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RESUME

Le systeme de communication sans fil actuel et futur se compose de composants passifs tels qu'un
filtre, un filtre accordable, un diviseur, un coupleur directionnel, etc. en tant que blocs de
construction fondamentaux. Ces composants passifs ont été pj@selpour de nombreuses
applications en ondes millimétriques (mmW) et térahertz (THz) afin de répondre aux exigences
des technologies en constante évolution. De telles applications haute fréquence rendent ces circuits
passifs ultresensibles aux parametrgg@ométriques. Les équations de conception empiriques
existantes fournissent un point de référence pour la conception du circuit en fonction des
performances souhaitées. Cependant, des simulations électromagnétiques (EM) pleine onde sont
nécessaires poua vérification de la conception du circuit. Le plus souvent, nous devons mettre en
°XYUH GHVY PpWKRGHY G RSWLPLVDWLRQ DILQ GH WURXYHU O
processus de vat-vient intimidant de la procédure de modélisation et didpation EM est une

pratique courante de nos jours.

En conséquence, il est grand temps de développer des modéles et des techniques numériques
avances pour réduire le temps de développement et les dépenses de calcul des modeles EM réussis,
qui font I'objet de nombreuses recherches ces derniéres annéesedie dé neurones artificiels

(ANN) est largement utilisé dans la littérature pour minimiser le temps de conception global du
circuit en remplacant le modéle EM. De plus, différents types de modeles d'optimisation sont
utilisés pour optimiser le modele ENbke. De plus, la technique de cartographie spatiale utilise le
modéle de circuit équivalent comme modele grossier pour optimiser efficacement le modéle EM.
Motivés par tous ces travaux, nous avons proposé et développé la cartographie entre le modéle de
circuit équivalent et le modele de champ physique en introduisant le modéle ANN. Une technique
d'optimisation hybride est utilisée pour les optimisations nécessaires. L'objectif de cette recherche
est de développer un modéle de circuit équivalent du modéatbaimp d'une structure cible et de

créer une technique de cartographie précise entre ces deux.

Une architecture neuronale basée sur une équation d'impédance de ligne de transmission
IRQGDPHQWDOH HVW GpYHORSSpH SRXU XQH PHLOOHXUH PL\
problemes spécifiques a lingénierie des mimndes. Le réseau d'alimentatiatirecte et

I'algorithme de rétropropagation sont dérivés et expliqués mathématiquement. Le modele ANN

proposé est validé par la conception d'un coupleur cruciforme en bande D. En outre, une technique
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de développement de modele ANN est décrite pour trouver les paramétres de circuit équivalents
appropriés par rapport aux performances de coupleur souhaitées. Toutes ces contributions sont

discutées dans le chapitre 3.

Une technique d'optimisation hybride a été introduite pour la génération de données du modele
ANN de filtres accordables. Les modéles basés sur les métaheuristiques et les modéles basés sur
les mathématiques sont hybrides pour le probleme d'optimisatiopliqoé tel que les filtres
DFFRUGDEOHV 'H SOXV XQH PpWKRGH GH PLVH HQ °XYUH C
conception de filtres accordables. Aux fins de validation, un filtre accordable bimode et un filtre
accordable a bande passante absolue aestsont caractérisés. Ces contributions sont bien
articulées au chapitre 4.

Dans le chapitre 5, une méthode est développée pour la cartographie basée sur le modele ANN
entre le modele de circuit équivalent et le modéle de champ physique. Encore une fois, le filtre
passebande accordable est considéré comme un exemple de concpgptiordémontrer la
méthodologie initiale vers le mappage réussi entre ces deux modeéles. Un exemple pratique de filtre

a cavité circulaire accordable en fréquence est présenté ici comme preuve de concept.

Une technique d'étalonnage numérique est présentée au chapitre 6, appetgeestio (SOT),

qui surmonte les lacunes de la technique de sipattloadthru (SOL) récemment publiée. En

outre, une technique de développement de modele de circuit @quipetcis est expliquée étape

par étape pour les discontinuités de la ligne de transmission. Trois discontinuités élémentaires telles
gue la discontinuité de I'espacement de la ligne microruban (MSL), la discontinuité de |'étape MSL
et la discontinuité dtrou d'interconnexion dans un substrat & deux couches sont illustrées. Un filtre
tripolaire couplé aux extrémités est démontré comme validation expérimentale. Le chapitre 6

détaille toutes ces contributions.

Le chapitre 7 présente la méthode de développement d'un modele de circuit équivalent complet a
partir d'un modéle de champ cible d'une structure prenant en compte des couplages mutuels d'ordre
différent. Le chapitre 8 décrit une méthodologie de développediemodele ANN pour trouver

le mappage approprié entre les paramétres de circuit équivalents et les paramétres géométriques du
modele EM correspondant. Enfin, I'algorithme d'optimisation est appliqué sur un modéle de circuit
équivalent et les paramétrggomeétriques du modele EM généré par le modele ANN sont

déterminés. Un filtre & ouverture résonnante (RA) a double bande et un filtrdpadsede guide
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d'ondes diélectrigue non radiatif (NRD) sont présentés a titre d'exemples illustratifs. Enfin, le
chapitre 9 est consacré aux discussions générales et le chapitre 10 propose des travaux futurs et des

recommandations.
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ABSTRACT

Current and future wireless systeoonsist ohumerougpassive components such as filter, tunable
filter, divider, directional coupler etc. as fundamental building blocks. These passive components
have been developed foranymillimeter-wave (mmW) and terahertz (THz) applications to meet
the requirements of continudysevolving technologies. Such higtequency applications make
these passive circuits ultsensitive totheir geometricand materialparameters. The existing
empirical design equations proe a reference point for the circuit design according to the desired
performance. However, fulkave electromagnetic (EM) simulations gemerallyrequired for the
verification ofsuch acircuit design. More often, we need to implement optimization methods to
find the optimum EM model of the target structure. The intimidating back and forth process of EM

modeling and optimization procedure is a matter of common practice these days.

As a result, it is a high time to develop advanced numerical models and techniques to reduce the
developingtime and computational expensésuccessful EM modsg| which are being widely

studiedin the recent years. Artificial neural network (ANN) is widely used in the literature to
minimize the overall circuit design time by replacing the EM model. In addition, different types of
optimization models are used to optimize the target EM modehdtanbre, the spaaaapping

technique utilizesan equivalent aicuit model asa coarse model to optize the EM model

efficiently. Motivated by all these works, we have proposed and devetbpeatapping between
equivalent circuit model and physical field model by introducing an ANN model. A hybrid
optimization technique is used for required optimizatiorfse objective of this research is to
GHYHORS DQ HTXLYDOHQW FLUFXLW PRGHO RI D WDUJHW VW

mapping technique betwedmese two models.

A fundamental transmission line impedance equétased neural architectuiedeveloped for a
better implementation of ANN models in the case of specific microwave engineering problems.
The feedforward network and back propagation algorithms are mathematically derived and
explained. The proposed ANN model is validated by desgyai Dband cruciform coupler. In
addition, an ANN model development technique is outlined for finding appropriate equivalent
circuit parameters against desired coupler performaiitehesecontributions are discussed in
Chapter 3.



IX
Further, a hybrid optimization technique has been introduced for the ANN model data generation
of tunable filters. Metaheuristisased models and mathemati@sed models are hybridized for
complex optimization problems such as tunable filters. MoreoweiNIN model implementation
method is explained for the design of tunable filters. For validation purpose,-mddaltunable

filter and a constant absolute bandwidth tunable filter are characterirede contributions are

well articulated in Chapter 4.

In Chapter 5, a method is developed for the ANN mbdsked mapping between equivalent circuit
model and physical field model. Again, tunable bandpass filter is considered as a design example
for demonstrating the initial methodology towards a succességpmg between those two
models. A practical example éequency tunable circular cavity filté&s demonstrated here as a

proof of concept.

A numerical calibratiortechnique is introduced in Chapter 6 named as sipmtthru (SOT)
calibration that overcomes the shortcomings of recently published-gbartoad (SOL) de
embedding technique. Furthermore, an accurate equivalent circuit model development technique
is explained stegby-step for transmission line discontinuities. Three elementary discontinuities
such as microstrip line (MSL) gap discontinuity, MSL step discontinuity, anehal@a
discontinuity in twelayered substrate are exampled and characterized. dhoceipled three pole

filter is demonstrated as an experimental validation. Chapter 6 discusses all these contributions in

details.

Chapter 7 presents a method for developing a complete equivalent circuit model from a target field
model of a structure considering mutual couplings of different order. Chapter 8 outlines a
methodology of developing the ANN model to find an appropriatepmgbetween the equivalent
FLUFXLW SDUDPHWHUY DQG FRUUHVSRQGLQJ (0 PRGHOTYTV JHR
algorithm is applied to equivalent circuit model aradculate the optimized geometric parameters

from the proposed mapping techrégd duatband resonant aperture (RA) filter and a nonradiative
dielectric (NRD) waveguide bandpass filter are demonstrated as illustrative examples. Finally,
Chapter 9 is dedicated to general discussions and Chapter 10 comes up with future works and

recomnendation.
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CHAPTER 1 INTRODUCTION

1.1 Motivation and objectives

The constant growth of wireless technologies has resulted in the criticality of electromagnetic (EM)
optimization as a necessary design phase for the development of passive circuits. In recent years,
the continuous expansion of wireless communication amgisg technologies has led to the
development of increasingly complex passive circuits. The design of these circuits requires a
thorough understanding of EM optimization principles to ensure optimal performance in terms of
signal quality, power efficiengyand noise reduction among many other aspects. The importance

of EM optimization in passive circuit design cannot be overstated, as it plays a critical role in
achieving the desired performance metrics or design specifications. During the past few, decades
the field of EM optimization for passive circuits has been centered on the advancement of
optimization techniques aimed at enhancing the design process and attaining superior performance

metrics.

During the initial stages of microwave design, direct optimization techniques were initially
employed on the distributed and lumped element circuit models. This involved the adoption of
gradientbased optimization algorithms, such as ¢iNmsivton[1]. Subsequently, for the first time,
during the design of a bandpass microstrip filter structure, EM simulations were directly integrated
into a gradienbased optimize[2]. A variety of direct optimizers have been employed for the
optimal solution of EM based optimization problems. However, implementing optimization
algorithms directly on EM simulations is an intimidating task due to its massive computational

expense and prdbitive simulation time

Artificial neural networks (ANNs) have been used extensively in the literature to replace the
computationally expensive EM simulations. A wide range of ANN modeling strategies are
developed to solve different types of structures under the EM simul§Bjofd], [5]. These ANN
modeling strategies are focused on different challenges of model development protesated
model generation techniques have alserbexplored in the literatufé]. To better learn the
problem related to microwave applicatiptiee ANN model should bgeneralized in terms of well

established microwave theory.



2

Prior knowledge from physical model has also been detailed iexieeng ANN model studies.
Such knowledge is often based on existing empirical formotmrse modelor physical
relationshipsbetween model inputs and outpytd, [8]. In order to integrate the physical
interpretationof a target EM model structure into the ANN model, it is absolutely necessary to

develop an accurate equivalent circuit model from the targetigifel structurdirst.

Equivalent circuit parameter extraction from numerically calibrated scattering parameters of
transmission line discontinuities gell studied in the literatur§d]. Such studies are mainly

focused on the characteristics of the elementary discontinuities over a narrow band of frequency.

,Q RUGHU WR JHQHUDOL]H WKH HTXLYDOHQW FimpdetxnittdV RI D S|
introduce an equivalent circuit model development technighere the extracted circuit

parameters remain stable over a broad frequency range.

, I WKH HTXLYDOHQW FLUFXLW PRGHO LV VXFFHVVIXOO\ GHYH
ANN model can be trained for the mapping between equivalent circuit model parameters and EM
model geometric parameters. A suitable optimization algorithm than be applied on the
equivalent circuit model to get the optimized parameters according to the desueit
performanceFinally, the ANN model maps the optimized equivalent circuit parameters to the
geometric parameters of the target EM model atrecThe main contribution of this thesis can be

summarized as:

(&) ANN model development.Transmission line impedanaguationbasedANN model is
developed for thepecificmicrowave engineering design problems.

(b) Hybrid optimization model development. Metaheuristic andmathematicdased
optimizers are hybridized to solve complicated microwstracturebasedoptimization
problems.

(c) Equivalent circuit model development.Equivalent circuit model development strategy is
outlined from the target EM model structure.

(d) Field-Circuit Model Mapping. ANN modeling technique for thdield-circuit model
mapping
1.2 Outline and contributions of this thesis

This thesis is organized in the artidb@ased format, containingx original journal paperand a

conference paper



Chapter 1: Introduction

This chapter presents a brief introduction and motivatioAMil modeling and optimization of
EM-based structure3he development AANN-basedield-circuit model mapping is the primary
goal of this Ph.D. thesis.

