger load

point dataset comprising 72,000 points. This is to emulate simulation scenarios like

load-pull for many simulation dimensions (e.g., DC bias, frequency, and harmonics),
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but also to accentuate any differences in run time.

4.2.2 Cardiff Model Schematic Simplification for

Fundamental Frequency Simulations Only

In CM CAD implementation, the raw input voltages and currents will first be cal-

culated into travelling waves and then the phase of a11 will be normalised to zero,

as shown in Figure 4.3.

Figure 4.3: V-I to a-b translation equations and equations for phase normalisation

As introduced in chapter 2, for a phase pre-normalised input dataset [3], [4], the

CM expression can be defined with:

Bp,h =

maxr∑
r=0

n=h+ ord−h
2 −r∑

n=−( ord−h
2 −r)

Mp,h,m,n|A2,1|m(Q2,1)
n

 . (4.1)

To implement the travelling-wave multiplication term |A2,1|m(Q2,1)
n in equation

(4.1), the function Ap() is defined as

Ap(M,P,Aph) = |Aph|M−P∗Aph
P (4.2)

whereM is the magnitude exponent, P is the phase exponent, and Aph is a travelling

wave on port p under h harmonic. Therefore, the original CM schematic gives the

A matrix calculation definition shown in Figure 4.4
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Figure 4.4: Full 2-input harmonics and 3 output harmonic Amatrix calculations on
the ADS schematic

In this case, only fundamental frequency is considered. According to [1], the

Amatrix calculation can be simplified into two types considering the effect of the

exponentiation on run time.

Figure 4.5: Fundamental only simplify Amatrix calculation under the fundamental
frequency
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Figure 4.6: Fundamental only Amatrix calculation without exponentiation

Figure 4.5 shows the simplified Amatrix calculation without other harmonic cal-

culations and is used to test whether reducing the implementation size affects run-

time. Figure 4.6 shows the direct Amatrix calculation without exponentiation and is

used to test whether removing exponentiation provides further runtime improvement

relative to Fig. 4.5.

4.2.3 Schematic Adjustments for a Reduced Model

Coefficient Set

When changing the number of coefficients and neurons in both models, some parts

of the schematic remain unchanged, while others vary due to the way the model

schematic is programmatically populated. To show this clearly on the schematic,

a model with 2 coefficients and a model with 6 coefficients are shown in Figs. 4.7

and 4.8 so that the visual differences can be understood. For the CM, these two

figures highlight the parts of the schematic that change between the 2-coefficient

and 6-coefficient cases.
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Figure 4.7: 2-coefficient CM

Figure 4.8: 6-coefficient CM

Figures 4.7 and 4.8 show the CM schematics for the 2-coefficient and 6-coefficient

cases, respectively. In box (i), the Amatrix calculation is reduced to match the

selected coefficient set. In box (ii), the b-wave calculation is simplified accordingly.

In box (iii), the number of imported coefficients is also reduced. These changes show

that reducing the coefficient set affects not only the coefficient importing part, but

also the related Amatrix and b-wave calculations.

Figures 4.9 and 4.10 show the ANN schematics for the 2-neuron and 6-neuron

hidden-layer cases, respectively. These two cases were selected as representative

lower- and higher-complexity examples from the range of ANN model sizes con-

sidered in the runtime study. For consistency in the schematic comparison, the

same numerical model-size range was used for the CM coefficient count and ANN
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hidden-neuron count, although these quantities do not represent equivalent model

complexity. Increasing the number of hidden-layer neurons changes both the hidden-

layer calculations and the number of output-layer parameters that must be imported

into the schematic.
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Figure 4.9: 2 hidden layer neurons ANN model

Figure 4.10: 6 hidden layer neurons ANN model
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Both the CM and the ANN model ADS schematics are generated using dynamic

AEL code, providing flexibility in their CAD implementation based on the mod-

el/measurement scenario and serving as a better option for time-saving purposes.

4.2.4 Power Sweep

This section introduces the power sweep simulation setup used to evaluate the run-

time of the ANN and simplified CM implementations with the same number of

coefficients and hidden-layer neurons, which are 6. For the power sweep tests, the

input power is swept from 17 dBm to 28 dBm. This range covers operation from

the small-signal region to the near-saturation region.

4.3 Results and Analysis

The first runtime comparison is carried out for the three model implementations un-

der the same load-pull simulation condition. Table 4.1 summarises the corresponding

simulation runtime and NMSE results.

Table 4.1: Run time and NMSE comparison of the ANN and CM implementations
using the 72,000-point dataset

Model Model Configuration Run Time (s) NMSE (dB)

ANN model 6 hidden neurons 329.19 -51.1603

Original CM Full harmonic template 150565.18 -165.6786

Simplified CM Fundamental-only
implementation

323.23 -165.6786

The first two rows in Table 4.1 present the simulation run time for the original

CM and ANN model simulated with the load points shown in Figure 4.2. It is evi-

dent that the results differ significantly due to the presence of numerous redundant

equations and variables yielding 1 in the standard CM template for fundamental

load-pull.

The modification of the CM focuses on replacing the zero-power calculation
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parts, which relate to Figure 4.4. Experiments show that a1,2, a1,3, a2,2, a2,3 cal-

culations can all be removed under the fundamental frequency scenario. Although

ADS performs these calculations, they still consume time. Therefore, updating the

elements in Amatrix gives a simplified CM as shown in Figure 4.5. Furthermore,

to remove the effect of the nesting functions and confirm the source of the wasted

run time, Figure 4.6 uses a more direct calculation equation. Because the runtime

difference between the implementations in Fig. 4.5 and Fig. 4.6 implementations is

less than 0.01 s, the simplified CM in this work is taken to refer to the CM schematic

containing these simplified equations.

Table 4.1 clearly demonstrates that the simplified CM exhibits a run time that is

6 seconds faster compared to the ANN model. Also, results show a 99% saving of run

time with the simplified CM when compared to the original CM. Therefore, when

conducting simulations or optimizations that require numerous iterations, removing

redundant equations and variables becomes a significant choice in saving simulation

time.

To understand the relationship between run time and the number of model co-

efficients or hidden neurons more clearly, another experiment was conducted. A

smaller set of load points was applied since the observed relationship between run-

time and coefficient/neuron-number is consistent between large and small datasets.