Chapter 2: Article 1: A Review on Eectromagnetic8ased Microwave Circuit Design
Optimization

This article revisits optimization techniques for microwave circuit design based emafg|
electromagnetic (EM) field models. Generally, EM optimization is computationally expensive and
time-consuming. Over the past few decades, a variety of optimzateulels and techniques have
been developed and implemented for fast and accurate EM field model development of
active/passive circuits. In this review, disseminated works related to microwave circuit design are
categorized into three major optimizatiomgps. First, different direct optimization techniques are
discussed, including fundamental concepts, formulations, and applications. Second, as a subset of
surrogate model optimization methods, ANN modeling and space mapping techniques are
described, inclding different types, modeling methodologies, and implementations. A detailed
comparison is presented, highlighting recent trends and challenges-bag8d optimization of
microwave and extremely higlrequency structures, such as sithz and THz circuitsThird, the
emerging and existing applications of HMsed optimization through these techniques are
identified, including the optimization of transmission lines with discontinuities, microwave filters,
tunable filters, couplers, and antennas. Theseitataomponents are widely manufactured in a
variety of realizations such as microstrip line, substrate integrated waveguide (SIW), and

conventional waveguide

Chapter 3: Article 2: Homotopy Optimization and ANN Modeling dflillimeter-Wave SIW

Cruciform Coupler

The development of millimetevave and terahertz (THz) passive components such as couplers
and filters is an intimidating task because of underlying-skrasitivity of electrical performances

to geometric dimensions and processing tolerances. It is angonpractice for us to use an
integrated optimizer of commercial electromagnetic (EM) software packages for the design and
optimization of such geometric parameters. However, those optimizers may fail to achieve a

desired performance if initial variableseanot in a range close enough to the optimal solution. In
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this paper, we introduce an homotopy approach to optimizing the geometric parameters of a D
band cruciform coupler based on substrate integrated waveguide (SIW) technique in conjunction
with an artificial neural network (ANN) model. Starting from a senitfal variables, a homotopy
optimization is set to search for an optimum solution. The ANN technique is adopted as the
surrogate in place of a usual tirnensuming electromagnetic model to accelerate the homotopy
optimization process of the cruciform qier. We propose a feddrward computational
formulation inspired by the fundamental transmission line impedance equation. Such a
transmission line knowledgeased feedforward network results in a faster convergence with better
accuracy than its convential counterpart. To demonstrate the homotopy optimization method
based on the ANN model, an example of mpéirameterized cruciform coupler design is detailed.
This cruciform coupler with optimized geometric dimensions is simulated, fabricated, and
measued. Measured and simulated results validate the combined ANN model and homotopy
method. An equivalent lumpeslement circuit model of the cruciform coupler is also proposed in
this work. An ANN model development technique is described how to extractuivaleqt circuit
parameters for given coupler specifications. Extracted circuit parameters in connection with the
desired coupler performance are then compared with published results which verify the ANN

model development algorithm

Chapter 4: Article 3: Swarm IntelligenceHomotopy HybridOptimizationBased ANN Modefor

Tunable Bandpass Filter

High-performance tunable RF/microwave and millimetewe filter design is a challenging task

due to the lack of a basic theory. The filtering characteristics are highly sensitive to the variation
of tuning elements which are commonly modeled and achibéyedptimization algorithms.
However, those optimizations only provide satisfactory results with a good set of initial parameters.
Such rangdimited optimization algorithms generally have issues of falling into local optima, slow
convergence, and cumberserimplementation. To mitigate this problem, for the first time, a
topology-based local optimizer is integrated with metaheuristic global optimization algorithms in
this work. We have hybridized the homotopy method with an improved whale optimization
algorithm (WOA) and a grey wolf optimization (GWO) algorithm. In this work, an artificial neural
network (ANN) is formulated and studied, which has-felol applications. First, ANN is used as

a surrogate model to represent the ttoasuming electromagnetic (Evhodel in expediting the
hybrid optimization process of tunable filters. Second, an ANN model is developed on data
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generated by the proposed optimization algorithm for predicting tunable circuit parameters at
different tuning stages. The proposed ANN medakeded algorithm is then applied to a fiifder
lumpedelement tunable circuit and two fowtinder fullwave EM simulation models of two
tunable bandpass filters (tBPFs). The calculated results out of the ANN model demonstrate a good

agreement with simulation and measurement counterparts

Chapter 5: Article 4: ANN-enabled Mapping Between Equivalent Circuit Model &ysical

Field Model for Tunable Bandpass Filter

In this paper, an ANN model development approach is outlined and studied for the development
of tunable bandpass filter (tBPF). Circuit models are fast and efficient for design and optimization
while physical models based on electromagnetievialve fielcs are accurate but computationally
expensive and slow. In this work, an equivalent circuit model is developed frormaaiidItBPF
structure. Then, equivalent circuit parameters are generated and mapped to tunable geometric
parameters of the physical fiemodel of the tBPF. The optimization is thus carried out on the
equivalent circuit model. Finally, the geometric parameters are obtained by the ANN model from
the optimized equivalent circuit parameters. A practical example of tBPF is used to demonstrate

the proof of concept

Chapter 6: Article 5: A Generalized Circuit Model Development Approach with Short Open Thru

(SOT)De-Embeddindglechniqueand its Applications

A shortopenthru (SOT) numerical dembedding technigue is proposed and studied in this work.

In particular, a generalized methodology for circuit model development is derived for the extraction
of accurate circuit parameters over a wide range of frequéihe entire deembedding process is
described, and the circuit model development strategy is explainethysst@p. A variety of
electrically small planar circuit elements, such as microstrip line (MSL) gap discontinuities, step
discontinuities, and viaoles in twelayered substrate discontinuities, are numerically de
embedded and extracted conventional circuit model parameters are compared with results
generated by a recently published stopénrload (SOL) technique. In addition, the circuit
parametes extracted by the proposed generalized decomposition technique are comparatively
studied through both SOT and SOL methods. The outcomes confirm that the circuit parameters
extracted by the proposed circuit model has better model behavior over a widefraiagaency

as opposed to those coming out of its conventional counterpart. Furthermore, the SOT technique
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based circuit parametrization provides better stability as compared to the SOL scheme. Numerical
convergence over a wide range of frequency is demonstrated for each example. Finally, a third
order Chebyshev entbupled filter is designed by the proposechtgque. Its equivalent circuit
model, fullwave electromagnetic-garameters simulation, and measured results have validated

the approach

Chapter 7: Article 6: High-OrderEquivalent Circuit Model DevelopmeAtcounting for Mutual

Couplng Effects

Mutuakcoupling effects are of utmost importance in Riggquency circuits and systems as they

may significantly impact the overall performances. However, it is a common practice that
unintentionally overlooks or deliberately ignores these couplings when developing equivalent
circuit models. Neglecting these couplings may lead to inaccurate circuit lanoae
characteristics. Therefore, it becomes imperative to account for mutual couplings in the
development of accurate equivalent circuit models. By incorporating these models into the circuit
analysis, we can effectively capture the intricate intercdaiorecand behaviors among different
components and elements, leading to a more precise representation of a complete circuit. This work
presents a systematic process for synthesizing the equivalent circuit model of a target field model
structure that incogrates mutual and cross couplings of varying orders. The proposedrbegh
framework begins by developing the equivalent circuit models for each individual transmission
line discontinuity within the target circuit. Subsequently, the mutual coupling$ferfetit orders

are meticulously modeled in a stbp-step manner when a series of mutualypled blocks are
considered from lowo-high orders. Throughout this process, ‘wlive electromagnetic (EM)
simulations are deployed, along with a circuit par@mextraction method that utilizes -de
embedded circuit responses. By combining these techniques, a comprehensive and accurate
equivalent circuit model is generated, enabling a detailed analysis of the target field model
structure, and facilitating a deependerstanding of its electrical behavior and performance. This
paper utilizes two microstrip filter examples for theoretical and experimental demonstration of the

proposed technique

Chapter 8: Article 7. ANN Model-Based Electromagnetic Optimization &field-Circuit Model
Mapping
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In this paper, an ANN model development technique is described for efficient and fast high
frequency structure design and optimization. Unlike the-detumented space mapping and
aggressive space mapping technology, we map equivalent circuit model {gasaiméeld model
geometric parameters through a neural modeling. First, a complete EM structure is segmented into
a series of different discontinuities. Then, the equivalent circuit model corresponding to each
discontinuity is derived from a set of daiated circuit parameters. Next, couplings of different
orders between the discontinuities are represented as a part of equivalent circuits. Finally, the
complete equivalent circuit model of a fwlave EM structure is developed. All the circuit
parametersire extracted against different combinations of critical geometric parameters of the
target EM structure. This dataset is used to develop the ANN model for mapping the equivalent
circuit model parameters to EM model geometric parameters. At this stagérctiit model can

be used for optimization purposes. The optimized circuit parameters are then mapped back to the
geometric parameters in connection with thegesignated performance. In this work, a elghd
resonarfaperture (RA) rectangular waveda filter and a third order nonradiative dielectric
(NRD) waveguide filter are exampled to demonstrate the proposed methodology. Both the

examples show a good agreement between simulation and measurement results

Chapter 9: General Discussion

This chapter will provide a general discussion of the proposed research outcomes in this thesis

work.

Chapter 10: Conclusion and recommendations

This chapter summarizes the entire thesis research and highlights key research contributions in a
compact manner. Additionally, some potential future extensions of this research work are described

as part of this research endeavour.



CHAPTER 2 ARTICLE 1: A REVIEW ON ELECTROMAGNETIC -
BASED MICROWAVE CIRCUIT DESIGN OPTIMIZATION

Chandan Roy and Ke Wu
Submitted to théEEE MicrowaveMagazineon 27 June 2023

This article revisits optimization techniques for microwave circuit design based emafgl
electromagnetic (EM) field models. Generally, EM optimization is computationally expensive and
time-consuming. Over the past few decades, a variety of optimmzatezlels and techniques have
been developed and implemented for fast and accurate EM field model development of
active/passive circuits. In this review, disseminated works related to microwave circuit design are
categorized into three major optimizatiomgps. First, different direct optimization techniques are
discussed, including fundamental concepts, formulations, and applications. Second, as a subset of
surrogate model optimization methods, ANN modeling and space mapping techniques are
described, inclding different types, modeling methodologies, and implementations. A detailed
comparison is presented, highlighting recent trends and challenges-bag8d optimization of
microwave and extremely higlrequency structures, such as sithz and THz circuitsThird, the
emerging and existing applications of HMsed optimization through these techniques are
identified, including the optimization of transmission lines with discontinuities, microwave filters,
tunable filters, couplers, and antennas. Theseitataomponents are widely manufactured in a
variety of realizations such as microstrip line, substrate integrated waveguide (SIW), and

conventional waveguide.
2.1 Introduction

Electromagnetis (EM)-basedasedoptimization techniques have always been a major interest in
the microwave research community due to their vital role in the design and development of
microwave circuits and systems. Achieving desired specifications in termparaeters over
different frequency bands regarding the design of microwave circuits and systems is one of the
critical steps to follow in the design and development prdd€$s[11]. An optimal design can be
accomplished by utilizing an optimization algorithm. Such optimizer is set to iteratively find out
the optimized design with respect to the-gedined specifications starting from an initial design

stage by invoking an electromagit (EM) simulator each time for evaluating design evolution
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and optimization feasibility. This iterative approach takes exceptionally long time as many EM
simulations are generally required for different sets of combinatory geometrical paratudateys
the optimization proced42], [13].

In the early days of microwave design, direct optimization techniques were first implemented on
distributed and lumpeekelement circuit models where the gradibated optimization algorithms
such as quasiewton were adoptefl]. EM simulations, for example, were directly put into a
gradientbased optimizer for the design of a bandpass microstrip filter structure for the first time
[2]. Afterwards, a wide range of direct optimizers have successfully been applied to-thasEt/
optimization for the design of many other microwave circuits. Generally, existing direct optimizers
in the literature can be divided into three groups, namelyegrablased optimizers, metgeuristic

based optimizers, and hybrid optimizers. Gradteaged optimization algorithms are a class of
optimization techniques that use the gradient (or derivative) of an objective function to navigate
the search for an optirhsolution. Examples of some of the recently used gradiaséd optimizers

for the EMbased circuit design are the following, Fletcl&owell (FP) algorithm[14],
simulationinserted optimization (SIO) algorithm using combined Qesivton nethod with
Lagrangian methofl5], Minimax design optimizatiofil6], adjoint network method (ANM)17],

selective broyden updatghg], quasiNewton method19], etc.

Even though the gradiebsed methods were commonly applied to EM based optimizations, they
suffer from the local minima problem. To overcome the problem of gradas#d methods, many
gradientfree optimizers are explored in the literature. Reportedignafree optimizers may
mainly be classified into evolutionary algorithms, math/physics algorithms, and <dvesed
algorithms. Methods based on the evolutionary algorithm (EA) are essentially inspired by the laws
of natural evolution. The search procegssuch algorithms starts with a randomly generated
population that evolves over subsequent generations. In such methods, the best individuals are
combined to form the next generation of individuals. Such strategy of population generation is set
to optimize the population over the course of iterations. Genetic algorithm (GA) is the most used
EA for the EMbased optimizatiof0], [21], [22], [23]. The math or physiebased algorithm, on

the other hand, mimics the physicg mathematicselated rules for the optimization purpose.
Simulated annealing (SA) algorithm is the most popular phymessd algorithni24], [25].
However, mathematiesased optimizers have been applied successfully in the case of varieus EM
based optimization&ome of the exampleseaequal ripple optimizatiof26], rational mode]27],
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Model order reduction (MORR8], linear optimizatior{29], Yield-driven optimization30] and
homotopy optimizatiorf31], [32], [33]. Swarmbased techniques are the third group of nature
inspired methods that follow the social behavior of groups of animals. Particle Swarm Optimization
is the commonly used swafbrased technique whiclwas originally developed ifi34]. PSO is
basically inspired by the social behavior of bird flocking. PSO technique utilizes a number of
particles named candidate solutions which fly around in the search space to find the best solution.
Meanwhile, they all trace the best solution in tipaiths. Particles consider their own best solutions

as well as the best solution the swarm has obtained so far. PSO technique is used in bandpass filter
and antenna structure optimizatidid®], [36], [37], [38], [39], [40]. Hybridization of EA is an
innovative idea to solve complicated EM bésptimization problems. I1], two swarm based
optimizers named whale optimization algorithm (WOA) and grey wolf optimizers (GWO)
hybridized with mathematics based homotopy optimization to solve multidimensional tunable

bandpass filter optimization problem.

Surrogate modeling of EM structures is an effective way prior to the application of any
optimization algorithm. Surrogate models are often constructed by artificial intelligence (Al) or
machine learning (ML) based models to map the EM model design parartwethe target EM
structure responses or features extracted from those responses. These techniques are
computationally much cheaper theonventional EM simulationgl2]. Some of the examples of
surrogate moddbased EM structure optimization are transfer funebased feature surratp

[43], hybrid surrogate modeisssted evolutionary algorithfi@4], surrogate modedssisted global
optimization by evolutionary algorithn{45] and yield optimization methedased surrogate
modetasssted evolutionary algorithrfd6]. Artificial neural networks (ANNs) based surrogate
models are commonly used for fagptimization computation$47]. A wide range of ANN
architectures, data processing techniques, training methodologies and optimization techniques are
well-described in the literatufd 7], [48]. Commonly used ANN model development methods will

be reviewed in the later part of this paper.

J. W. Bandler introduced spacepping (SM) optimization and aggressive space mapping (ASM)
techniguewhich led to a breakthrough in EM based RF and microwave structure dedi@ing

[50], [51], [52]. To avoid applying direct optimization algorithms into computationally expensive
fine models (fulwave EM models), the space mapping technology maps a coarse model
(computationally fast model) into a corresponding fine model. The fundamental idea betnind su
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space mapping optimization is to utilize the coarse model to guide the search for an optimal solution
in the more detailed model. This approach significantly reduces the CPU time in consideration of
accurate EM model. The coarse model in space mappinghgsicsbased quasjlobal model.

Space mapping allows us to run the optimization algorithms on a fast coarse model and map coarse
model parameters into accurate EM model geometric parameters. This scheme minimizes the EM
optimization time significantly @ithe optimizer is operated on a fast coarse model rather than a
computationally expensive and slow futhve EM model of the target structure. Several space
mapping variants with different strategies are also made available in the literature to overcome
different design challengd83], [54], [55]. The space mapping and its variants will be discussed

in detail with different EM model structure applications in this article.

ANNs can be utilized in the space mapping optimization as a surrogate model to represent the
coarse model so that a limited set of data is enough to train the ANNs from the coarse model,
accurately. This trained neural network can then replace the coadss im the space mapping
optimization process. Such a surrogate model handles thnean behavior of the coarse model
efficiently. A large set of data can train the ANN model for more accurate approximations of the
coarse model. Therefore, the uséAdfNs as surrogate models in the space mapping optimization
improves the efficiency and accuracy of an optimization process. Microwave circuit modeling
using ANNs based on the spaoapping (SM) technology is a recent trend in the EM model
optimization. Suh SM-based neuro models minimize the training cost, enhance the generalization
ability, and keep the ANN topology simple as compared to the classical-bENdd circuit
modeling techniqug56]. A novel method is proposed [i#2] for efficient and precise ENMased
statistical analysis and yield prediction by the help of a lhvgaut neuraloutput spacenapped

model. A neural spaemapping (NSM) optimization for electromagnetltased design is
proposed irf57]. This method exploits spateappingbased neuromodeling techniques in order

to approximate the accurate mapping without the requirement of parameter extraction process. A
recent technique is proposed [B8] namely statistical neurspace mapping for largggnal
statistical modeling of nonlinear microwave devices which advances the current linear statistical
mapping technique. Nonlinear mapping is used in this technigue to maximize the accuracy in the

modeling of large statistical variations among different devices.