Also, a smaller dataset is more representative of a measured dataset. The new load

points were sampled from the same area as shown in Figure 4.2, using 10 magnitude

values from 0 to 0.8 and 36 phase values from 0° to 350°, resulting in 360 load points

in total. The number of CM coefficients and ANN hidden-layer neurons was varied

from 1 to 8 to examine the change in runtime with model size. The corresponding

runtime trends are illustrated in Figure 4.11.
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Figure 4.11: Model complexity run time comparison for the CM and ANN models

Figure 4.11 clearly shows a linear relationship between run time and the number

of hidden neurons for the ANN model, and a step-shaped increase related to the CM

coefficient numbers. The addition of one new neuron in the ANN model only adds

on one tanh() function calculation. This can also be seen from the ANN output

expression, which may be written in compact form as

b2 = k +
N∑
i=0

OWi tanh(vi) +OB, (4.3)

where k denotes the cascade-weight contribution and vi denotes the input to the

i-th hidden neuron, as defined in (3.12). Increasing N by one adds one additional

tanh(·) calculation and its corresponding output-weight term. Since the same struc-

ture is repeated for each neuron, the runtime increases approximately linearly with

the number of hidden-layer neurons. The reason for the run time rise between 3

coefficients and 4 coefficients for the CM is the exponents of |a2,1|. In Figure 4.4,

the exponents of |a2,1| for the first 3 coefficients are 0 and 1, however after that
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the b2,1 calculations including |a2,1|2, will be different from the ANN model. Upon

adding the 7th and 8th coefficients to the CM, where the exponent value of |a2,1| is

3, the run time exhibits another step increase. This proves that the CM has a linear

relationship between run time and coefficient number, but in a step-shaped following

the increasing exponents of |a2,1|. Additional tests based on the implementations

shown in Figs. 4.5 and 4.6 show that the runtime difference between the exponenti-

ation and repeated-multiplication forms is less than 1% under the same simulation

conditions, indicating that the implementation difference contributes slightly to the

stepwise runtime increase. The relationships shown in Figure 4.11 indicate that al-

though there are similarities, data that can be modelled accurately by the simpler

method should be the one chosen for best simulation runtime efficiency.

In the end, for the power sweep simulation on the ANN model and simplified CM,

because they have similar run time with the large dataset containing 72,000 load

points, each power-level will be tested with 6,000 load points sampled from the area

shown in Figure 4.2. Thus, the total number of load points remains unchanged.

Table 4.2 shows the run time difference between the two models under different

conditions.

Table 4.2: Run time comparison of the ANN and simplified CM models

Model
Run Time (s)

72,000 Load Points Power Sweep

ANN model 329.19 435.71

Simplified CM 323.23 226.08

The results for the 72,000 load-point and power-sweep cases indicate that the

run time changes in opposite ways when simulating the power sweep for two models

with the same load points. The ANN model run time increases because it imports

more coefficients than CM. For the ANN model, its schematic imports 39 biases and

weights for every power level. It also requires two more coefficients to load in, maxf

and minf , which are used before and after the ANN model calculation as stated in
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the previous chapter, equations (3.7)-(3.11). In Figure 4.8, the schematic screenshot

clearly shows that the 6-coefficient CM only requires 12 coefficients to calculate

the reflect wave, which means it wastes less run time on importing coefficients.

Additionally, for each power-level, the schematic only simulates 6,000 load-points,

which is far less than 72,000 points, allowing the ADS software to use less memory

to calculate the whole load-point set. This results in less run time for the CM in

power sweep simulations.

4.4 Conclusion

In conclusion, this chapter presented a novel run time comparison between the CM

and ANNmodel ADS implementations. The original CM template wastes 99% of the

time when simulating a large load-pull dataset. However, after removing redundant

equations and variables from the original CM template, the simplified CM displays

similar or slightly faster run time when compared with the ANN model for the same

load-point condition. For repeated simulations across different power levels, the

simplified CM displays higher efficiency than the ANNmodel. The study also showed

that the ANN run time increases linearly with the number of hidden neurons, while

the CM run time increases stepwise as higher-order terms are added. Overall, the run

time difference between the ANN and simplified CM implementations depends on the

simulation scenario and model structure. When acceptable accuracy is maintained,

the simpler implementation should be preferred for better simulation efficiency.
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Chapter 5

Type B Error Detection and

Integrity Assessment in Load-Pull

Measurement Systems

In the previous chapter, the simulation runtime efficiency of behavioural model im-

plementations in ADS was investigated. While efficient simulation is important for

circuit design, the accuracy of behavioural models strongly depends on the measured

travelling-wave data used during model extraction [1], [2], [3]. In load-pull measure-

ments, uncertainties present in the measurement system can propagate directly into

extracted behavioural model coefficients. Consequently, understanding the sources

of measurement uncertainty and assessing the integrity of the measurement system

are necessary for ensuring reliable behavioural modelling.

Unlike Type A uncertainties, which consist of random noise and can be reduced

through repeated measurements and averaging, Type B uncertainties correspond to

consistent systematic deviations that remain after calibration and therefore prop-

agate into all of the extracted travelling waves and directly affect the extraction

of behavioural model coefficients. This chapter concentrates on systematic (Type

B) uncertainties introduced by a calibrated load-pull measurement system using a

standard thru. By measuring the travelling waves of the calibrated thru over a range
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of reflection coefficients, systematic distortions in the measurement system can be

identified. The extracted distortion is then used to build a reflection-dependent sys-

tematic error model, representing the systematic uncertainty as additive travelling-

wave offsets. Then, this error model can be propagated to device measurements

obtained from a PA using the same load-pull system. CMs generated from the

adjusted dataset are then compared with models extracted directly from the origi-

nal measured data, allowing the effect of systematic measurement uncertainties on

behavioural model extraction to be evaluated.

Compared with traditional large-signal modelling studies that mainly evaluate

behavioural models using fitting accuracy metrics, this chapter introduces a new

measurement system integrity metric linking calibration standard measurement un-

certainty to behavioural model coefficient stability. A systematic error model is

extracted from a calibrated thru standard and propagated into device measure-

ments. Furthermore, two integrity metrics are proposed. The first is a measurement-

domain integrity metric derived from residual statistics under 3σ bootstrap resam-

pling, which defines the acceptable level of systematic distortion in the measured

travelling-wave data. The second is a model-domain Coefficient Deviation Index

(CDI) that quantifies the sensitivity of CM parameters to systematic distortions.

This provides a quantitative self-diagnostic method for assessing calibration robust-

ness and measurement system integrity beyond traditional statistical assessments.

5.1 Introduction

In a load-pull measurement system, almost every component introduces system-

atic errors, including the VNA, couplers, bias tees, and circulators. Each com-

ponent contributes different sources of uncertainty, which subsequently propagate

through multiple stages of RF characterisation, such as travelling wave extraction,

behavioural model coefficient determination, and power prediction calculations. For

the CM, the coefficients are directly extracted from the calculated travelling waves.

Consequently, any residual systematic errors present after calibration can propa-
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gate into the extracted coefficients and the final model. Although vector calibration

techniques such as TRL correct the dominant systematic errors represented by the

calibration error model, they cannot completely remove all measurement uncer-

tainty. Residual systematic deviations can remain because of uncertainties in the

calibration standards, imperfect connector and interconnection repeatability, finite

instrument directivity and tracking performance, and changes in the measurement

system between calibration and subsequent load-pull measurements, such as cable

movement or system drift.

Therefore, the systematic errors considered in this chapter are not the nominal

error terms already removed by the TRL calibration, but the residual systematic

deviations that remain in the calibrated measurement system. Even when the fi-

nal NMSE remains low, these potential residual errors may still exist, since the

behavioural model can adjust its coefficients to fit the distorted measurement data.

The Guide to the Expression of Uncertainty in Measurement (GUM) [4] classi-

fies measurement uncertainties into two categories: Type A and Type B. Type A

uncertainties are typically evaluated from repeated observations and are commonly

associated with random noise. Various approaches exist to reduce their influence,

including repeated measurements with statistical averaging and instrument noise

reduction techniques [4], [5]. In calibrated measurement systems, the influence of

Type A effects can often be reduced through repeated measurements and statistical

averaging. In contrast, Type B uncertainties are evaluated based on other available

information, such as calibration-standard specifications, instrument specifications,

prior measurement data, or engineering knowledge.

While some instruments provide explicit systematic error bounds in their doc-

umentation, others do not. When such information is unavailable, the magnitude

of systematic errors must be evaluated from measurement data, which makes the

reliability of the measured results more difficult to assess. Such uncertainties may

include residual systematic effects that remain after calibration and cannot be re-

duced simply by repeating and averaging the same measurement. These residual
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effects can therefore make a significant contribution to the overall uncertainty of a

calibrated load-pull measurement system.

Additionally, Type A and Type B refer to how the uncertainty is evaluated,

rather than the physical source of the uncertainty. For example, temperature varia-

tion may be evaluated using Type A methods if its influence is estimated statistically

from repeated measurements, or using Type B methods if it is estimated from envi-

ronmental limits, instrument specifications, or prior information.

Consequently, this chapter adopts an experimental approach to estimate the

Type B uncertainties of the load-pull measurement system by characterising a stan-

dard thru using available system information. These estimated uncertainties are

then used to construct a systematic error model, which is applied to PA measure-

ment data to investigate their influence on the extracted coefficients and to derive

a measurement-domain distortion threshold.

Finally, this chapter introduces a measurement system integrity assessment met-

ric to investigate the propagation of systematic errors into the extracted CM coeffi-

cients. Beyond traditional assessment metrics such as NMSE and root mean square

(RMS) error, the proposed integrity assessment method evaluates systematic dis-

tortions in both the measurement-domain and the model-domain. These metrics

establish thresholds for detecting systematic distortions that may remain hidden

in the measurement system when traditional accuracy metrics appear acceptable.

In addition, controlled distortion tests with different magnitudes are performed to

investigate how systematic measurement errors affect device performance and load-

pull contour behaviour.

5.2 Experimental Setup

This section first introduces the measurement system and its calibration. It then

presents the thru measurements and the Cree device measurements, with figures

and photographs displaying the structure of the system.
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5.2.1 Calibration

As introduced in Chapter 2, several vector calibration methods are available. In

this work, TRL calibration was applied to the VNA measurement system. The

calibration measurements were controlled and processed using software developed by

Mesuro. During the calibration, the thru, line and reflect standards were connected

to the measurement ports, and the corresponding travelling-wave responses were

measured by the VNA. The Mesuro software then used these measured results with

the TRL algorithm to calculate the calibration error terms.

Compared with a conventional VNA calibration mainly used for corrected S-

parameters, the calibration in this nonlinear vector measurement system is also

used to obtain calibrated travelling-wave quantities for the following load-pull mea-

surements. The calculated error terms are exported and applied to the measured

travelling waves in the load-pull software. In addition, a separate power calibration

is required to determine the absolute magnitude of the travelling waves, because

TRL calibration only provides relative vector calibration.
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Figure 5.1: VNA calibration setup, showing the main measurement components
and the TRL calibration standards

Fig. 5.1 displays one of the steps in the calibration of the VNA, which is the

measurement of the thru. The VNA provides the excitation signal and measures

the travelling waves through reflectometers at each port. The thru standard es-

tablishes a direct connection between the two ports, providing a known reference

response that allows the calibration process to characterise the uncertainties within

the measurement paths. The calibration measurement steps are as follows: power

calibration, thru measurement, line measurement and reflect measurements for ports

1 and 2. They are not required to be done in a strict measurement order. For each

calibration step, the corresponding calibration standard is connected to the mea-

surement ports and the measurement is started through the Mesuro software. The
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measured response is then recorded and displayed in the software. TRL calibration

standard measurements are straightforward to deploy. However, power calibration

requires another device, a power meter, shown at the bottom left. Power calibra-

tion is significant and necessary because the TRL algorithm only determines relative

wave quantities, which means it does not establish the absolute source power [6],

[7].

5.2.2 Thru Measurements

After calibration of the VNA, the error terms can be exported based on the TRL

calibration algorithm. For the load-pull measurements of the thru and the devices,

software named Focus Device Characterization Suite (FDCS), developed by Focus

Microwave, was used. By importing the file containing the error terms, the built

active load-pull circuit can use these terms to remove most of the effects arising from

Type A errors. Figure 5.2 shows the schematic diagram of the measurement system

used for the thru measurement.

Figure 5.2: Schematic diagram of the thru load-pull measurement

The area covered by the load points is shown in Fig. 5.3. The load points

were distributed across the Smith chart and extended as close as possible to the

outer region of the Smith chart in order to maximise coverage, thereby improving

the interpolation accuracy used in generating the Type B error model described in
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Section 5.3.2.

Figure 5.3: Smith chart of the thru load points

5.2.3 Device Measurements

The GaN HEMT CGHV1F006 was selected as the device under test (DUT) for mea-

surement in the load-pull system. The measurement used the same VNA and the

same FDCS software as used for the thru measurement, but the circuit is slightly dif-

ferent from that shown in Figure 5.2. Figure 5.4 displays the load-pull measurement

system.
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Figure 5.4: Load-pull measurement system used for device measurements

The measurement system incorporates external driver amplifiers and couplers

at both ports of the DUT. In load-pull measurements, an external driver amplifier

is required to provide sufficient RF power to excite the DUT into its large-signal

operating region. Moreover, insertion losses introduced by couplers, bias tees, and

interconnecting cables significantly reduce the available drive power at the DUT.

The driver amplifier compensates for these losses, thereby enabling operation in

compression and saturation. Furthermore, the amplifiers in the active loops pro-

vide the signals needed to realise the required source and load conditions during

impedance sweeps [8].

Couplers are employed to inject DC bias into the DUT while maintaining RF
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isolation from the VNA ports, allowing RF excitation and DC biasing to be applied

simultaneously without interfering with each other. Fig. 5.5 illustrates the schematic

diagram of the load-pull measurement system, including the interconnection between

the DUT and the measurement instruments.

Figure 5.5: Schematic diagram of the load-pull measurement system used for
device measurements

5.3 Results and Error Model Analysis

This section presents the results from the thru and GaN HEMT measurements. The

thru measurements are used as a reference standard to extract error models. The

error models are then applied to the GaN HEMT measurement results, and their

impact on the coefficients is analysed.
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5.3.1 Thru Measurement Results and Error Model

Extraction

To analyse the residual measurement errors in the calibrated system, the ideal be-

haviour of a perfect thru is first defined as:

[Sthru] =

0 1

1 0

 . (5.1)

The travelling-wave relations satisfy

b2 = a1, b1 = a2. (5.2)

The travelling-wave transmission of the thru under load-pull conditions is defined

as

H(Γ) =
b2
a1
. (5.3)

To clarify the system loss in the measurements, the reference level of the thru

can be defined as:

H0 = median{H(Γi)} (5.4)

In this chapter, H0 = median{20log10 b2
a1
} = 0.073 dB. The median is used to obtain

a robust estimate of the central magnitude level, since it is less sensitive to abnormal

values or local measurement deviations in the dataset.

Since measurements are available only at a finite set of tuner impedances Γi, the

residual error is initially obtained as a discrete set of samples, which is defined as:

R(Γ) =
H(Γ)

H0
. (5.5)
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For an ideal thru, H(Γk) = H0 for all Γk; hence R(Γk) = 1. Any deviation of R(Γk)

from unity therefore represents the Γ-dependent systematic error introduced by the

measurement system.