Different optimizers applied to EMased optimization through direct modeling or surrogate
modeling are picturized briefly in the above discussion. These optimizers are described through a
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classification chart as shown kigure 21. EM-based optimization techniques are primarily
categorized into direct optimization and surrogate model optimization. Direct optimization
techniques are then divided into two major groups: gradiias¢d optimizers and gradidnte
metaheuristicbased opmizations. On the other hand, surrogate mdmdeded optimizations are
mainly grouped into neural network models, spaappingbased models and neu&M-based
models. The major techniques and methodologigseofecently used optimizers are discussed in
this review work. lllustrative examples as the applications of differentnggdtion methods are

overviewed

EM-bascd optimization

Direct optimization Surrogale model-based optimization

Gradient-based optimization Meta-heuristic-based optimization ANN-based model SM-based model Neuro-SM-based model
« Quasi-Newton « Cvolutionary algorithm ® ANN-based homotopy opt. | (e Generalized SM eNeural-SM opt.
o Fletcher-Towell {GA, DE) & ANN-based swarm opt. o Aggressive SM (ASM) & KBNN-based SM
« Minimax * Physics/Math-based algorithm * ANN-based yicld apt. o Trust region ASM e Lincar input ncural output SM
o Simulation-inserted Equal ripple opt. ® KBNN-based opt. e Parallel SM » Statistical neuro-SM technique
« Adjoint network Rational model i » DNN-based opt. s Partial SM o Neuro-TF-based SM
« Selective broyden model order reduction o Linear inverse SM

Linear optimization o Implicit SM

Yield-driven opt. « SM interpolating surrogate

Ilomolopy opt.

= Swarm-based algorithms

Particle swarm opt.(PSQO)

‘Whale optimization algorithm {WQA)

Grey wolf optimizer (GWO)

Figure2.1 Holistic classification of EMbased optimization techniques

This review article is organized as follows. Section Il first presents different grddisatl
optimization algorithms for EMbased design optimizations. Médtauristicbased optimization
algorithms are then discussed in Section Ill. Three major typesnaikheuristicbased
optimization algorithms are described in detail. In section 1V, different ANN model development
techniques are revisited briefly along with data generation techniques and model architectures. A
few recent ANNbased surrogate model apteation techniques are then discussed. Section V is
dedicated to various space mapping techniques that are extensively exploredifasé&iesign
optimizations. Neurgpace mapping techniques from the literature are showcased in section VI,
followed by different EM design structures as illustrative examples for different optimization
techniques in section VIl. Comparisons and future trends from recerbdSbt optimization

works are examined in Section VIII, followed by the conclusion
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2.2 Direct optimization methods

As mentioned in the previous section, direct optimizers applied ofb&3dd optimizations are
mainly categorized into gradient based optimizers and gradient freehmeiaticbased
optimizers. These optimization algorithms are described briefly in tloeving discussion.

2.2.1 Gradient-based optimization methods

The studies from past few decades on the algorithmic and theoretical perspectives of optimization
techniques have demonstrated a significant impact on microwave engineering. Curresft state
the-art methods have notably replaced the-fakhioned trialanderror approaches. Gradient
based optimization techniques are widely used for their efficiency and effectiveness: Gauss
Newton, quasNewton and conjugate gradient are the roots of most of the grdidised methods.
These algorithms start from a givenmpicd and generate a series of poinig.[&he algorithms are
successful if the series of poini]are set to converge to a fixed point, @he algorithms are
usually formulated on the process of obtainirg &#om a. C(a) is denoted as the cost function
and | %mplies the gradient vector of C. Ap function defines C(a) and F denotes individual error

function sets to satisfgoL * :( ;. ({'and J stand for the firstegree derivatives of and Jacobian

matrix, respectively.

2.2.1.1GaussNewton Method

A generalized problem demands for substituting F by a linearized @mnsolve 2: =4 ..
2:=4 ;denotes mathematical programs which can either be a linear or a quadratic function. For a
linear function (, 2:=& ; remains a linear or quadratic function which can be solved by well
known techniques. Necessary linear constraints can be incorporate®:int) ; to become

2:=4 & ;where Q represents a set of linear constraints.
In the case of a Gaudsewton method, at any given poiat, F can be linearized as
DL (:5;E,:=;D 't
,is Jacobian matrix here ar@is treated as appropriate approximation(to
Alternatively, a semilinearization can be applied t&6=; L * :( ;which gives us

98D, L * k&.D;0 td;
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Here, (2.2) is different from a normal linearization a& D, N % =,; E ﬂ'%:p;'?" D which
represents the steepest descent technique. Let us assunik ithgte solution of2: D&P&3 . If

: = E b, ; minimize the cost function, it is considered as the next iteration. Otherwise,L =

where the trust region is large, and it should be reduced. The local bound is adjusted in each
iteration for the betterment of the linearized model. This algorithm description is developed by
Madsen59].

2.2.1.2QuasiNewton Method

QuasiNewtonmethodswereestablished and updated through the works of Broje@n[61] as
well as Fetcher and Powell62]. A quasiNewton step for a differentiable cost function can be

expressed as

DL FOL&2°T %=, 't
Here, &, represents the approximation function to the Hessia®saf; and U, is the step size
controlling parameter which is usually determined by the line search method. In some of the cases
such as minimax case, the gradient may not exist. By using the-Kutker conditions for

nonlinear programming63] to the similar problem, we will be able to deduce a set of optimality

equations.
5= Lr T,

To minimize the C(a), (4) will be solvable as a local optimefisatisfies the equations. A quasi

Newton step for the solution of ndimear equations (4) is formulated as
D LFGZ® 1= 't ay

Here,approximate Jacobian d:=;is ,, For the differentiable cost functio®; =; L 1 %=; L r
and @.5) becomes2.3).

The pgrade of a given approximate Hessians is required for any of the-RQaatin methods,
whether it is as expressed ih3) or 2.5). Lots of formulas are available in the literature. Some of
these wellknown formulas are BroydeRletcherGoldfarbShanno (BFGS)64], [65], [66], [67],
DavidonFletcherPowell (DFP)[68], [62], and the Powell symmetric Broyden (P$B9]. These
formulas and their variations are often compared in terms of their convergence to characteristics

and numerical performance.
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2.2.1.3Hybrid m ethods

The QuasiNewton method entertains a great convergence rate near a solution. However, in
practice, it requires a good starting point for acceptable optimization. Therefore, it is not reliable
once it is fed with a bad starting point of reference. To oveecsuch problem, twstage
algorithms were used often in the literat[if6], [71], [59]. First, A GaussNewton type method is
applied in its first stage to find a global convergence to a nearby solution. In the case of a singular
solution, this method has a slow rate of convergence problem. Then, switch to-Newemsi
method (second stagejuch switching between the two methods may be required till the global
convergence of the combined algorithm is achieved. lllustrative examples of circuit applications
with such a hybrid method demonstrated satisfactory refstis[73]. In addition, the popular
LevenbergMarquardt algorithmwas extended, and a trustgion strategywas developed to
interpolate between a Newton stapd a steepest descent Si@g. A full Newton step provides

fast final convergence when it is close to the solution.

Implementing fulwave EM simulators into any of the optimization loops was unthinkable due to
the massive computational cost for the repetitive calculations in the early history of EM research.
However, due to the highly capable modern computational resodirect optimization processes

are easily applied to the commercial EM simulation software nowadays. Gradsat optimizers

were first implemented on suskenario
2.2.2 Meta-heuristic-based optimization algorithm

Gradientfree optimizers are mostly meteeuristicbased algorithms. Metaeuristic optimization
algorithms are getting more attention from the engineering research community and becoming
more poplar in engineering applicationgr4].. Commonly used variations of these three

optimization methods are described below.
2.2.2.1Geneticalgorithm (GA)

A commonly applied evolutieimspired optimization technique is Genetic Algorithms (GA) that

simulaes the Darwinian evolutiofy5].

,Q WKH ILUVW VWHS RI *$ WKH p;Y PDWUL[ DQG p\Ja¥HFWRU
formulated These linear equations are détH G |UR P 3 R LV V[RED Rahddm popatioR Q

(chromosomes) is then generated that represents the vector solution a. The cost function (fithess)
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is then computed for all the randomly generated chromosomes. Two parents are generated either

by tournament selection or by roulettdaeel methods according to the fitness function. Then,

mutation and crossover are performed on the parents to produckililverc. Replacement is done

as the fitness of children is compared with the parents. After the comparison, the worst two

chromosomes are eliminated from the population. The best fitness is provided by the best

chromosomes. At the end, a check is carrigdagainst a given stopping criteria to stop or continue

a further iteration. The details of implementing the proposed algorithm are as fi#&ws

1)

2)

3)

4)

5)

In the initialization stage, N chromosomes are generated randomly which is known as
the GA population. Genes are contained by each chromosome, which corresponds to
the variables in the vector solution. The randomly generated populations have a range
assocated with the target problem.

In the fitness evaluation stage, each chromosome is calculated based -aetinpck

cost function or objective function which accurately determines how close the randomly
generated solutions are to the optimal solution.

In the regeneration stage, two types of methods are used in order to generate parents.
The first method is known as Rouleif¢heel selection. In this method, parents are
chosen randomly according to the fitness function. This method mimics the roulette
wheel game, where the thrown dice will end being in the slot with the largest area. It
can be concluded that the chromosome that fits better is most likely to be chosen as it
has the largest slot size. The second method is called tournament selection where tw
groups from the population are randomly selected -pmpulations). The better
chromosome from each of the spbpulations should represent a parent.

In the crossover stage, two parents are chosen for their genes to be crossed over and
mutated. Crossover is performed by randomly selecting a crossover point within the
chromosome first. Then two children are conceived by mixing up the parental genes at
the crossover point. Two different parameters such as number of crossover points and
number of genes involved in each crossover point can be analyzed.

In the mutation stage, one or more genes of the generated offspring are randomly
changed. Then, two mutation parameters should be studied. These parameters are the

number of mutated genes (variables) and the value of mutation.
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6) In the replacement stage, the fitness of the parents is compared with their offspring and
the best two chromosomes are added in the population for the next iteration.
7 The stopping criteria of the algorithm is decided by the predefined error value. The

algorithm only stops when this value is satisfied.

Genetic algorithm is used in the optimization of various filters and antennas optimization.
2.2.2.2Differential evolution (DE)

Differential evolution (DE) isone of the major algorithenthat haghe strength of handling
multidimensional optimization problems and are widgdplied as a global optimizgf7]. Similar

to the genetic algorithm, DE consistdifferent steps of initialization, selection, genetic operators,
and termination. Through out these processes, the fitness of individuals in the population is

enhanced and the fittest variables can be obtained.

In the recent research paradigm of microwave design optimization, DE is one of the iiestt eff
evolutionary algorithm§45], [78]. Over the course of iteration, it mutgtapply the crossover for

the generation of new population, and select operators. The mutation operator generates difference
vector(s) from selected individual vectors and adds it/them to other selected individual vectors, so
as to explore the search spaCGrossover is done due to the enhancement of the population
diversity. The survived vector for the next generation is determined by the selection operator based

on a greedy selection criterion
2.2.2.3Homotopy gptimization

Homotopy analysis method (HAM) is a mathemabesed optimization tool which is also known

as the continuation method. The main concept of this method is adopted from differential geometry
and topology that can be deployed in many numerical techniquesvi® differential equations

and nonlinear equations. This method is not dependent of physical parameters. Homotopy variable
can be introduced in the range [0,1] in order to build a zeroth order deformation equation and find
a homotopy series solution. $uan equation is valid for the representation of alim@ar problem

that involves arbitrary umber of physical variabld81]. In this way, a nodinear equation is
converted into an infinite number of linear equations. The homotopy optimization problem is

formulated as follows:

QUAJ L :sFU2:U EU3L; A
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Here, 2:U; is an optimization problem, whose solution is knov@n.U; is the target optimization
problem, and a good set of initial variables is unavailable. Homotopy variable is indicatgéd by

For UL r, QU&; L 2:UandforUL s QUss; L 3:U. Thus, as the value dfchanges from 0

to 1, the function deforms fror2: U;to 3:U,. The homotopy series can be expressed @l O

B O®O0 L& O s Here, the assigned value bincreases linearly from 0 to 1 with N number of
homotopy steps. For instance, in case of five homotopy steps, the homotopy problem is expressed
asrO O3 OUY Oswhere4 L rdw U L raand (, L r& win eachsmall increment inl,

the new problem remairssmilarto its previous stat€Consequentlythe optimized solution dhe

newly introducedproblem should beloseto the previous solutionHow muchintermediate
homotopy steps iequired isusually decidetbased onhe difficulty level of the problem. A highly

nonlinear problem requirenoreintermediate step® find the optimum solutian

Findingan gtimum solution of théargetproblem becomesonvenientf the previous probleny V
solution isusedto find thesolution of the current problem. Fexample if the homotopyariable
has a lineancrenentin the range [0, 1], twprior solutions can be combined linearly asating

point forthe next optimizatiostep
65 L 6] F 635 5%
Here, 6land 6%} < represents the optimized solutions at thand (i1)" homotopy step when the

primary solution is6g 5 for the (i+1)" homotopy optimization.
2.2.2.4Particle swarm gotimization (PSO)

Swarmbasedalgorithms are advantageous over evoluti@ased algorithms as they preserve the
search space information over subsequent iterations while evehag®aud algorithms discard any
information as soon as a new population is formed. Such behavior of $wamnalgorithms
involves fewer parameters that can be implemented easily. The logical behavior of bird flocking,
and fish schooling inspired swarm intelligerizased particle optimization technique was proposed

in order to solveontinuous nonlinear functio84]. The optimization process of PSO involves a
population of n number of particles which is initialized in order to form the population with
randomly generated solutions. These randomly generated populations/swarms are distributed in the
design space. The leeity and the position of the particle are updated over the course of iteration.

These updates are carried out based on following equations:
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8F° L 8FE =>:M°F U E 5> \NfFF ta;
E° L FE8F° 4
wherethe velocity vector and position vector of particlat iterations arerepresented b)B(E)L

82 & 82 Zand LPL AL & 4P 2respectivelyr: andr; are the random variables in the range of

[0 1]. Acceleration coefficients are indicatedaasanda.. The global best position is denoted by
Mand MGHQRWHYV WKH SUHYLRXV E HV W i@Rtioh. \@eRt@e eurselof SDUW

iteration, Mand MPare updated according to exact function evaluations for all the particles. The

PSO terminates the exportation of the global best poski@fter the stopping criteria is met

2.2.2.5Whale optimization algorithm (WOA)

Whale optimization algorithm (WOA) is one of the recent advanced swatelligence based
algorithms[74]. The WOA is inspired by the bubbieet hunting behavior of humpback whales.
Such behavior is executed by following steps: encircle prey, bulgblattack (exploitation phase),

and search for prey (exploration phase). The WOA involves a few operators wdmnche
implemented easily. This technique introduces a stochastic method for population initialization as
it does not have any prior knowledge about the global optimal solution. An uneven distribution of
the population introduces uncertainty to the esttoa of useful information from the solution

space.