The magnitude and phase residuals are subsequently expressed as

Rmag(Γk) = 20log10|R(Γk)|, Rpha(Γk) = ̸ R(Γk). (5.6)

Figures 5.6a and 5.6b show the corresponding residual magnitude and phase evalu-

ated at the measured load points.
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(a) Residual thru error map (dB) over Γ plane

(b) Residual thru error map (deg) over Γ plane

Figure 5.6: Residual thru error maps

To assess the modelling performance, RMS and 95th percentile residuals are
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computed for both magnitude and phase. The RMS metric evaluates the overall

fitting accuracy by measuring the average magnitude of the residual error. The 95th

percentile residual represents the upper range of the error distribution, capturing

near worst-case behaviour while avoiding excessive sensitivity to a small number of

abnormal values. These statistics are summarised in Table 5.1.

Table 5.1: Magnitude and phase residual statistics

Statistic Magnitude (dB) Phase (deg)

95th percentile 0.0214 0.222

RMS 0.0109 0.121

Although the residual figures and statistics provide a convenient visualisation of

the Γ-dependent deviation of the measured thru response from the ideal behaviour,

they are mainly used here to indicate the presence of systematic measurement errors.

In an ideal case, the thru response should remain constant across different load

points. Therefore, the appearance of Γ-dependent patterns in the residual figures

indicates systematic deviations rather than random measurement noise. Using the

ideal thru characteristics together with the measured data, the analysis is extended

from a discrete set of residual samples to a Γ-dependent error description. The

discrete error values are then interpolated to construct a continuous error model.

This interpolation allows the systematic error to be estimated at other Γ locations,

enabling the extracted error model to be applied to device measurements in Section

5.3.2, whose load points may not match the original calibration dataset. In the

subsequent modelling process, the systematic error is instead represented in the

travelling-wave domain as an additive offset term,

c(Γ) = b2(Γ)− a1(Γ) (5.7)
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where Γ represents the reflection coefficients corresponding to the measured load

points in the calibration dataset. Eq. (5.7) is consistent with the Type-B uncer-

tainty framework, where deterministic offsets are commonly adopted to characterise

systematic effects. Since |a1|2 corresponds to the incident wave power at port 1, a1 is

adopted as the reference for power normalisation. Consequently, deviations from the

ideal thru condition are attributed to the outgoing wave b2, and the Γ-dependent sys-

tematic error is therefore evaluated in the b-wave domain. This formulation enables

the influence of stimulus amplitude to be largely removed, facilitating a consistent

assessment of systematic measurement errors.

To evaluate the systematic error at specific Γ locations other than the mea-

sured load points used in the calibration dataset, inverse-distance weighting (IDW)

interpolation is employed. The approach is simple, numerically robust, and does

not require global surface fitting. The expected error at a selected Γ location is

calculated as a weighted average of nearby measured points, where the weights con-

tribute inversely to the distance in the complex Γ-plane [9]. The IDW interpolation

is defined as:

f̂(Γ) =

N∑
k=1

wk(Γ) f(Γk)

N∑
k=1

wk(Γ)

, (5.8)

where N is the number of neighbouring measured points and weights wk are defined

as,

wk(Γ) =
1

∥Γ− Γk∥p
, (5.9)

where ∥Γ− Γk∥ denotes the Euclidean distance in the complex Γ-plane and p is set

to 1 so that the influence of surrounding points decreases smoothly with distance,

producing a stable interpolation of the error distribution.
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5.3.2 GaN HEMT Measurement Results and Error Model

Application

The GaN HEMT CGHV1F006 was characterised under large-signal load-pull condi-

tions at a frequency of 2.45 GHz with a drain bias of 35 V and gate bias of −2.8 V.

Travelling waves were extracted over 421 load impedances. The Γ-dependent error

model obtained from the thru measurement was subsequently applied to the device

data to investigate its impact on the measured responses.

Using the interpolated Γ-dependent offset term, the outgoing wave was corrected

as

Bcorr(Γ) = Bmeas(Γ)− ĉ(Γ), (5.10)

where ĉ(Γ) denotes the estimated systematic offset evaluated at the device load

impedances using IDW interpolation, Bcorr(Γ) is the corrected b-wave, and Bmeas(Γ)

is the measured b-wave.

The measured load-pull impedance points of the device on the Γ-plane are shown

in Fig. 5.7.

Figure 5.7: Smith chart of the device load points
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Based on these measured load points, the device performance contours are inter-

polated across the measured Γ region. The phase comparison between the measured

and corrected travelling waves is not shown, as the difference remains below approx-

imately 1◦, indicating negligible phase variation across the measured Γ region.

(a)

(b)

Figure 5.8: Measured b2 magnitude (dB) over the device Γ plane

The measured |b2| magnitude displays a clear dependence on the load reflection

coefficient Γ, distributed smoothly across the measured impedance area. Comparing

the measured and corrected figures, the overall contour structure remains nearly

unchanged. The location of the maximum |b2| region and the general gradient

across the impedance area remain consistent after correction. This indicates that

122



the correction derived from the thru measurement produces only a small modification

to the measured travelling-wave magnitude across the device load-pull dataset.

Since the device output power is directly related to the magnitude of the travel-

ling wave b2, as shown in Eq. (5.11), the small change observed in the corrected |b2|

distribution predicts that only a minor variation will occur in the output power.

Pout = |b2|2−|a2|2, (5.11)
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(a) Measured output power Pout distribution over the device Γ
plane

(b) Output power contours with measured and corrected
centre locations. The inset shows a magnified view of the
highlighted region around the contour centre, illustrating a

horizontal shift of ∆ℜ{Γ} = 0.0004 between the measured and
corrected optimal load points.

Figure 5.9: Measured and corrected output power Pout distribution over the device
Γ plane

The measured output power Pout also shows a dependence on the load reflection

coefficient. A high-power region can be observed within the load-pull measurement

area, indicating that the device operates near its optimum power transfer point at

the fundamental frequency. The overall contour structure in Fig. 5.9a and 5.9b

remains similar across the impedance region. Because the shift between the contour
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centres is very small relative to the Smith chart scale, a magnified inset is included

to clearly illustrate the difference. However, in Fig. 5.9b, a slight shift of the

maximum power region can be observed after applying the correction, indicating

that the systematic error derived from the thru measurement introduces a small but

measurable modification to the device power distribution.

Figure 5.10: Output power difference ∆Pout after applying the correction

The difference between the corrected and measured output power is further il-

lustrated in Fig. 5.10. Across most of the impedance region, the power deviation

remains below approximately 0.1 dB, indicating that the systematic error correction

has a small impact on the delivered power. These results indicate that the influence

of the Γ-dependent systematic measurement error on the device output power is

below approximately 0.1 dB over most of the tested load-pull region.

5.3.3 Error Effect Analysis for Cardiff Model Coefficients

Since the coefficients are extracted directly from the travelling waves, changes in the

measured |b2| are propagated into the extracted coefficients.

In this section, the analysis focuses on the fundamental-frequency b2 wave and

the first six CM coefficients listed in Table 2.3. From Section 5.3.2, the measured
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device b2 and corrected b2 are obtained. With the measured a2, the CM coefficients

can be extracted using the following equation:

[Mp,h,m,n] =
(
[A]H [A]

)−1
[A]H [Bp,h]. (5.12)

Thus, two different CMs with the same structure are obtained, with coefficients ex-

tracted from the measured data and the corrected data. From this, a delta coefficient

model can be extracted:

[∆Mp,h,m,n] =
(
[A]H [A]

)−1
[A]H([Bcorr

p,h ]− [Bmeas
p,h ])

=
(
[A]H [A]

)−1
[A]H [∆Bp,h]

=
(
[A]H [A]

)−1
[A]H ĉ(Γmeas)

(5.13)
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(a) Magnitude of the change in CM coefficients, |M corr
k −Mmeas

k |, shown on a
logarithmic scale for all extracted coefficients

(b) Effect of the proposed Γ-dependent correction on the extracted CM
coefficients in the complex plane. (left) View of the coefficient differences ∆Mk

for k = 2, . . . , 6, (right) Displacement of the coefficient (k = 1) from the
measured to the corrected value

Figure 5.11: Effect of the proposed Γ-dependent correction on the extracted CM
coefficients
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Figure 5.11 illustrates the effect of the measured data correction on the CM

coefficients. The variations among the CM coefficients are not uniform. As shown in

Fig. 5.11a, the first coefficient displays a larger variation than the other coefficients.

In contrast, the remaining coefficients show variations that are orders of magnitude

smaller, indicating that the correction primarily influences the first coefficient of the

behavioural model.

Figure 5.11b further presents the coefficient differences in the complex plane. The

first coefficient displays a clear and directed shift, while the shift of the others is

comparatively minor and on the order of 10−5. Although these coefficient changes are

physically interpretable, their impact on fitting accuracy is suggested to be limited.

This behaviour indicates that CM prediction accuracy alone cannot indicate whether

systematic measurement errors are present, since the model is fitted directly to the

measured dataset. The resulting NMSE and RMS statistics are therefore examined

next to assess the consistency of the model before and after correction.

Table 5.2: CM prediction accuracy before and after Γ-dependent correction

Metric CM from Measured data Corrected CM

NMSE (dB) −42.03 −42.06
RMS |b2| (dB) 0.0530 0.0529

Table 5.2 summarises the prediction accuracy of the CM extracted from the mea-

sured and corrected datasets, evaluated using the NMSE and RMS metrics. The

differences between the two cases are minimal, which indicates that after apply-

ing the error model, the accuracy of the CM remains stable. At the same time,

the results also indirectly reflect that some traditional evaluation metrics cannot

fully characterise the impact of systematic uncertainties on model accuracy. This

behaviour is consistent with large-signal behavioural modelling theory, while con-

ventional accuracy metrics such as NMSE may not fully reflect these effects. [10],

[11], [12].

Although the coefficient-domain comparison displays variations in the extracted

CM coefficients, PA design is typically based on predicted performance metrics such
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as output power and efficiency. Therefore, the two extracted models are further

compared using PA-related metrics to evaluate whether the observed coefficient

differences result in meaningful changes in predicted device performance.

Firstly, the difference in the output power is calculated as

∆Pout = P corr−model
out − Pmeas−model

out , (5.14)

where P corr−model
out is calculated using Eq. (5.11) with the b2 wave predicted from the

corrected CM, Pmeas−model
out is obtained from the CM extracted from the measured

b2 wave. Fig. 5.12 shows ∆Pout.
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(a) Output power difference ∆Pout

(b) Power-added efficiency difference ∆PAE

Figure 5.12: Predicted performance difference between the two extracted models

Fig. 5.12 compares the predicted performance difference between the two ex-

tracted models in terms of output power and power-added efficiency (PAE). The

deviation in predicted output power remains small, with a maximum deviation of

about 0.12 dB. The largest differences appear near the edge of the measured Γ

region, while the high-power region remains essentially unchanged. The efficiency

deviation reaches a maximum of approximately 0.91%. However, the overall contour

structure remains similar for both models, and the load condition corresponding to
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peak performance is unchanged. These results indicate that although the extracted

CM coefficients differ after applying the correction, the predicted PA performance

contours change only slightly.

5.4 Calibration and Model Integrity Metrics

In Section 5.3, it was shown that Type B systematic errors may still exist even when

the NMSE remains low, as behavioural models are capable of absorbing systematic

errors without the user being aware that they affect the model outputs. Although

the proposed error model enables the identification of residual systematic errors, it

does not provide a quantitative criterion for evaluating the overall integrity of the

measurement system. Therefore, a statistical metric is required to assess the relia-

bility of the calibration procedure, the measurement system, and the measurement

instruments.

In this section, two complementary approaches are introduced to establish quan-

titative thresholds: one based on residual statistics from the thru measurement

(measurement-domain perspective); the other, based on the stability of the CM

coefficients (model-domain perspective).

Even after calibration, the measurement system exhibits residual imperfections

arising from VNA limitations, coupler imbalance, cable losses, and other related

effects. Therefore, before calculating and defining a threshold for measurement-

domain metrics, it is necessary to assess how much variation exists in the calibrated

measurement system under normal operating conditions so that a proper reference

baseline can be determined. Here, the baseline refers to the magnitude and phase

residual statistics obtained from the calibrated thru measurements, against which

abnormal behaviour can be identified.

Accordingly, the RMS residuals of the magnitude and phase obtained from the

thru dataset (Table 5.1) are taken as the baseline values representing the normal op-

erating condition of the calibrated measurement system, yielding µmag = 0.0109 dB
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and µpha = 0.121◦. These baseline values define the centre of the residual statistics

under normal calibrated conditions. To evaluate the statistical variation of these

metrics, bootstrap resampling of the measured load points is applied [13]. The

resulting standard deviation σ quantifies the expected change of the residual statis-

tics due to finite sampling and numerical conditioning effects. Finally, the control

threshold for each metric is defined as

τ = µ+ 3σ, (5.15)

where τ represents the upper bound of expected behaviour under stable calibrated

conditions.

To evaluate the sensitivity of the proposed integrity metric to systematic mea-

surement deviation, a controlled distortion is added to the measured travelling-wave

data. For the measured b2 wave, the added distortion can be defined as:

∆b2 = α · a1,med · ejϕ0, (5.16)

where α is the scaling factor, a1,med is the median magnitude of the incident wave and

ϕ0 defines a constant bias direction. Thus, the modified measured wave becomes:

bmod
2 = bmeas

2 +∆b2, (5.17)

and the modified travelling wave transmission is calculated as

Hmod =
bmod
2

a1
. (5.18)

The offset ∆b2 is constant for all load points. The normalization by a1,med ensures
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that the modified travelling-wave magnitude is defined relative to the magnitude of

the incident wave.

This test iterates the scaling factor within a selected interval to calculate the

RMS and the 95th percentile for the modified travelling wave and evaluates them

using the integrity index:

Jthru = max

(
RMSmag

τmag
,
P95mag

τmag
,
RMSϕ
τϕ

,
P95ϕ
τϕ

)
(5.19)

where τ is defined in Eq. (5.15). The threshold corresponds to the condition Jthru >

1, which means:

αth = min (α : Jthru(α) ≥ 1) . (5.20)

Figure 5.13 displays the result of the added offset test.