In the prey encircling stage of WOA, the whales identify the location of prey and encircle them.
Initially, the current best candidate solution is assigned to the target prey as the optimal solution is
unknown. If a better candidate solution is identifighis search candidate will be updated

accordingly. Such characteristics can be mathematically formulated as
XL #a; &Q F &0+ T
&OE s; L ; &Q F 3% &S

In which the coefficient vectors are denoted BS%and Zachieved best solution of the position
vector (:&is denoted by; & refers to the absolute value sign aédfers to the elemerty-
element multiplication sign. In each iteratigrthe numeric value of ¥get updated for the better

solution. Here,$and 3are formulated in relation with a random vectn the range of [0,1] and
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a linearly reduced vecto®in the range of [2,0] over the course of iterations (in both exploration
and exploitation phasesyarious positions nearby to the best agent can be found with respect to

the current position by tuning the value $nd Bvectors.
B 4t SagF S &t
& tae t&U
ZKHBHHSUHVHQWY WKH GYUS/K\DIDHF B EGOMEKGRDUWKB UDQGRP QX
WKH UDQJ® BPQRBSUHVHQWY WKH ORJMKMMKPHGEG VELUWA TNVHHSD!
XSGDWH, @ WRBUHG H UED/OIDRYF RO WEKHWZHHQ VKULQNLQJ HQFLUF
XSGDWH PHFKDQLVP WKH SUREDELOLW\ RI DSSO\LQJ WKHVH
PDWKHPDWLFDO PRGHO WKH DOJRUNWRPWEKWHROEEHM RI WD QG

VKULQNLQJ HQFLUFOLQJ PHFKDQLVP DQG WKMOWBDQNERD XSGDV
r @y respectively.7KHVH PHFKDQLVPWYWUH H[SUHVVHG

) &V
&L KO HF : &Q4a NRrav

where r is a random number in the range of [0,1].

In the final stage of prey searching, an equivalent strategy is applied based on the varigion of

For the global search step, the rand@walue (P 9 is selected. This can be mathematically
formulated as

L BakoaF & & W
&OE s; L &64xQ F $83% X

where ;&g s denotes a random value that represents a random whale selected based on the current
population.

2.2.2.6Grey wolf optimization (GWO)

*UH\ ZROl RSWLPL]DWLRQ DOJRUILLVWQKHOOLIH\NQ P EWKHG DDDR
DWWHQWLRQ R ILF QI HRHQ WM RD W@FHK B (KXW N RHKQMWKR QW L QJ EH
JUH\ ZROYHV ZKR IROORZ WKH OHDGHUVKLS KLHUDUFK\ 7KH
IRXU W\SHV RI JUH\ ZROYHV QDPHG DOSKD EHWD GHOWD DQ
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E\ WKUHH VWHSV KXQWLQJ SUH\ VHDUFKLQJ SUH\ HQFLUFOL

In the mathematical formulations of GWO, the best three solutions in the search space are
UHSUHVHQWHG E\ DOSKD . EHWD DQG GHOWD / ZROYF
complete optimization process. The rest of the candidates are considéfeRPHJDV & (DFI

candidate solution isonsidered as a vector as shawii2.17)

&L yass aay &Yy,
Here, current position of the wolf is representeditandn is indicated aslimensionof thesearch
space.

The first stepf preyencircling is formulated as
L B, &P F &Q+ &z
&OE s; L ;&Q F g% 5 {;

wherecurrent iteration is denoted Isy coefficient vectors are represented $and Zposition

vector of the prey is indicated by D JUH\ ZROIJV SRVLWLR® ¥HHeWdHFRU LV GH

of absolute value andrepresents elemebly-element multiplication.$and Bare expressed in
terms of two randomly generated vectdfand Ndn the range of [0,1] and a linearly diminishing

vector &in the range of [2,0] over the course of iterations.
Bl t SEaRF X tdr;
AL taR ‘tds;
In the second stegf prey huntingthe grey wolvesdicatethepossibleprey § position for hunting
thatis guided by th@reviousEHVW VROXWLRQV QDPHO\ DOSKD . EHWD

solutions will be updated over tlwurse ofiterationin order WR VXSSRUW RWKHU RPH,

locatingtheir positionsThis hunting strategy iformulatedas
R L B F & ‘tdu;

B L BEEF & tdv;
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where 3%, 3% and Fare the updated distance vectors between the position of omegas and leader
wolves. Coefficient vectorgdare computed from2(21), and omegas position is indicated &
Each ;§provides a possible position from the distance vector between omegas and other leader

wolves of 3%, 3%and 3% respectively. The mathematical formulations are

&L & F $&k3Ro taw,
&L & F $&k3ko tax;
&L & F $8k3Ro tay;

The final updated position vectors are formulatecfasere ;&s the newly updated location from
alpha position;&and the distance vect@%. The coefficient vector$fare computed fron2(20).

&and ;&are calculated similarly ag& The new position vector can be found from algebraic

average as

& OE

S, Lw ‘tdz;

In the final step of attacking prey, t 8 DOXH LV UHGXFHG IURP WR RYHU W
ZKLFK UBIGXMHKH LOW®UYDO RI >

2.2.2.7Hybrid optimization algorithms

So far, we havexaminedsome of the major/commonly used mbturisticbased algorithms for

the EM based design optimizations. Different optimization algorithms are equipped with different
benefits. However, according to the No Free Lunch (NFL) theorem, a single optimizatiotheig
cannot provide the best solution totgfyes of optimization probleni80]. Therefore, optimization
algorithms are carefully selected according to the nature of the target problem. In recent days,
hybridization of mixed types of optimizers are applied in order to get the efficient electromagnetic
optimization for complicated stctures. For example, two swarm based optimization methods
(WOA and GWO) are hybridized with mathematics based hopyooptimization technique in

[41]. Such hybrid optimization technique brings the strength of svased global optimizer and
mathematicsased local optimizer in single point in order to solve fdghensional EM dsign

optimization problem. 1f39], a modified comprehensive learning particle swarm optimization
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(CLPSO) with a more efficient learning strategy is demonstrated on antenna designing problem.
Such method is called the adaptive comprehensive learning particle swarm optimization (A
CLPSO) which solves multimodaproblems more efficiently. In[44], an automated or
unsupervised filter design optimization introduces a new method called hybrid surrogate model
assisted evolutionary algorithm for filter optimization-8MEAFO) which is designed to
automatically obtain a highly optimal filter 3D design.

Theseare only three statef-the-art hybrid optimization model examples from the literature. These
examples suggest that complex and emerging EM design optimization problems often require
characteristics of more than one algorithm to meet the design goassre#bonable computational

resource.
2.3 ANN based surrogate model ptimization

To minimize the computational load, surrogate model optimization is mostly used nowadays for
EM-based optimization problems. Artificial neural networks (ANNSs)waidely used to develop

the surrogate model of a target EM structure. Neural modeling technaégaepopularfor
microwavecomputeraided desigr{CAD) in both forward and inverse design problems. ANN
models can be trained with simulated or measured results out of microwave circuits and learn the
input-output relationships. The trained ANN model can replace a computationally expensive full
wave electrmagnetic model. Such a surrogate model can predict the outputs in terms of given

inputs with circuitlevel fast computational time and EM/physlesel high accuracie$81], [82)].

ANNSs address twonajorchallenges in microwave CAMamelythe computationaxpengin the

case of dorward modelingandtheabsence adinalytical equationfor aninverse desigrA variety

of ANNSs have been reported in the literature to address different challenges in microwave structure
design such as multilayer perceptrons (MLPs)dial basis function (RBF) networkseep neural
networks (DNN), and&nowledgebased neuratetwaks (KBNNs) [83]. In this sectionwe begin

with a brief review of basic ANN types, data management techniques, optimization techniques,
and training/testing criteria. Then, different surrogate ANN models foibEad&d optimization are

discussed from available publications
2.3.1 ANN structure and training strategy

A neural network is made of a group of neurons along with a connecting set of weights between
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the neurons from adjacent layers and biasing value to each individual neuron. Different types of
neurons and/or different ways of connecting different neurons result in ay\afrretural network
structureg81].

2.3.1.1Feedforward neural networks

Feedforwardcheural networks (FFNNs) are a most common type of ANN that consists of several
layers of interconnected neurons. In FFNN, information flows in one direction, from the input layer
through one or more hidden layers, to the output layer. There are no feedbaektions in a
FFENN, meaning that the output of one neuron in a layer does not affect the input of any other
neuron in the same layer. In other words, connections between the neurons do not form a cycle.
The input layer of a FFNN accepts the input datie form of a vector of numerical values. Each
neuron in the input layer represents one element of the input vector. The input data is then fed
through different hidden layers. The neurons usually implement a series of weighted
transformations to the put data. The weights of these neural connections are updated through
training, in which the network is presented to a large set of-miput data and adjusts the weights

in order to minimize the difference between the calculated output and the despeti81], [82].

FFNNs are commonly applied to solve rdynamic modeling problems. Multilayer perceptrons
(MLPs) are widely used FFNN structures for microwave modé¢8dp [85], [86], [87], [88],[89],

[90], [91], [97], [93].

RBF network is another popular type of FFNN in microwave de€@dh [95], [96]. The hidden

layer of an RBF networkonsists of a set of radial basis functions. These mathematical functions
are set taneasure the distance between the input data and a set of predefined centers. Such centers
are usually chosen based on some heuristic or clustering algorithm applied to the training data.
Each radial basis function computes a similarity measure betweémptitedata and one of the
centers, producing an output that decreases with distance from the thet&®BF network is
advantageous over other types of ANNs. For example, training is easy asm#&dl number of

parameters, which reduces overfitting problem
2.3.1.2Knowledge based neural networks and neurd F model

A knowledgebased neural netwo(iKkBNN) is a type of neural network thatusually developed

to incorporatghysicalknowledge or domatspecific informatiorduring thelearningstage Such
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networks are often used in applications wheagorior knowledge improv&the modelaccuracy
andbr reduce theequired amount of training dat@he commonstrategyfor building aKBNN is
to introduceadditional layers that encodeproblem of interest in connection with its spegafior
knowledge Alternatively, theprior knowledgecan beincorporate into the training process itself,
by using techniques such as regularization or weight initializatibich guidehe network to learn
patterns that are consistent with fr@videdknowledge.In the literature, KBNN are built with
available equivalent circuit knowledge for the target-Bdsed modelg6], [59], [97], [99], [99],

[100, [101].

The integration ofa system transfer function with neural networks is a recent knowledsed
modeling strategywhich is also known as neutmansfer function or neur®F model. Such models

can be used to build efficient and effective parametadels for EMbased structurg402, [103,

[104]. This type of knowledgbased network is also effective where an accurate equivalent circuits

model or empirical model is unavailable.
2.3.1.3Deep reural networks

A Deep neural network (DNN) is a type of ANN with multijdgers of neurons between the input

and output layers. The "depth" of a neural network refers to the total number of hidden layers it
has. Deep neural networks usually consist of many more layers than traditional shallow neural
networks, which typically hge only one or two hidden layers. More hidden layers help the network

to learn increasingly complex features and patterns, which leads to better accuracy and performance

on complex tasks. DNNs are usually trained with a large set of g [106, [107].

Deep MLP is one type of deep neural network that is commonly used in thefgédoatmicrowave
applicationd108. The choice of activation function in the deep MLP has a significant impact on
the final model accuracy. rectified linear unit (ReLU) is the most used activation function in the
deep MLP. The ReLU solves one of the major problems of vanishing gradieatdssng the
training period of the deep neural networks.

2.3.1.4ANN training and data generation

The most significant part of ANN model development is the quality training with corresponding
data sets. A microwave circuit can be represented by an ANN model accurately only after the

training period of the model. Training data are generated out of a$gsgein to guide the update



26

routine of neural network weight and bias matrix. Test data sets are used to evaluate the trained
neural network model quality which were unseen during the training period of the mdael. T

ANN model developmerngrocessonsists of the following steps

1) Find out the inputs and outputs of a target EM based microwave circuit structure.

2) Generate the training and testing data sets in terms of selected inputs and outputs.

3) Introduce physical knowledge/formulations from the target problem into the ANN model to
escalate the training process by minimizing the training datasets.

4) Execute the training sessions and model validation steps.

5) Measure the efficiency/accuracy of the developed model with the help of testing datasets.

6) If the model accuracy does not meet the desired performance, adjust model architecture
and/or generate training data thoughtfully.

7) Once the desired model accuracy is achieved, replacéds&ld model with the surrogate

ANN model for fast optimization and other pgsbcessing of the circuit.

Data generation plays a vital role on the development of ANN model. ANN model accuracy can
beenhanced significantly by careful choice of data sampling. On the contrary, large datasets require
huge computational resources and simulation time. Different types of data sampling strategies have
been introduced in the literature for ANN model developrfama wide range of applications. For
example, unifam/nonuniform grid distributiorj81], star distribution56], random distribution

[109, adaptive samplingL1(, and design of experiment (DoE) with orthogonal distribytidri],

[112). Grid distribution is the most used data sampling strategy where each input parameter is
sampledoveruniform or nonuniform intervals. In the caseaddtar distribution, a central point is
perturbed twice along each input dimension to generate the sample points. One perturbation should
be done toward the positive direction @he otheperturbation should be done toward the negative
direction. The data samples raise exponentially with the input dimension increment in aase of
grid distribution. On the other hand, the number of data samples in casstasf distribution
increases linearly. Even though the grid distribution provides us with sufficient training data, it is
not practically implementable where the input dimension is high. The star distribution fails to
provide sufficient data for the trairgrof a pure neural network. However, it is useful for training
knowledgebased neural networks. Random distribution considers each input sample as a vector of
random variables inside the input parameter range. To sample the data adaptively, an interaction
between the available data and the intermediate surrogate model is established. It distinguishes the
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area where data are required in the input modeling space. Adaptive sampling achieves the desired
model accuracy from the fewest data samples which makes the data generation process efficient,
flexible, and fast. To generate a number of samples indimgbnsional parameter spaces, DoE

with orthogonal distribution can be applied. In such a sampling strategy, divisions in the subspace
are done orthogonally while sampled with the same density. Such a distribution only requires
fewer sampling points as compdr to the grid distribution. As the model dimension and
complexity are increasing day by day, data generation for ANN modeling becomes more

challenging

Automated model generation (AMG) algorithms for neural network training reducegrhu
intervention significantly[113, [114 while the conventional stelpy-step neural modeling
technique requires constant human surveillance and experience. Such algorithms intelligently
indicate smooth and nonlinear regions of model behavior and applies fewer samples in relatively
smooth subregns and more samples in highly nonlinear subregions. These algorithms generate a

neural network model that satisfies the expected accuracy.
2.3.2 ANN-based surrogate nodel for EM optimization

An ANN surrogate model is used to approximate the behavior of a computationally heavy full
wave EM model. The surrogate model uses a neural network to learn theutyuit relationship

of the target EM model of a structure and can then be used to predietitEal behavior against
geometric parameters. The advantage of using an ANN surrogate model is that it provides fast and
efficient predictions of the electrical characteristics of the target EM model structure without
requiring the use of the computatally expensive EM model. This becomes especially useful for

the optimization purpose where the EM model of the target structure is required to set up in a
repetitive optimization loop. EM modéklsed optimization is often done by an ANN surrogate
model inorder to minimize the simulation time and computational cost. Some of the recent

examples are given below.