Figure 5.13: Additive offset stress test with 3σ statistical threshold

The x-axis represents the scaling factor α obtained from the variation of Eq.
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(5.16):

|∆b2|= α · a1,med (5.21)

The Figure shows that the integrity metric increases monotonically with the added

distortion. The intersection in this figure indicates that a distortion of around 1–2%

of the incident-wave magnitude is sufficient to exceed the 3σ threshold derived from

the baseline residual statistics. This result demonstrates that the proposed integrity

metric is sensitive to small systematic deviations in the measurement system.

The previous integrity metric evaluates the distortion in the measured travelling-

wave data from a measurement-domain perspective. However, even when the resid-

ual statistics remain within acceptable ranges, systematic distortion can still prop-

agate into the extracted behavioural model coefficients. Therefore, a model-domain

evaluation is required to quantify the stability of the CM coefficients under system-

atic distortion.

Under normal calibration conditions, the extracted CM coefficients of the cor-

rected measured data are denoted as Mref . Using the same distortion modification

method as shown in Eq. (5.16), a new modified CM model is extracted from bmod
2 .

The deviation metric for the CM coefficients is defined as the CDI, calculated as

CDI(α) =

√√√√∑
k

(
Mk(α)−Mk,ref

|Mk,ref|

)2

(5.22)

To prevent large coefficients from dominating the result, the CDI normalises the

coefficients before calculating the Euclidean distance in the coefficient space. It

quantifies the relative deviation of the extracted coefficient vector from the reference.

The baseline µ and the standard deviation σ are generated using a bootstrap

resampling algorithm at α = 0 from the corrected measured data. This ensures the

3σ threshold reflects the true coefficient deviation rather than the added systematic
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distortion. The thresholds are determined by

αth = min (α : CDI(α) ≥ τ) (5.23)

The test result is shown in Fig. 5.14.

Figure 5.14: CM coefficient drift vs injected error

In this figure, the extracted CM coefficients respond proportionally to systematic

distortions in the travelling-wave data. Additionally, the slight decrease near α = 0

is caused by numerical conditioning effects in the least-squares solution. The dashed

horizontal line represents the 3σ threshold under the same calibrated measurement

conditions, and the intersection point defines the minimum α for which CDI(α) ≥ τ ,

which is around 0.026. This indicates that a distortion of approximately 2.6% of the

magnitude of the normalised incident wave is sufficient to cause coefficient changes

beyond the expected variations under normal calibrated conditions. Compared with

the measurement-domain metric, the CDI directly evaluates the stability of the

extracted behavioural model coefficients. Figure 5.14 shows how the CM coefficients

change when global distortion is applied to the measured travelling-wave dataset.
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The coefficients remain relatively stable at small distortion levels, but noticeable

deviations appear when the distortion exceeds approximately 2–3%.

The above analysis establishes a threshold for behavioural model coefficient ex-

traction deviation. It quantifies the sensitivity of the extracted coefficients to sys-

tematic distortions.

5.5 Validation Using Designer Metrics

Section 5.4 introduces improved metrics and thresholds for measurement system

integrity assessment. To evaluate the practical significance of the integrity threshold,

controlled systematic distortions were added to the travelling-wave dataset. The

resulting changes in output power were analysed. This allows the thresholds to

be interpreted in terms of their practical impact on real PA designs. A similar

analysis was also conducted for efficiency-related metrics, which displayed negligible

variation (approximately 0.0008%) under the applied distortion levels. Therefore,

only the output power contours are presented here for clarity. In addition, this

section discusses how the proposed integrity metric may be applied in a practical

measurement workflow for assessing abnormal system behaviour.

5.5.1 Global Distortion

First, a global offset distortion was added to the output travelling wave according to

Eq. (5.16). Two distortion magnitudes were simulated: a level below the threshold

(0.5αth) and a level above the threshold (2αth).
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(a) α = 0.5αth

(b) α = 2αth

Figure 5.15: ∆Pout (dB) over the Γ plane for global distortion

Fig. 5.15a shows the output power difference for the 0.5 αth distortion level. The

added distortion results in a nearly uniform shift and keeps the contour structure

unchanged. The deviation ranges from approximately −0.03 to 0.01 dB. Fig. 5.15b

shows the output power difference with a distortion level equal to twice the threshold.

The deviations remain relatively uniform, but they increase to approximately 0.1

dB for 95% of the data points. The global offset mainly shifts the overall power

level, and only limited spatial distortion is observed.

These results give a direct explanation of the derived integrity threshold. When
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the distortion level remains below the threshold, the change in output power is small

and slightly affects the contour structure or the optimal load region. In contrast,

when the distortion exceeds the threshold, the deviation becomes clearly observable,

with increased variation in output power that may begin to influence the accuracy

of design decisions. This shows that the threshold is not only a statistical value. It

also indicates that the output power contours start to change in a way that may

affect practical design.

5.5.2 Behaviour Under Large Systematic Distortion

Section 5.5.1 investigated distortion levels close to the derived integrity threshold.

Although distortions at 0.5αth and 2αth affect the predicted power distribution

slightly, it is useful to test the behaviour of the measurement system under larger

systematic distortion. Therefore, an additional test was performed by applying a

global distortion with magnitude α = 8αth. Although such a distortion level may

not represent normal calibrated measurement conditions, it serves as a stress test to

illustrate how larger systematic errors propagate through the travelling-wave dataset

and affect the final load-pull contours.
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(a) Output power deviation under global distortion with
magnitude α = 8αth

(b) Comparison of output power contours between the
measured dataset and the dataset distorted by α = 8αth.
Solid contours correspond to the measured results, while

dashed contours represent the distorted dataset. The markers
indicate the centres of the highest closed contour regions,

illustrating the shift of the optimal load region.

Figure 5.16: Output power deviation and contour shift under global distortion
with magnitude α = 8αth

The power deviation across the Γ plane is shown in Fig. 5.16a. Compared with

the distortion levels tested in Section 5.5.1, larger deviations are observed across the

measured impedance region, with the maximum power difference exceeding 0.5 dB.

The deviation is not uniformly distributed and becomes more obvious near the

edge of the load-pull region. This behaviour reflects the increased sensitivity of the
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predicted output power to systematic distortion when the load impedance reaches

the boundary of the measured impedance region.

The corresponding output power contour comparison between measured data and

distorted data is presented in Fig. 5.16b. Although the overall contour structure

remains similar, an obvious shift of the maximum power region can be observed

when the distortion is applied. The centres of the maximum power contours show a

slight shift, indicating that systematic distortion may change the predicted optimal

load impedance. This behaviour is particularly important for PA design, where the

optimal impedance location is directly used for matching network design.

These observations indicate that sufficiently large systematic distortions can

change both the power distribution and the optimal load region obtained from load-

pull measurements, leading to incorrect estimation of the optimal load impedance.

Although such large distortion levels are unlikely to appear under normal calibrated

conditions, this stress-test scenario demonstrates the impact of severe systematic

errors. In practice, the proposed integrity metric enables early detection of system-

atic deviations at much lower distortion levels, before visible contour shifts occur.

Consequently, the metric provides a practical diagnostic tool for identifying poten-

tial calibration issues that may affect measurement system reliability and design

decisions.

5.5.3 Validation at an Additional Input Power Level

To verify that the proposed measurement-domain threshold is not restricted to a spe-

cific operating condition, the same analysis is repeated using an additional dataset

measured at a different source power level. Since the operating conditions are dif-

ferent, this comparison is used to demonstrate that the proposed integrity metric

remains applicable under different excitation levels, rather than evaluating calibra-

tion drift.
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(a) Comparison of measured and corrected output power
contours. Solid contours represent the measured dataset,
while dashed contours correspond to the corrected results.

The inset shows a magnified view of the contour centre region,
highlighting a shift of ∆Γ = 0.0012 in the optimal load

location.

(b) Difference in output power between corrected and
measured data for the dataset measured at a different power

level

Figure 5.17: Comparison of measured and corrected output power for the dataset
measured at a different source power level

Fig. 5.17 displays the difference in output power between the measured data and
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the corrected data for the validation measurement dataset. The inset highlights the

region around the contour centre, where the small shift between the measured and

corrected optimal load points becomes visible. The difference between the corrected

and measured output power remains small across the same impedance region shown

in Section 5.3.2, generally below approximately 0.1 dB. A small shift of the maxi-

mum power region is observed in Fig. 5.17a, showing a similar pattern at different

power levels. Based on this comparison, Fig. 5.20 displays the measurement-domain

threshold validation for this measurement condition.
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(a) α = 0.5αth

(b) α = 2αth

Figure 5.18: ∆Pout (dB) over the Γ plane for global distortion at another input
power level

In Fig. 5.18a, the distortion is scaled to 0.5 times the derived threshold for this

operating condition. The output power deviation remains small across the load-pull

region, and the overall contour distribution keeps a structure similar to that of the

corrected dataset. This indicates that distortions below the derived threshold prop-

agate only minor modifications to the travelling-wave data and do not significantly

affect the power distribution behaviour. Compared with the previous case, larger

deviations in output power are observed across the impedance region when the dis-
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tortion is increased to twice the threshold. The noticeable changes in Fig. 5.18b,

reaching approximately ±0.15 dB, are about three times larger than those in the

previous case and begin to significantly influence the measured travelling-wave data.

Distortions below the derived threshold generate only minor differences in the

output power, while distortions exceeding the threshold result in noticeable changes.

This observation supports the validity of the proposed measurement-domain thresh-

old for self-assessing measurement systems.

These results indicate that the proposed threshold shows consistent behaviour

under different input power conditions. However, for practical drift detection, com-

parisons should be performed under the same operating conditions to ensure that

any observed deviation is caused by measurement system changes rather than dif-

ferences in device excitation.

5.5.4 Practical Implementation of the Integrity Metric

The previous sections demonstrated the behaviour of the proposed integrity metrics

under controlled systematic distortions and different operating conditions. To apply

these results to practical measurements, it is necessary to explain how the proposed

method can be applied within a typical load-pull measurement workflow.

In load-pull measurements, the integrity assessment begins with a calibrated

measurement system. As part of calibration verification, a reference dataset can

be obtained by measuring a standard thru. From the thru measurement, baseline

residual statistics are obtained, and the corresponding threshold is calculated using

the proposed 3σ-based metric.

During following measurements, verification can be performed at selected stages

of the measurement process by measuring the selected reference load points again.

Then the measured travelling-wave data are evaluated using the same integrity met-

ric, and the calculated value is compared with the previously established threshold.

If the evaluated metric remains below the threshold, the measurement system is

considered to operate within the expected range of systematic variation. If the

144



threshold is exceeded, this indicates the existence of an abnormal deviation in the

measurement system, and further investigation or recalibration may be required.

The overall workflow is shown in Fig. 5.19.

Figure 5.19: Workflow for practical implementation of the proposed measurement
system integrity assessment method

In real applications, repeating a full load-pull measurement for verification may

consume too much time. Therefore, a reduced set of representative load points can be

selected to perform integrity verifications more efficiently. These points may include

regions near the centre of the Smith chart, regions near the maximum power, and

selected boundary points. This approach allows the system integrity to be assessed

with reduced measurement time while the main characteristics of the Γ-dependent

response can also be captured.

The proposed integrity metric is used as an early detection tool to identify sys-

tematic deviations before they cause visible distortion in power contours or shifts
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in the optimal load region. However, this method assumes that the device under

test remains unchanged during the comparison. Changes in device behaviour may

also affect the measured data, so these effects should be considered separately when

analysing the results.

Based on this workflow, the method can be used to assess measurement system

integrity during load-pull measurements. It provides a practical approach and helps

improve the accuracy of behavioural modelling and power amplifier design.

5.6 Conclusion

This chapter investigated the effects of systematic (Type B) uncertainties in a

calibrated load-pull measurement system. A Γ-dependent error model was ex-

tracted from a calibrated thru standard measurement and represented as an additive

travelling-wave offset. Then this error model was applied to device measurements

to analyse its impact on output power and behavioural model extraction.

The results show that the extracted systematic uncertainties have only a small ef-

fect on output power contours and have negligible impact on conventional statistical

metrics such as NMSE. However, small changes are observed in the travelling-wave

data and the extracted model coefficients, indicating that systematic errors may still

exist even when traditional performance metrics are acceptable.

In order to solve this problem, two integrity assessment methods were proposed.

The first is a measurement-domain metric based on residual statistics from the thru

standard, which is used to define a threshold using 3σ bootstrap resampling. The

second is a model-domain metric, called the CDI, which evaluates how the model

coefficients change under different levels of systematic distortion. These two metrics

connect calibration uncertainty with model stability.

The proposed method provides a practical tool for assessing measurement sys-

tem integrity during load-pull measurements. By defining a threshold for acceptable

systematic distortion, it allows early detection of abnormal deviations before visible

changes appear in power contours or the optimal load region. The workflow shown
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in this chapter demonstrates how the proposed metric can be used in a calibra-

tion and measurement routine to improve behavioural model extraction and reduce

unnecessary re-measurement during power amplifier design.

The validation in this chapter is based on controlled distortion tests rather than

repeated measurements under real operating conditions. The method also assumes

that the device under test remains unchanged during comparison. Further work is

required to validate the method under practical measurement drift conditions and

to extend the analysis to a wider range of devices and operating scenarios.
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Chapter 6

Conclusion and Future Work

This thesis has investigated behavioural modelling of RF power amplifiers from

three aspects: including schematic implementation, runtime efficiency in CAD envi-

ronments, and the propagation of systematic uncertainties into behavioural model

coefficients. Usually, behavioural models are evaluated through statistical assess-

ment metrics such as NMSE and RMS error. This work shows that behavioural

model stability also depends on both implementation efficiency and measurement

system integrity.

The thesis first introduces the implementation of an ANN model in a CAD en-

vironment. The implemented schematic achieves several functions, including the

flexible structure and automatic schematic generation. Then, it simulates the run-

time efficiency of the ANN model and (CM) implementations under fundamental

frequency for a dataset that has a large number of load points. The results show

the influence of schematic structure and model coefficients on computational effi-

ciency. Finally, the research investigates systematic (Type B) uncertainties in cali-

brated load-pull measurement systems and their effect on extracted CM coefficients.

The derived thresholds for both calibration standard measurements and model co-

efficients are developed to detect hidden systematic deviations that remain under

acceptable traditional statistical assessment metrics.