Most common EMbased atrtificial neural network (ANN) surrogate model considers the model
inputs as frequency points as well as geometric parameters of the target structure and the outputs
are performance parameters such -ga@meters. Homotopy optimizati method is used on the

ANN surrogate model for finding the optimized geometric parameters of tunable filters, fixed
filters, and coupler§31], [32], [33]. In [46], RBFNN is hybridized with support vector machine
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(SVM) to perform yieldglobal optimization for the bandpass filters. A novel ANN surtegased
method is proposed {115 to escalate the yield optimization of multiport microwave structures
by applying combined quadratic mappings and mataixed transfer functions. [116, a novel
ANN-based surrogatassisted multistate tunirgdyiven EM optimization technique is proposed in
order to overcome the microwave tunable filter designing challenges with multiple tuning states.
In [117], an inverse ANN model assisted with sadfaptive local surrogates (SALS) technique is
proposed to @omate the coupler designs. [#1], ANN based surrogate model was used to
implement swarrhomotopy hybrid optimization technique for the design of tunable filters. In
[118, a novel procedure for microwave passive components modeling is proposed that involves a
customized deep neural network (DNN) along with referatestgnfree domain confinement. In
[119, a multifeatureassisted neurtransfer function (neurd F) surrogatebased electromagnetic
(EM) optimization method exploiting truseégion algorithms for microwave filter design is

presented.

Above discussion summarizes some of the Abdsed surrogate models that are used for the
optimization of EM modebased structures. These examples suggest that thieakddl ANN
surrogate models are well recognized by recent microwave researchers due abtridcive
features towards fast and efficient optimization. The ANN basics are roughly explained in section
[IILA. As the main objective of this review paper is to provide an overall picture ch&déd
optimizations, we could not cover all the detdilNN modeling strategies. However, interested
readers may refer to the microwave applicatiased ANN model development related works

conducted by the research group off) Zhang.
2.4 SM-based surrogate model optimization

In a spacanapping surrogate model, a hifitielity, computationally expensive model (the so
called "fine model") is used to simulate the system being optimized. However, instead of directly
optimizing the system using the fine model, a simpler, computationallyelggnsive model
(usually known as the "coarse model") is used as a surrogate to the fine model. The space mapping
technigue then maps the design variables from the coarse model domain to the fine model domain.
Such a mapping allows more accurate optimirabdf the target system with incredibly reduced
computational cost. The mapping is typically achieved through an iterative process of refining the

surrogate model based on feedback from the fine nja@&l[52], [53]. In this section, we will
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introduce the spaemapping technique first, followed by its predecessors such as aggressive space
mapping and other techniques. Some recent advances on SM optimization will then be described

in detail.
2.4.1 Spacemapping technology

Choice of physical design parameters is a crucial step of microwave component designing in order
to satisfy desired design specifications. Conventional optimization techniques directly use the EM
model simulated responses of the target structure arckeudirivatives to align the responses close

to the design specifications. Equivalamcuit-based computation and empirical equatiased

models are fast. Fulave electromagnetic (EM) simulators are used to verify the design which is
required to be expited in the optimization procegddowever, applying direct optimization on high
fidelity EM simulation is computationally expensive. As an alternative, iteratively refined
surrogate models of accurate EM models, and the space mapping (SM) technologies
implementation minimize the optimizah time and maximize the accuracy simultaneously. An
appropriate surrogate model can be developed by constructing an SM which is faster than the full
wave EM model (fine model) and more accurate than the empirical model (coarse model). The SM
approach updas the surrogate in order to get a better approximatioespwnds to the fine model.
Figure2.2 illustrates the basic idea of SM concept.-8bted optimization is usually executed in

four steps. 1) EM/fine model should be simulated; 2) the parameters of the surrogate model (coarse)
should be extracted; 3) the surrogate model should be updated) #ml urrogate should be

reoptimized if necessary.
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Figure2.2 A mapping between coarse model and fine m{®@!
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Figure2.3 Basic notation of space mapping techniffo@

Before diving into the space mapping concept, let us define a design optimization problem first.
W f"%se1k3:U0 taf;

Here, (2.29) is the mathematical formulation of a target optimization problem vilregresents
a vector of Jresponses (such akfrequency points ofs; sparameter) of the model, a vector bf
design parameters is indicated bycost function/objective function is denoted byand Wis the

optimized solution to calculate.

Figure 2.3 illustrates the basic notation of SM technique where fine model and coarse model

parameters are denoted kyjand | respectively. Responses out of the fine model and coarse

model are represented By and 3¢ respectively. The goal is to find a mappibghat relates
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coarse model and fine model parameters as

W L 5kiyo tar,
Such that

3¢ @KY,0AN 33KY,0 tdls

In a region of interest.

The direct optimization can be bypassed by formulatijas follows:

® 570 tat;
Where W§comes out of the optimized coarse model.

In the SM technique, the mapped solution is usually found by the minimization of the objective

function which is formulated as

DL Dkho 3ykWoF 3¢ W, ‘tany
Where, 3¢:; presents a surrogate coarse model. Therefore, the optimization problem can be
expressed as

B L f"%se135@kY,04 Ly

Here, §and Lgare close while3gis close to3 For unique value ot.g solution of £.34) tends

to drive the following residual vectdrto zero.
(L (ko 5kyoF “talw

In the original SM approach,mimaryapproximation of the mappin§*is achieved from théne

model computationat a preselectegset of / , basepoints while/ ;, RLE s One base
pointis consideredas the optirized coarse model solutiorRest/ , F sbase points are selected

by perturbation. Parameter extraction (PE) process is applied to construct corresponding set of

coarse model points as
W 7 %E 35k oF 35U LA

For which PE error is expressed as
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6 . 3ukyoF 3ekWo. L 1E 1 3ukyoF 3¢ W tay,
Additional / , F sbasepoints excepif should be established. A linear mapping between fine and

coarse model space is assumed as

WL 5kyol >V E P talz
SM utilizesthe current approximatioat the jth iteration as,

Q,NLSE&SLkSYo?S:LB; ta;

Till the §y: l,leé>5; is close t03e: lJ5’ the iterative process continues. After the stopping condition

is met, the spaemapped is set as formulated th309).
2.4.2 Aggressivespace mapping(ASM) approach

The ASM algorithm was first introduced[i51] by incorporating a qua$iewton iteration utilizing
the classical Broyden formul&Q]. A significantly improved design is anticipated following each
fine model simulation, while computational operations such as optimization and parameter

extraction are carried out in the coarse model space.

The ASM technique iteratively solves the nonlinear sysiem
(koL r ‘tar;

At the jth iteration, (Yas an error vector needs the evaluation BY: Lg which is indirectly

calculated through the parameter extraction. The guesiton step is formulated for the fine space

as
SYCYL F(Y tas
Here, >'is the approximation of the Jacobian 5f51] WKDW LV XSGDWHG XWLOL]LQ

one update. The solution &f41) for C'drives the next iteration as
WL Y e tE
The algorithm stops when the terminating condition is met which is a negligible value’oin

WKLV FDVH 7KH DOJRULW RBY)YndR-HaN0EX e D&ppitgRdtrk yMER iy
popularlyobtained by Broyden formul&0].
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>* L +is considered as the initial approximation whetie the identity matrix. ThenpYis
updated by utilizingo UR\GHQYV UDJ®B RQH IRUPXOD

o5 A B PiccTo SVSIURTR e
> Y>5; L >Y EW >CY’j tay
Here, quasNewton step is indicated G By utilizing (2.41), 2.43) can be expressed as

. . .G6- o
>SSV E—Sry 3CT? tay,

2.4.3 Trust region ASM approach

The main aim of present nonlinear programming is global behavior of the algorithms. Such robust
global behavior provides the mathematical assurance that the optimization algorithm iteration starts
from an arbitrary initial condition and converge to a stary point or local minimizer for the
problem [12(. Trustregion strategies aeve this property accuratelyrustregion methods

adjust the length of the steps at each iteration based on the prediction accuracy of the
linear/quadratic model structured objective functidhis model is trusted to present the target
objective/cost function only within a region of sgiecarea surrounding by the curretgration.

The minimum of the local model inside the trust region can be achieved by solvingragrast
subproblemFor sufficient actual minimization in the objective function, the tragion size is
enlarged. On the other hand, for the insufficient reduction, the trust region is reQtloeavise,

the trust region remains the safél].

Let us assumq : U, as a scalar objective function. In the jth iteratior;: U, is used as a local
approximate model to approximate the objective functipnlJ,. It is important for - YU to
interpolate ( at U Mathematically it has the propertthkUY E C'oF ( U\ rasC’\ r. The
step C'to the next iteration can be achieved by solving the-tegibn subproblem YkU' E C'o
which is subject td C! Q U’ Here, trustegion size is denoted b@( A ratio &"is considered as
a quality measure which is expressed as

v ok %2k 0%

A% Go? A &> (%o taw
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Here the actual reductioms represented byhe numerator and the denominattenotesthe
reduction predicted by the local approximation. The iregton sizecan beadjustedafter each
iterationbased or§2.45). The next iteration iallowedif the objective functioriurther reduction is

possible An excellentsurvey oftechniquedgor trustregion size updating iundin [127].

The trustregion methodologyintegrated withthe ASM techniqués called agdrustregion ASM
algorithm[123. In ASM, aquasiNewton steps removed by solving trustregionsub-problem

within a certain trust regioim orderto minimizethe objective function.
-Ykaco  (YES'CY tE X
The linearized function is considered 8<16). The followingtrustregion subproblemshould be

solved in order to obtain the next step.
CTL £ %« .- YkU'cCo. | tay,

Which is subject to! Cl g Q O’ Thereforethe step taken is constrained by a suitable trust region

O Applying the constraints 02 47) we get the following expression to solve.
kYo SYE&+C' L FleYo (Y &z

Here, >'is the approximatiorio the Jacobian of the mappingat the " iteration. & should
selected so that the step remains identica &y§. >YVKRXOG EH XSGDWHG E\ %UR\G

In this section, we have explained the methodologies and mathematical foundations of
fundamental SM techniques such as original SM, ASM and trust region ASM in detail. There are
lots of variations of SM technique proposed in the literature for encountiifiagent EM-based
designing challenges. Such sigsacemapping (MSM)[124], generalizedpacemapping(GSM)

[125, implicit space mappingISM) optimization[126], hybrid ASM algorithm[127], tuning

space mappinfL2g), parallel space mappir[d29, partial space mappind.3Q, spacemapping
interpolating surrogate (SMIS) moddl3]] etc. These algorithms are advanced forms of original
space mapping technique which are adopted for much complicated EM based structures and wide
range of applications. The detailed methodologies and optimization techniques of these advanced
algorithms areot added in this work as we focus on broader aspects of tHealS&tl optimization
techniques. Interested readers may check out the references added here, and other related works

conducted by the research groupoW. Bandler.
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2.5 ANN and SM crossover

ANN and SM are two novel concepts that are extensively used hibdS&d surrogate model
optimizations. A combination of these two powerful concepts was first introdudéd]imnd
generally named as spas@pped neouromodeling (SMN). ANNs are capablmodlelng high
dimensional and highly nonlineaproblems which is exploited in the SM concefitvV
implementationReadily available largset of empirical modelsan be used to devel@M-based
neuromodelswhere a reducediumberof electromagnetic (EM) simulatiorsre requiredfor
training Such a modamproves thegeneralization abilityas well as minimizethe ANN model
complexity as comparedo the classical neuromodeling approadbifferent spacenapped

neouromodeling techniques are discussed below.

Different innovative combinational technology of SM technique and ANJetfing have been
presented i56] and[57]. The main idea behind such a combined model is to construct a highly
nonlinear inpuutput multidimensional mapping function from fine model to coarse model
utilizing an ANN. Such mappingan beexecutedn variouswaysconsidering an optimumse of

the coarsenodel information for developing thargetneuromodel.Such coarse modebased
implicit knowledge decreas¢he number ofequiredlearning pointsas well ageducs the ANN
model complexityto improve thegeneralization performancé&he fine to thecoarse parameter
space mapping is implemented by an ARhe spacenapped neuromodel (SMN) strategy which

is illustrated inFigure2.4(a). Here, W,and Wrepresent the input variables of the fine model and
coarse model, respectively. In additidreq is the frequency variable, w is the weight matrix of
the ANN model,4zand 4y indicates the coarse and fine model responses, respectively. The main
challenge in this approachts find the optimalweight and bias matrinf the ANN, sothat the

coarse modakesponsdecomeglose to the fine model resporisecase ofall the learning points.

The majorityof the available empirical models for microwave circuitdize the methods for
quasistatic analysiwhich provides ugood accuracwt low frequenciesvith narrow bandwidth

A frequencysensitive mappingrom the fine to the coarse input spaass overcome this
limitation. Such a mapping can bealized byconsidering frequency asotherinput variableto

the target ANN modeFigure2.4(b) illustrateshe FDSMN approactvhereboth coarsend fine
models aresimulated at the same frequengkile thefine to coarse parameter space mapping is

frequency dependerftigure 2.4(c) illustrateghe FSMN techniqu&vhich establishes a mapping
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for the design parameteatong withfrequency variablsothat the coarse modelssmulated at a
mapped frequendy order to natch the fine modeksponse. This idoneby introducingan extra

output to theANN that implements the mapping

(a) (b)
(©) (d)
Figure2.4 Variation of SMbased neuromodeling conc¢p8]; (a) SMN; (b) FDSMN; (c)
FSMN; (d) FMN concept.

In lots of microwave problemshe coarse model behavssnilarly to the fine model doewhile
thefrequency responge shifteda little bit. For suchcasesa goodagreemenbetweercoarse and
fine modelresponsegan beachieved by simulatinthe coarse model at a differeinéquency.
Figure2.4(d) illustrates thé&=MN techniquewherethe coarse mode$ simulatedwith the same
physical parameterasthe fine model, but at a mapped frequencynaichboth responsewith

respect to the frequency

The completeset of physical parametefimappingin SMN, FDSMN, and FSMN techniquésad
to singulariy problemin the coarse model response durihgtraining sessionSuch aproblem
can beovercome bydevelopinga partial mapping for thphysical parametenshich makes the

more efficient use of thenplicit knowledge in the coarse mod&l. many microwave problems



37

only a few physical parameteff P DS Sd¢a@ Jbe enough to obtain acceptable
accuracy in the neuromodehich significanty redu@sthe ANN modelcomplexityand training
time as comparetb the SMN, FDSMN, and FSMN techniques

The linear input neural space mapping strategy was first propof&8dras illustrated in Figure

2.5. Here, Urepresents the independent variable (usually frequency). P is the linear mapping
function which is achieved by an algoritHmased design procedure that revegand brings fine

model response4close to a target response that is generated by the coarse model redgonse,
An ANN model, 3is used in the output whose weight matr&js trained aroundy;to remove

the residual betweedyand 4 This LINO-SM strategy has three steps as follows: find a desired
coarse model response by optimization, find space mapped fine model paramet2terandh

a linear input space mapping optimization and finally develop an ANN model. Once the ANN
model is available, it is used to perform statistical analysis and yield calculation around space

mapped fine model parameters.

Figure2.5 Linearinput neuraloutput space mapping techniqué&?|

ANN model and space mapping are combinedly used for other applicatidd€idna robust
knowledgebased automatic model generatisttAMG) technique is proposetthat uses fine and

coarse model data generators and take advantage of knowledge based neural networks to generate
accurate microwave neural models utilizing fewest accurate training data. This KAMG technique
achieves efficient neural model generation bing coarse model data along with minimized use

of fine data. Different KBNN architectures are used to enable both coarse and fine data to
contribute toward reinforced neuwniaétwork learning of detailed or fine microwave belbasi An

efficient method for accurate Elbsed statistical analysis and yield estimation of RF and
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microwave circuits is proposed ja2]. The proposed method consists of applying a constrained
Broydenbased linear input space mapping approach to design along with an output neural space

mapping modeling process.
2.6 lllustrative examples

So far, we have discussed a wide variety of optimization methods that are usedbias&i
designs. In thisection, we list some design examples to demonstrate the applications of major
types of optimization techniques. We cover examples of following optimization types: gradient
based optimization, gradiefree optimization, ANNoased optimization, space mapgbased
optimization and neur8M-based optimization. Firstly, we divide commonly demonstrated
examples into the following classes: transmission lines with discontinuity, microwave passive
circuits (fixed filters, tunable filters, divider, coupler), andemnas. Then we discuss respective

algorithms.
2.6.1 Microstrip lines with discontinuities

Microstrip lines are commonly used as transmission line due to its low cost and ease of fabrication
on the microwave circuits. Discontinuities in the microstrip lines are widely applied in order to
match the impedance between different sections of thentiasion lines for different applications.
Microstrip discontinuities such as gap, step, benfjnttion etc. are the common elements in a
wide variety of microwave circuitgzigure 26 illustrates microstrip right angle bend and microstrip
step junction.7KHVH GLVFRQWLQXLWLHY DUH XVXDOO\ PRGHOOHG
inductance and/or capacitance combination. Different coarse models for rthiesstrip
discontinuities are presented j133 and[134]. A generalized spaemapping (GSM) strategy is
applied in[125 to model different microstrip discontinuities. Three fundamental illustrations are
presented ifi129: a basic spaemapping super model (SMSM), frequergyacemapping super

model (FSMSM) and multiple space mapping (MSM). Two variations of MSM are presented:
MSM for device responses and MSM for frequency intervals. Microstrip bend, stepjamction

are modelled to verify the SMSM, FSMSM, and MSM concepts.
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@) (b)

Figure2.6 Microstrip discontinuity (a) Bend (b) St¢p25

(@)

(b)

Figure2.7 Microstrip-shaped Jjunction (a) Fine model (b) Coarse mofi25

Optimization of the design of a three section 3:1 microstrip impedance transformamislec in
different works. Figure 8(a) andFigure 28(b) illustrate the fine model and coarse model of a
three section 3:1 microstrip impedance transformer. Classical space mapping teptt}ioguas

first applied to model such a microstrip impedance transformer. Other optimization strategies such
as yielddriven EM optimization via multidimensional mode[80], spacemappingbased
interpolation[135 are used to the design optimization of microstrip impedance transformer. In
[136, a space mapping design framework is also outlined by exploiting tuning elements for the

same example.

Similar to the microstrip impedance transformers, seven section waveguide transformers are
exampled for the demonstration of hybrid aggressive spegming algorithm in[127. A
systematic method of considering the discontinuity effect directly into the optimization process is
demonstrated in the case of two section, three section, five section and seven section waveguide

transformer design optimizati¢gt37].
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(a) (b)

Figure2.8 Threesection microstrip impedance transformer (a) Fine model (b) Coarse model
[139
2.6.2 Microwave filters

Microwave filters are the commonly used examples for the demonstrati@ptiohization
techniques. Microwave filters are usually consisting of high dimensional design variables and their
performances are highly sensitive to these variables. Therefore, such variables are required to be
optimized accurately in order to meet thesided filter performances. That is the reason why
optimization algorithms play a significant role on the successful design of microwave filters.
Commonly exampled filters in the optimization related literature are categorizedptenéd

rectangular wavegde filter, DFS filter, HTS filter, microstrip notch filter and tunable filters.
2.6.2.1H-plane waveguide filters

H-plane waveguide filter of different section is a classic example of microwave optimization
problem. A bandpass filter responseissially expected to provide a minimumband return loss
and a maximum stepand insertion loss according the design specifications. Figu&9
illustrates fine and coarse model of a-section Hplane waveguide filter. In case of such
waveguide filters, iris width and resonator lengths are the optimization variables. Six sections of
such a waveguide filter are separated by sevagraHe septavith a finite thickness. Various
optimization strategies have been employed for the optimization of such wideefyjter
structures. This example has been employed in order to demonstrate hybrid aggressive space
mapping techniqugl27], space mapping interpolating surrogate algorifh81], tuning by space
mapping techniqugl3g, combination of FletchePowell (FP) algorithm and Steg/ise (SW)
algorithm[14], and responseesidual spacenapping (RRSM]136].
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() (b)

Figure2.9 Six-section Hplane waveguide filterl27] (a) finemodel (b) coarse model

Similar to the sixsection Hplane waveguide filter, a thrgmle Hplane filter is exampled to
demonstrate an advanced cognitdnven EM optimization technique that incorporates the
transfer functiorbased feature surrogate moddl3] and an advanced simulatiamserted
optimization using combined Quasewton method with Lagrangian methidd]. Fourcavity H

plane rectangular waveguide filter is optimized by the aggressive space mapping with a new
segmentation strategy and a hybrid optimization algorith88. Five-pole Hplane filters are
applied for the demonstration of an advanced parallel spappingbased multiphysics
optimization[93] and ANN modebased homotopy optimizatigB1].

i ﬁ * ¥ "" N

Figure2.10 EM model of a fowmpole Hplane waveguide filter with tuning elemefid 9

A four pole waeguide filter shown in the Figu10is commonly used as different optimization
algorithms such as multeature assisted neutansfer function surrogateased EM optimization
exploiting trustregion algorithmg[119, advanced parallel spaosappingbased multiphysics
optimization[93], cognitiondriven space mapping optimizatiph39 and advanced cognitien
driven EM optimization technique incorporating the transfer fundb@ased feature surrogate
model[43].
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2.6.2.2Double-folded stub filter

The design of the doubfelded stub (DFS) microstrip structure is another common example of
filter optimization problem. Figre 211 illustrates the fine model and coarse model otithévle

folded stub filter. Folded stubs reduces the filter area as compared to the conventional double stub
structure. The filter is characterized five designafales as shown in Figurel2(a). Apart from

95 and 9 other geometric parameters are considered as the optimization variables. Following
optimization techniques are demonstrated for the designing of DFS filter: classical space mapping
technique[49], hybrid aggressive spaceapping techniqugl27], fuzzy system exploited space
mapping techniqufl4( and a trust region aggressive space mapping techfigGe

241 Ml
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(a) (b)

Figure2.11 The DFS filte{127] (a) finemodel (b) coarse model
2.6.2.3HTS filter

HTS filter is exampled in the literature for the optimization algorithm demonstratiamrerd 2
shows the fine model and coarse model of a HTS filter. The length of the coupled microstrip line
and the distance between two coupled lines are considered as optimization variables of a HTS filter.
The optimization of such a HTS filter structure is peried by several optimization techniques
such as the classical aggressive space mapping teclibitjue trust region aggressive space
mapping techniqug¢l23, tuning space mappingl2g, implicit space mapping optimization
exploiting preassigned paramet¢t26], neural space mappiri§7] and parallel space mapping

[129.
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Figure2.12 The HTS filter[51] (a) finemodel (b) coarse model
2.6.2.4Microstrip notch filter

Another well known optimization example is considered in this review paper is the microstrip notch
filter with mitered bends as illustrated in &g 213[42] where . 4is the open stubs length ang,

is the length of the coupled lines, afldis the separation gap. All the microstrip linewidth are
same, 9 . The substrate thickness fsand relative dielectric constant 1% The optimization
variables are.y ., and 5; In [42], EM-Based Monte Carlo analysis and yield prediction of
microwave circuits using lineanput neuraloutput space mapping is used for the optimization of

a microstrip notch filter with mitered bends. An interpolated coarse model is used for the design
optimization of a microstrip notch filter along with space mapping techrjicd®.
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Figure2.13 Microstrip notch filter with mitered bendd?2] (a) fine model (b) coarse model
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2.6.3 Microwave tunable filters

Tunable and reconfigurable microwave circuits and techniques are studied extensively in the
literature due to the limitless demand of multiband and multifunction microwave communication
systems. Recently, optimization techniques based on ANN surrogate model have been utilized on
predicting tunable filter parameters according to the desired tuning cfi8&fig41]. In [4]],

swarm intelligencédased optimization techniques have been hybridized with matherhatied
homotopy optimization technique. A fourth order dual mode tunable bandpass filter and a constant
absolute bandwidth tunable filter is demonstratef4iy as shown in Figre 214(a) and Figre

2.14(b), respectively. In both the cases, the optimization variables are the height of the tuning
screws. An ANN modeling approach is outlined4d] for calculating these design variables in

terms of desired response from a tunable filter.
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Figure2.14 Tunable waveguide filterigt1] (a) duatmode filter (b) constant bandwidth filter

2.6.4 Coupler and divider

Low-profile passive components are fundamental building blocks ofieserasing wireless
communication system. Directional coupler and power divider are some of the major components
those are required to be designed over certain frequency range wiftc §iee and performance
requirement. Millimetesvave and THz applicable couplers are highly sensitive to the design
variables. IN32], a SIW cruciform coupler is designed fofdand application with the help of an

ANN surrogate model and homotopy optimization.ureg215 illustrates the schematic of SIW
cruciform coupler where the optimization variables are the location and diameter of the tuning
posts and matching posts. @8], a direct local optimization technique is demonstrated by

designing a duaband brancHine coupler (Figre 216) and a duaband equal split power divider
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(Figure 217). This algorithm increases its computational efficiency by exploiting two mechanisms:
multi-fidelity EM simulations and selective Broyden updates.

Figure2.15 SIW cruciform couplef32]

Figure2.16 Dualband brancHine couplef18]

Figure2.17 Dualband equal split power divid¢t 8]
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2.6.5 Antennas

Successful antenna designing is an iterative approach of parameter sweeping which is
computationally expensive and tinsensuming process. Evolutionary algorithms (EAS) such as
particle swarm optimization (PSO) and genetic algorithm (GA) are widely used for antenna

optimization tasks.

In [38], an efficient machine learning methbdsed surrogatassisted particle swarm optimization
(SAPSO) is proposed that combines the particle swarm optimization with two machine learning
based models. A mixed prescreening (mixP) strategy is then integratdtdee promising
individuals for fullwave EM simulations. A SIW cavitgacked slot antenna (Fig. 18) is optimized

by the proposed SAPSO algorithm where a pair of eshaped slots are etched on the ground
SODQH DORQJ ZLWK D Reltdp lhfReY Whe dpBmizdtiddvarlalds abe\idaked

in the respective antenna geometry shown in Fig. 18. The other example (i38disna four
element linear array antenna (LAA) which has 19 design variables to optimize in order to operate
at the WLAN band. Fig. 19 illustrates the geometrical structure of LAA.
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Figure2.18 SIW cavity-backed slot antenri8§]

Figure2.19 Geometry of the fouelement LAA[38]

In [39], an improved version a@lomprehensive learning particle swarm optimization (CLPSO) is

proposed which is named as adaptive comprehensive learning particle swarm optimization (A
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CLPSO). In this designing technique, the rough design and only little experience in the prototype
PRGLILFDWLRQ UHSODFHVY WKH GHVLJQHUYfYV H[SHULHQFH LQ
GHVLIJQ JXDUDQWHHYVY WKDW W K Hred Ghiddteristio. THis\dWdnced WSOU H P H
technique is employed to design a multiband monopole antenna. The final structure of the a
multiband monopole antenna that meets the desired antenna reflection coefficient is illustrated in

Figure 220. The optimizatin variables are indicated in the respective figure.