This chapter concludes the main findings and contributions of the thesis and

summarises the directions for future research.

149



6.1 Conclusion

Chapter 3 presented the implementation of an ANN model in the ADS schematic.

By using AEL code, the schematic structure was automatically generated, includ-

ing travelling-waves calculations, parameter importing, normalization, and ANN

calculation equations. The approach bypassed the limitation of ADS in matrix cal-

culations by expanding neural network operations into direct calculation equation

form using for-loop generation.

The implementation procedure provides several contributions. First, it builds a

basic framework script to generate an ANN model schematic. This script enables

flexible modification of hidden layer neuron numbers without manual adjustment.

The comparison between the verification and the simulated device data confirms that

the ANN model achieves acceptable predictive performance (NMSE below −40 dB)

[1], [2], indicating its suitability for non-linear behavioural modelling tasks.

This contribution provides a foundation for comparison between ANN and CM

implementations under controlled CAD conditions.

Chapter 4 investigated the runtime efficiency of ANN and CM implementations

under different sizes of load-pull simulation datasets in ADS. The study showed that

runtime efficiency is influenced not only by model formulation but also by schematic

structure and redundant mathematical calculations.

The original template displayed an extremely long simulation time due to re-

dundant harmonic calculations and unnecessary exponentiation operations under

the fundamental frequency. By removing zero-power terms and simplifying the Am-

atrix calculation, a simplified CM structure was obtained. Under the 72,000-point

fundamental-frequency load-pull condition considered in this work, this reduced the

runtime by approximately 99% relative to the original CM implementation.

The coefficient analysis showed that the ANN runtime is approximately linearly

related to the number of hidden neurons because the changes are uniform and only

appear in tanh() calculations for different hidden neurons. In contrast, CM runtime
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shows stepwise increases related to the higher-order exponentiation of travelling

wave terms. Additionally, power sweep simulations indicated that the coefficient

importing also affects runtime efficiency, especially for ANN implementations.

These results illustrate an important point that an efficient behavioural model re-

quires structural optimisation under different simulation conditions. Removal of re-

dundant operations can provide considerable performance improvement while main-

taining the same model accuracy.

Chapter 5 investigated the impact of systematic uncertainties from a calibrated

load-pull measurement system. By measuring a calibrated thru standard, a discrete

dataset was obtained. Interpolation using inverse distance weighting built a contin-

uous Γ-dependent error model. This error was presented as an additive travelling

wave offset consistent with the Type B uncertainty characteristics. When applied to

GaN HEMT load-pull measurements, the extracted correction affected the measured

b2 waves and resulted in changes in the coefficients, especially in the first coefficient.

However, traditional performance metrics such as NMSE and RMS error showed

minor changes before and after correction. In addition, a practical workflow was

proposed to demonstrate how the metric can be applied during load-pull measure-

ments for system integrity verification.

This observation shows that low prediction error does not always mean the

measurement is reliable. Undetected systematic errors can affect design decisions.

Therefore, traditional accuracy metrics are not enough to assess calibration robust-

ness.

To solve this limitation, a statistical integrity assessment method was developed.

Thresholds for different stages in load-pull measurements were obtained. The first

threshold is derived from calibration standard measurements, based on magnitude

and phase residual statistics evaluated under bootstrap resampling, leading to a 3σ

reference limit. The second threshold relates to the behavioural model domain and

is designed to quantify the deviation between corrected data and travelling waves

under controlled systematic distortions. The results demonstrated that systematic
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distortions of around 1–2% of the travelling wave magnitude were enough to exceed

the 3σ threshold derived from normal calibrated conditions. This confirms that the

integrity metric is sensitive to small systematic distortions that remain undetected by

traditional assessment metrics. This means the metric can detect when systematic

distortions start to affect load-pull results.

The method builds a link between calibration residual statistics and behavioural

model coefficient stability. It enables self-diagnostic assessment of measurement

system robustness and provides thresholds for systematic distortions that may not

be detected by traditional assessment methods.

6.2 Future Work

While this thesis organises a framework for evaluating behavioural model imple-

mentation efficiency and measurement system integrity, several research directions

remain open for further development. In particular, the propagation of systematic

uncertainties into neural network based models and into harmonic domain formula-

tions would be two natural extension areas from the work in this thesis. Repeated

measurements under practical operating conditions are also needed to further eval-

uate how the proposed metric can be used in real load-pull measurement workflows.

The current investigation of systematic uncertainty focused mainly on the CM,

where coefficients are extracted directly from measured travelling waves. In contrast,

ANNs rely on parameter optimisation. Their response to systematic measurement

errors will be different.

Future work can investigate how Γ-dependent systematic offsets propagate into

ANN weight and bias parameters during the training process. By adding controlled

measurement distortions into the training dataset, the variation of hidden layer

weights, output layer weights, and overall prediction stability can be assessed. A

parameter deviation index for ANN models can be defined to evaluate their sensi-

tivity to systematic uncertainties. This can help to compare the robustness of ANN

and CM under the same distorted measurement conditions.
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In addition, it is necessary to study how systematic errors affect the convergence

behaviour in ANN training. Since ANN parameters are updated through gradient

descent, measurement bias may change the optimisation path. Analysing training

stability under biased data can provide a deeper understanding of uncertainty effects

in neural network based behavioural modelling.

Another possible direction can focus on uncertainty related ANN training. For

example, uncertainty information can be injected into the loss function, or mea-

surement distortions can be added during training to improve model robustness.

This may help build ANN models that are less sensitive to systematic measurement

errors.

The analysis in this thesis focused on the fundamental frequency. However,

practical large-signal modelling often includes harmonic components. Therefore,

the impact of systematic uncertainty on harmonic CM coefficients should be further

studied.

Since harmonic CM contains higher-order exponentiation terms of travelling

waves, small systematic offsets may become larger than those from the fundamental

data. Future work can analyse how systematic uncertainty propagates into second

and third harmonic related coefficients. The variation of higher-order harmonic co-

efficients with respect to measurement errors can be calculated and compared with

the fundamental case.

It is also useful to investigate whether systematic errors at the fundamental

frequency affect harmonic responses differently. A harmonic domain measurement

system integrity metric can be developed to evaluate robustness across multiple

frequency components. This can provide a more complete evaluation of behavioural

model stability in real load-pull measurement systems.

Overall, this thesis has established a framework for behavioural model implemen-

tation, efficiency evaluation, and measurement system integrity assessment in load-

pull based power amplifier characterisation. Further work is still needed to extend

the method to other modelling approaches and practical measurements. However,
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the results of this thesis provide a useful basis for improving the reliability of future

measurement-driven power amplifier design.
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Appendix A

AEL Implementation Details for
the ANN Model in ADS

This appendix provides supplementary AEL implementation details for the ANN
model developed in ADS. The figures present the schematic blocks used for
travelling-wave calculation, parameter import, normalisation, and ANN model
calculation, which support the implementation procedure described in Chapter 3.

Figure A.1: Travelling-wave calculation and normalisation
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Figure A.2: Hidden-layer parameters for data import

Figure A.3: Output-layer parameters for data import
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Figure A.4: Weight and bias normalisation and re-normalisation
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Figure A.5: ANN model calculation block
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