Figure2.20 Multiband monopole antenna struct{is]

This section presents several microwave circuit structures designed withofdtagert
optimization techniques. Various examples from transmission lines, microwave filters, tunable
filters, couplers, dividers, and antennas are covered to demonstratiel¢he@nge of microwave,
millimeter-wave, and suIHz circuits that require optimization algorithms for successful design.
The variety of examples clearly illustrates the significance of optimization techniques in
microwave circuit design. Due to page itiations, it was not feasible to summarize all examples
from the literature. However, interested readers may refer to the respective papers listed in the

reference section of this paper
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2.7 Discussions anduture directions

This review paper has examined various optimization techniques used in microwave circuit designs and implementatisestiémthis
we present a comparative analysis of these optimization algorithms in terms of complexity, primary methodology, temonstra

examples, and variables. Moreover, future research directions for optimization techniques are speculated based oreanatient res

trends.
Table2.1 Comparison of optimization algorithms
Ref. | Optimization Optimizer | Demonstrated | Optimization| Total opt. | Total CPU Optimization
Method Type Example Variables Variables | lterations | Time Complexity
[14] | FletcherPowell 6 and 9 polg Waveguide | 7,19 59, N/A N/A Multiple
and Stepwise waveguide dimensions steps but
algorithm filter Simple
[15] | Simulation inserteq 3 pole and § Waveguide | 4,6 97,78 5.3h, 6h Complicated
optimization using pole waveguidg dimensions
QuastNewton filter
[16] | Minimax optimizer Lowpass Microstrip N/A, 3,13 | N/A N/A Simple
Gradient | microstrip dimensions
based filter, DFS
optimizer | bandstop filter,
mmW BPF
[17] | QuasiNewton 4x4 Butler| Elbows in| 62 N/A 1h ANM is used
Matrices in| waveguide for fast opt.
waveguide
[18] | Selective Broyder Power divider, | Microstrip 7,9 N/A N/A Complicated
update Branchline dimensions framework
coupler
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Ref. | Optimization Optimizer Demonstrated | Optimization| Total opt. | Total CPU Optimization
Method Type Example Variables Variables | Iterations | Time Complexity
[26] | Equalripple Ridged Gaps in| 5 N/A N/A Theoretically
optimization waveguide ridged simple
BPF waveguide
[27] | Rational model E-plane Length and 11, 26 10, 37 N/A Complicated
waveguide distance of workflow
filter, diplexer | metal inserts
[28] | Model order Meta E-plane Resonator | 5, 23 N/A 30 m, N/A | Little
reduction heuristic waveguide lengths and complicated
based filter, diplexer _coupling
29 | Linear (Mathematics gisﬁ)etrlmee?grt]rt]ss 13,13.14 | NIA N/A Simple
el optimizer 2 duatband gnts, 1s, 19, P
optimization BPFs, 1 triple- (r:]opphetr
band BPF eights
[31] | Homotopy H-plane Iris window | 6, 12 11,12 8.3 m, 12| Simple
optimization waveguide length and m
BPF  without| resonator
and with TZ length
[39] Par_tic_le ~ swarm Microstrip Microstrip 6, 13 N/A N/A Simple
optimization BPF, Dual g_nd _ slot
Meta band BPF 'mensions
[38] | Surrogateassisted Ezgggtle SIW slot | Microstrip 11, 19 100, 300 | N/A Complicated
PSO (Swarm) antenna, linea a_nd _SIW
_ optimizer antenna array dlmenspns (o!ue to ML)
[39] | Comprehensive Multiband Microstrip 12 N/A N/A Simple
learning PSO monopole dimensions
antenna
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Ref. | Optimization Optimizer | Demonstrated | Optimization| Total opt. | Total CPU Optimization
Method Type Example Variables Variables | Iterations | Time Complexity
[41] | Swarmhomotopy Tunable Post heights| 3, 4 N/A N/A Complicated
hybrid Hybrid waveguide
optimizer | filters (due to
ANN)
[43] | CognitionDriven, 3 pole and 4 Resonator |4,5 6, 8 22.5 m, .
TF  incorporated pole waveguidg and window 451 m Complicated
EM optimization filter length, (due to TF
WXQLQJ integration)
[44] | Hybrid Surrogate 8th-order dual | waveguide |10, 14 EM N/A .
Model-Assisted g‘l?lrrééb;zed band BPF, €| dimensions simulations: Complicated
Optimization optimization band 6thorder 678, 776 (surrogate
BPF modeling)
[46] | Surrogate model X-band and €| waveguide |11, 14 N/A 120 h .
assisted EAbased band dimensions Complicated
yield optimization waveguide (surrogate
filter modeling)
[49] | Classical SM Impedance Microstrip 3,3 N/A 3 days Simple
transformer, line widths;
DFS filter lengths ang
Space spacing
[51] | Aggressive SM mapping HTS filter Coupled line| 6 N/A N/A Simple
parameters
[123 | Trust region ASM DFS and HTS Microstrip 3,6 N/A N/A Simple
filter lines
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Ref. | Optimization Optimizer | Demonstrated | Optimization| Total opt. | Total CPU Optimization
Method Type Example Variables Variables | lterations | Time Complexity
[42] | Linearinput microstrip Open stub 3 N/A N/A Complicated
neuratoutput SM notch filter lengths,
coupled lines
lengths, ang
Neuro separation
SM : gap . .
[56] | SM-based HTS filter Coupled ling| 6 N/A N/A Simple
neuromodeling parameters
[57] | FSM-based HTS filter, band| Microstrip 6,5 N/A N/A Simple
neuromodeling stop filter with| lines
open stubs
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Table 2.1, Table 2.2, Table 2.3 and Table 2.4rssented heréo provide a comprehensive
overview of current research trends on-4Blked optimization for microwave structures. The table
summarizes various optimization techniques utilized in differentdabted design environments

and provides references for each roethThe examples listed in the table are categorized into six
major types of optimization algorithms, including gradient, rietaristic (gradienfree), ANN,

space mapping, newspace mapping, and hybrid optimization techniques. Furthernioze
Tables includedemonstrated examples from the respective references, along with the total CPU
time, number of optimization variables, total number of iterations, and complexity level of the
optimization process. The table indicates that most of the optimization atgeatie demonstrated

by filter examples. Microwave filters often require optimization to meet design specifications, as
their responses are highly sensitive to geometric parameters. It is also evident that surrogate models
require a sigificant amount of CPU power to build through EM simulations. However, CPU time
IS not indicated in most references, which is a crucial criterion for comparing optimization models.
Although Table I only provides a few examples, it offers a brief observafioarrent trends in

EM optimization research.

Table 2.1, Table 2.2, Table 2.3 and Table 2.4 prowidights into the potential future research
directions of EMbased optimizatiorAs direct optimization, ANN modeling, and spaoapping
optimizations are already widely utilized in the literature, researchers are likely to combine these
algorithms to leverage their respective advantages. Furthermore, current optimization methods are
unable to provide a unique solution #o specifictarget problem. In other words, different
optimization cycles can yieldistinct results even when initial conditions and optimizer remain the
same Additionally, currenioptimization algorithms lack generalizability and are typically tailored

to specific target problems. Although the NFL theorem proves that no optimization can offer the
best solution to all problemsesearchers may strive to generalize optimization algorithms for

microwavespecific applications
2.8 Conclusion

This article presents a comprehensive survey of-BdMed optimization algorithms. The article
begins by introducing the common types of optimization techniques. Next, the curreof-state
art EM-based optimization methods are classified into two main categoniest dnd surrogate

optimizations. The direct optimization category is further divided into gratdesed and swarm
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based optimizers. On the other hand, surrogate optimizations are mainly classified into space
mapping optimization and ANidased optimizations. The article explains the methodology of
major types of algorithms under each category. Additionally, other ietisnare briefly discussed

with relevant references. The design examples are grouped into transmission lines, filters, and
antennas. Thevork illustrates these examples with corresponding algorithms available in the
literature. Finally, the article pressna comparison chart of commonly used optimizers with
corresponding examples and othi#sign details. Based on the current research trends on
optimization algorithms and artificial intelligence, the article concludes with a brief discussion on

future research directions
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CHAPTER 3 ARTICLE 2: HOMOTOPY OPTIMIZATION AND ANN
MODELING OF MILLIMETER -WAVE SIW CRUCIFORM COUPLER

Chandan Roy and Ke Wu

Published in théEEE Transactions on Microwave Theory and Techniguels 70, no. 11, pp.
47514764,29 August2022

The development of millimetavave and terahertz (THz) passive components such as couplers
and filters is an intimidating task because of underlying-skrasitivity of electrical performances

to geometric dimensions and processing tolerances. It is angonpractice for us to use an
integrated optimizer of commercial electromagnetic (EM) software packages for the design and
optimization of such geometric parameters. However, those optimizers may fail to achieve a
desired performance if initial variableseanot in a range close enough to the optimal solution. In
this paper, we introduce an homotopy approach to optimizing the geometric parameters of a D
band cruciform coupler based on substrate integrated waveguide (SIW) technique in conjunction
with an arificial neural network (ANN) model. Starting from a set of initial variables, a homotopy
optimization is set to search for an optimum solution. The ANN technique is adopted as the
surrogate in place of a usual tirnensuming electromagnetic model to acake the homotopy
optimization process of the cruciform coupler. We propose a-fteedird computational
formulation inspired by the fundamental transmission line impedance equation. Such a
transmission line knowledgeased feedforward network results ifaster convergence with better
accuracy than its conventional counterpart. To demonstrate the homotopy optimization method
based on the ANN model, an example of mpérameterized cruciform coupler design is detailed.
This cruciform coupler with optimize geometric dimensions is simulated, fabricated, and
measured. Measured and simulated results validate the combined ANN model and homotopy
method. An equivalent lumpeslement circuit model of the cruciform coupler is also proposed in
this work. An ANN moeal development technique is described how to extract the equivalent circuit
parameters for given coupler specifications. Extracted circuit parameters in connection with the
desired coupler performance are then compared with published results which werfgNN

model development algorithm.
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3.1 Introduction

Millimeter-wave (mmW)and terahertz (THz) technologies are foundational and crucial in various
applications of current and futuvdreless communication, astrophysics, atmosphere monitoring,
and security systems in which lightweight and Jpmefile integrated passive components are
fundamental building blocks such as directional couplers for power splitting over a certain
frequency ange with specific size and performance requirenjédaf], [143, [144], [145.
Different types of directional coupler have been developed for a multitude of mmw and THz
applications such as beamforming network, precision measurement, antenna feeder, frontend
mixer, sixport transceiver etc. Among them, rectangular waveguide arstrate integrated
waveguide (SIW) technologies have been investigated thoroughly for the development of such
directional coupler§l4€], [147, [148, [149, [150, [15]]. Rectangular waveguide couplers can
deliver superior performances, but the manufacturing is expensive with bulky volumes. On the
other hand, SIW directional couplers have been extensively studied due to-thestdabrication,
low-loss performances, arehsy integration with planar circuits. Among all the SIW coupler
structures and techniques proposed to date, the cruciform coupler, as describedeir8Eigs

one of the most attractive and outstanding schemes thanks tossoand extremely compact
geometry formed simply by two perpendicular rectangular guides with few metallic posts
embedded in the crosegion[148, [15(. So far, thecruciform coupler has been investigated
theoretically through fullvave analyses, which were well validated experimentally. This coupler
involves an irregularly shaped junction and its accurate analysis, design procedure, and
performance optimization areurther complicated by multiple posts of multiple sensitive
dimensions. On the other hand, a lumped element equivalent circuit of such a coupler has not been
reported yet which should be set to guide the design and development of such couplers according
to specifications. In this work, we come up with the development of an equivalent circuit for the

cruciform coupler.
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Figure3.1 Sketch of a SIW cruciform coupler

The cruciform coupler exhibits great flexibility of coupling control over a reasonable bandwidth
[148,[149, [150Q, [15]], whose properties are usually featured by specifications in terms of center
frequency, bandwidth, coupling, return loss, and isolation. Depending on applications, a desired
coupling may vary from 1 to 20 dB. In addition, 15 to 25 dB of return loss anel imoisolation

are highly appreciated. In the design of a cruciform coupler, the desired coupling can be achieved
by symmetrically placing two metallic posts for controlling the signal flow along with two-extra
via posts diagonally positioned as reflegtimbstacles, as shown in Brg 31. Coupler
performance is greatly affected by the location and diameter of these metallic posts. Developing
such a coupler with optimization at mmW and THz frequencies is challenging because of the high
sensitivity of perbrmance to its physical dimensions. Even though adesign parameters are
involved in the cruciform coupler design, it is cumbersome to preselect these parameters simply
by observing simulated-farameters. This is because its extreme compact size galvanizes a strong
correlation effect of those parametersa the performances. Conventionally, the coupler
optimization starting from a set of initial values of the design parameters is a common practice.
Such optimization may be achieved by the evolutionaggrdhm (EAs) and sequential nonlinear
programming among many others, which have been integrated into commercial electromagnetic
(EM) software packages such as HH388. In such an optimization process, the geometric
parameters are varied within a boundary and the search region is restricted in proximity of the
initial values. This type of EMbased optimization has two challenges. First, it may falil if the initial
valuesare far from an optimal solution. Second, it presents a ameresourceonsuming process

as it makes use of a 3D EM model accounting for different combinatory sets of geometric
SDUDPHWHUV 2WKHU RSWLPL]DWLRQ DOJRdilasoksefér vodFK DV 3
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the same problenjd4q), [15]]. A genetic algorithm (GA) has been used to optimize these design
parameters, but present disadvantages of overfitting and long optimization time caused by its slow

convergence behavift47].

To overcome the hurdle of optimization, we introduce a homotopy approach in this work to
optimizing the cruciform coupler structure. The homotopy method implements the concept of
topology for generating a series of solutions for nonlinear systems withvaergence control
parametef152]. This method sets up nonlinear optimization problems instead of solving the target
coupler problem directly. These intermediate problems are solved by using preceding solutions as
the initial variable of the current optimization in an iterative mannethisyway, the coupler
performance gets improved slowly but surely meets the specification through this process of
homotopy optimization. The homotopy method is set to find out the desired parameters accurately
even if the initial parameters are far awayni the optimal solution. The homotopy optimization
technique was successfully introduced indsign of bandpass filtef31]. A coupler performance

Is characterized by its 4band return loss, isolation, and coupling while a microwave filter
performance is characterized by passband return loss and stopband insertion loss. In this work, we
investigate and extend the capability the homotopy method in dealing with such more

complicated cost functions.

On the other hand, we develop an efficient artificial neural network (ANN) to mimic the EM model
of the coupler, which has been popularly known as theARW model. The ANN model is
trained by EM simulation results where the inputs are geometric variabiéshe outputs are S
parameters. Such input variables are distributed over a certain boundary with a specific interval.
The trained ANN model can replace the computationally expensivevéié EM model as it
predicts the outputs accurately due to ieneyalization capability82]. Such an ANN model
demonstrates the corresponding EM level accuracy and the -¢éeeiit simulation speed
simultaneously. Indeed, ANN modassisted microwave component design strategy has recently
become a smart practi¢g]. Common microwave component design problem is usually defined
by geometric parameters as the inputs and electrical parameters as the outputs by a forward ANN
model[153. On the other hand, synthesis problems can also be handled by various inverse ANN
models[4], [88]. Deep neural networks and modkelcomposition techniques were introduced to
solve highdimensional synthesis problem$54], [5]. Currently, the automation of modeling
becomes an emerging tog®). In this work, we use the ANN model for two purposes. First, the
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ANN model is used as a surrogate model of the cruciform coupler for expediting the homotopy
optimization process. Second, the ANN model is set to extract the equivalent circuit parameters of
the cruciform coupler in connection with such specificationsaaslWwidth, return loss, isolation,

and coupling.

The rest of the paper is organized as follows. Section Il introduces the newly proposed feedforward
neural network, data preparation, and training algorithm with error backpropagation for the ANN
model used in this work. Section Il introduces the homotmuymization technique. Section IV

explains the deployment of the homotopy method for coupler optimization along with the
FUXFLIRUP FRXSOHUYVY HTXLYDOHQW FLUFXLW PRGHO DQG W
ANN model development procedure fortecting the equivalent circuit parameters from the

coupler specification, followed by general discussion in Section VI and a conclusion in Section

VII.

3.2 ANN model
3.2.1 ANN model feedforward network

A multilayer perceptron is used as the ANN model architecture in this work where neurons are
organized in layers and neurons connected from adjacent layers. A weight is assigned to each
connection and a biasing value is applied to each neuron. The inpfesl anto the input layer as

a form of vector. This input is computed along the layers sequentially by a feedforward
computation. In this work, we adopt the transmission line impedance equation for the feedforward
computation for the first time. This idés inspired by the fact that the transmission line equation
naturally describes fundamental lumpsdment effects as well as voltagerrent relationships
between any two terminals for a wave propagation system. The normalized transmission line

impedane equation is formulated §55

AEEHP=J0.
4

<vey

TUds;
<4

SEEH2HP=JU.

A
whereZin, Z. andZo denote input, load, and characteristic impedances, respectRelygfers to
the trigonometric tangent operator artllenotes the imaginary unit. denotes the length of

transmission line andJstands for the phase constaatuation 8.1) can simply be written for
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output, ; as a function of input; and weight,9 as

N>:(HcOap

- L5 6 an ud;

We consider the real part only to addpR] as a feedforward computational equation.

In this work, we useS§jo denote the weight as the connection betwe&meuron of : HF s;
layer and FYneuron ofl-qUIayer. We use>$as the bias of th&“neuron in thel-qolayer and :gas
the activation of the®“neuron in thet¥layer. The intermediate quantity \é In this case Mand
=Pare expressed as
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The logistic sigmoid activation functiong is used in the hidden neurons of the ANN models

developed in this work that is expressed as

5

eviL 5> 4

Tuay,

In this equation,Ms an input vector. A linear activation function is used in the output layer where

the neurons simply calculate the weighted sum.
3.2.2 Data preprocessing

In this work, we have developed two ANN models. The first model is théABEM model of the
cruciform coupler that calculates-pgarameters from geometric dimensions and frequency
variables. The second model extracts the coupler circuit parameters fronrctne raodel
specification. Such geometric values, frequency variables and different specifications may vary by
many orders of magnitude. Since the sigmoid activation function is used in the hidden neurons,
these sigmoid neurons become saturated for iamés where the derivatives become close to 0.
Such derivatives reduce the ANN model training speed. To overcome this problem, the input values
DUH SUHSURFHVVHG /HW T\aib Me/rargéednWans]. The SaXisVoycaribe D E O H
scaled linearly in the range ofif+1] by
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A linear mapping between the original valeeand the ANN model input valuesis defined in

(3.6). Such value can be inversely mapped from the ANN output value to the physical value by

- L inaZQzOU:$ES; E=y04 LUy,

For the first ANN model, theutputs are $arameters whose magnitude always remains in the
range of 0 to 1 for a passive network. Thus, no preprocessing is required at the outputs of this ANN

model.

For the second ANN model, the outputs are the equivalent circuit parameters of the coupler. These
variables may vary by many orders of magnitude. Thus, a preprocessing is required for the outputs
of this ANN model.

3.2.3 Parametersinitialization

The biases and weights of the ANN model get updated through the training process to minimize

the error. Thus, these parameters can be initialized randomly. However, these parameters are
required to be initialized by small numbers so that the sigmoid ned@mot get saturated, and

the training does not get slowed down. In this work, the biases are sampled from a Gaussian
distribution with 0 mean and 0.1 standard deviation. The weights are also sampled from a Gaussian
distribution with 0 mean and& O M:9 835 ; standard deviation wher@y, s the total number of

neurons in the GF s;Mayer.
3.24 /JHYHQEHUJ 0D dlgoxtbm GW TV

The main objective of the ANN model training is to learn the kquiput mapping for a specific
problem by minimizing the cost function. Let us assume thaets of training data have been
produced as T;4@; & Ts&@); 8 & T, &Q ;. The quadratic cost function,in this work is defined
as
a a
! Lt—TI :@F%;‘:@F—A;Lt—ff L Ly uE;
uab
Here, T denotes the transpose vectgrefers to the error vector fdfotraining data and the vector

activation output i;ﬁfrom input.
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The ANN model is trained through the adjustment of its weight and bias matrix via an error
backpropagation algorithif82]. This calculates the partial derivative of the cost function with
respect to the weights and biases which are denoted b{JSFand U U5} respectively. An
intermediate quantity, $, can be introduced as an error in tF neuron in thel¥’ layer. The

backpropagation provides us with a process to calcul&iaand then it will contribute to the

formulation of U USFand U U This error 8can be defined as

U .
$L— :Ud;

0

where ' and \fare formulated in3.8) and 8.3). After applying the chain rule and using a few

mathematical manipulations3.9) can be rewritten as

x 05 .
BLA—S B5 ud

\£>°can be derived fronB(3) as

. @ (Hc 0a s ; .
\BS LA, 4AH _,"bx — E>PS ud S
5>dH @aHe Oazn=

The partial derivative oM Swith respect to\fcan be expressed as

[ 6- ki *oH@>¢ O a8 B3 A
| ..
O L 4AH e LU t;

o) B> <H @@Hgéééﬁéii

Here, 8V}, GHQRWHYV WKH ILUVW GHULYDWLYH RI WKH VLJPRLG I.
ZKLFK LV H[SUHVVHG DV

i \f L &:\& HB F @™ \5; AE TUd U
Substituting 8.12) into 3.10) gives us the error term as

Oi “oH@>¢ O 46 £z A |

BLA,4AH

- - 1B ud vy,
B><dH @%Hc0a¥5C

U Xcan be calculated as

— L & TuE W
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The chain rule can be employed 6h US§which yields

(@13

Ya i

— L EH— LU X
€00 €00
We can calculate the partial derivative \with respect toS5 by using 8.3) as follows
| g pHROO58KET Koo g LUy,
€60 @>WH @FHcOag 4

From (15) and (17), the weight and bias matrix can be updated from the gradient descent update

rule as
L L BF R— LU Z
%
SB.L SB.F R—2 Tu {;
€60

Here, BGHQRWHYV WKH Old\@zib&rg@QUUINXDYUHG WHN D QLbH $ useKiexr /0%
training the ANN models in this work. This algorithm is fast and efficient for a ssizatl network

where a few hundred parameters are involved.
3.3 Homotopy optimization technique

The homotopy optimization method is independent of any physical parameters. One can
introduce the homotopy variable in the range [0,1] to build a zemnatlr deformation equation
and yield a homotopy series solution. Such formulation is valid for a eanlproblem containing
any number of physical parametg®&l]. This transforms a nonlinear equation into an infinite
number of linear suproblems with a small or large number of parameters. The homotopy

optimization problem can be defined as

MTé&; L :sFé&(:T,Eé)T, Tudr;
Here, ( : T;is an optimization problem, whose optimal solutioalieady known or trivial to solve.
) : T; is the target optimization problem where a good set of initial value is unavailéigethe
homotopy variable. Fo L r, MT&; L (:T;, and MTés; L ) :T; while é L s The function
( :T;deforms to) : T; with the change ofrom 0 to 1. The series of homotopy problévhTéé;

can be defined as O & O é O ® O é,0 swhere the value oklinearly increases from 0 to 1

with Jnumber of homotopy steps. For example, if the total number of homotopy 3tepsdhe
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homotopy problem is defined asO é& Oé Oé& Oswhere & L rdwas L ravideJ @, L

r & wBy a small amount of increment &each time, the new problem remains close to its previous
state. As a result, the optimized solution of a new problem should be nearby to the previous
solution. The number of intermediate homotopy steps is usually decided by the difficulty level of
the prdlem. A precise solution of a highly nonlinear problem requires a higher number of

intermediate steps.

Optimum solution of the problem becomes easier if the solution of the previous problem is
deployed to find the solution of the current problem. For instance, if the homotopy variables
increase linearly in the range [0,1], two previous solutions can Elir@mbined as a reference

point for the next optimization step.
Tes L t70F 755 Luds;

where 7Jand 7/} - are the optimum solutions of tHelRnd : EF s; FDhomotopy optimization step

while the initial solution is7y s for the : EE s; FDhomotopy optimization.

The homotopy method is a concept in differential geometry and topology that is deployed in many
numerical techniques to solve differential equations and nonlinear equations. In this work, we

demonstrate how an SIW cruciform coupler structure can be optirbiz the homotopy method.
3.4 Optimization of cruciform coupler

Figure 32 illustrates the top view of an SIW cruciform coupler. In this demonstration, port 1 and

port 2 are considered as the input and through port while port 3 and port 4 are considered as the
coupled and isolated port. The SIW cruciform coupler containsotloeving geometric variables:
GLVWDQFH RI FRXSOLQJ SRVWVY FHQWHU G| G\ IURP WKH Fl
matching posts r while the diagonal crosses the center of coupler O and makes an aRglatof 45

the X-axis of the capler, diameter of coupling posts and matching postsnd D, respectively.

The ANN model for the SIW cruciform coupler has these variables along with frequency as its

input and the real and imaginary parts of Sp1, Ss1and S1 as its output.
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Figure3.2 SIW cruciform coupler (top view) sketched with geometric dimensions

3.4.1 EM-ANN model

In this work, a Bband SIW cruciform coupler is considered. The diameter of those metalized via
holes is d=0.3mm, with p=0.5mm spacing between the centers of two adjacent via holes. The two
via hole arrays are spaced by a=1mm. The substrate is Rogersr&d@ B880, with length and

width of 10 mm, thickness of 0.254mm and relative permittivity of 2.2. Thedes#red input

space is bounded by@Trd PK&Ill a@U r&Plkall &NLra&Plkdll & L
raxPK&uvl =J@gL raxPK&ul . The frequency range is from 110GHz to 160GHz.

The feedforward computational formulation of our proposed model replaces the conventional
simple multiplication of neuron input and the weight with fundamental transmission line
impedance equation inspired formula as described in Section Il. For compauigmwse, we
perform MLP automatic model generation (AM{3)L3 and MLP stegby-step manual training,
respectively with both of conventional and proposed ANN modeling equations. The model
accuracy can be calculated [8:22) where the output vector of the ANN modells and the
desired output vector iF . T denotes the training, validation, or test set of dataGmslthe total

amount of data in that set.

S .
'NNKN= T 1Y FRIS ‘udt

€3 pi
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In case of AMG proposed [113, the required number of training and validation samples and the
distribution in : @ @ &8\&&; 8% &B; space along with the neural network size is unknown for user
desired modeling accuracy. The algorithm frfit3 is implemented to develop an ANN model

for finding S parameters of the SIW cruciform coupler shown inr€i@2. The algorithm starts

with an initial ANN model of folayer MLP that consists of 15 hidden neurons in each hidden
layer. In the first stage of the algorithm, 80 training samples and 5 validation samples are
dynamically generated for training and tegtof the model, respectively. In the consecutive stages

of the automatic algorithm, it decides the required additional number and distribution of training
and validation samples and drives the An$tfiSS simulator dynamically. Additional hidden
neuons are also added whenever it is required. To achieve 0.2% of validation error, 35 model
development stages were required by the automatic algorithm. In total, 1699 set of training samples
and 695 set of validation samples are used and the final madg8 édden neurons in each hidden
layer. After finishing the model development accordind b3, we implement our proposed
feedforward and backpropagation formula on this algorithm to test the advantage. Bias term is
ignored in the basic formulation as it is donglib3. Rest of the methodology is followed in same
manner. After 22 stages, the final ANN model consists of 61 hidden neurons in each hidden layer,

1137 training samples and 463 validation samples, achieved 0.18% validation error.

In addition, the manual stdp/-step ANN modeling approach is also used for demonstrating the
advantage of proposed formulation over the conventional formulation. For these manual ANN
models, uniforrgrid sampling technique is used for data generations@ihme number of training

and validation samples are used in these manual ANN models. In manual ANN modeling methods,
the manual model training is done for several times with different number of hidden neurons, and
the model achieving the expected accurad fewest hidden neurons is selected. A set of test
data (1045) which was unseen during the training phase, is used to test all these four ANN models.

Table 3.1shows total number of training samples, achieved error and CPU time for each model.
The comparison table clearly shows that the AMG andsgexiep model with proposed ANN
formulations result in significantly less CPU time to achieve similar user desi@dacy as
compared to the models with conventional ANN formulations. Models with proposed ANN
formulations require less training data and a smaller number of hidden neurons. Even though the

proposed formulation takes much time for relativelynptex computation at each derivative and
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error calculation, the overall CPU time reduces noticeably due to fewer EM simulations for less
training data samples.

Table3.1 Comparison of Conventional and Proposed ANN Formulation with AM3] and
Manual Stegby-step ANN Models

Modeling Total hidden| Training Error (%) CPU

Algorithm neurons samples Time
Validation | Testing

AMG [113 88-88 1699 0.22 0.24 85 hr

(Conventional
Architecture)

AMG [113 61-61 1137 0.18 0.21 60 hr
(Proposed
Architecture)
Manual Modeling 88-88 1699 0.28 0.32 93 hr

(Conventional
Architecture)
Manual Modeling 61-61 1137 0.23 0.28 66 hr
(Proposed
Architecture)

The complete surrogate model of the cruciform coupler is illustrated ure~B@. The target
design frequency band of the SIW cruciform coupler is18@ GHz. The required return loss and
isolation is 15dB with 3dB coupling. The initial design variables are determined to achieve the 3dB
coupling as dx=0.38mm, dy=0.8mm,;#0.05, ©=0.08, and r=0.8mm. The -fSarameters
magnitudes are calculated by above mentioned four surrogate ANN models with the initial design
values as illustrated in Rige 34. The EMANN model developed by AMEGL13 with proposed

ANN formulations provides the best accuracy as showiiahble 3.1 During the homotopy

optimization, this model is used as surrogate model to replace the full wave EM simulations.
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dx dy r D, D, Tireq
[ S T T |
ANN Model

R

Re(5y) Im(Sy) Re(S5)) Im(S,)) Re(S5)) ImiS;) Re(5y,) Im(S,)

Figure3.3 ANN model for the cruciform coupler

() (b)

(c) (d)

Figure3.4 SIW cruciform coupler responses calculated by four surrogate models using the initial
design values. (a) AMEL13 (Conventional Architecture). (b) AM@EL13] (Proposed
Architecture). (c) Manual Modeling (Conventional Architecture). (d) Manual Modeling

(Proposed Architecture).

3.4.2 Homotopy optimization

Figure 34 shows that the resulting return loss and isolation level are only 2dB and 12dB,

respectively. Commercial EM software packages such as CST and HFSS integrated direct
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optimization techniques usually take exceptionally longer computational time to find the optimum
VHW RI ILYH JHRPHWULFDO YDULDEOHV XVLQJ WKH LQLWLDO
homotopy optimization technique to achieve the design gfoBbdB return loss, 15dB isolation,

and 3dB coupling in the specified band of frequency [110, 160] GHz. In this optimization, the main

goal is to minimize the cost functiofig as expressed by
% L SsUe f&@ 558 4?7E Sq Ue f @ 5, & +?E S; Us <@ 5,5, % :udu;

In this scenario, this cost function is defined inside the frequency band of int8(é3t? The
normalized frequency can be computed ®gYwhereB ysL ssrand Bgs L sxrin (23),R, |

and C are the target return loss level, isolation level, and coupling level in each optimization
process, respectively. If theseband parameters exce@t4, F+and F%respectively, it will not
decrease the value of the respective term of the cost function. Not&4h8t, and S; are the
weighting factors by which the cost function value is comparable. Choice of these weights depends
on the contribution of the tband return loss level, isolation level and coupling level to the cost
function. In the characterization of couplewusture, it is often seen that the return loss level and
isolation level have the major contribution to the cost function define8.23)( Thus, in this

example, we chos&sand Sgas 1 while S;as 0.2. The parameters in the cost funct®B3) are
8L BB 4+% Tudv;

JURP WKH FRXSOHUTV GHVLJQ VSHFLILFDWLRQV 8M¥KdWDUJHW

>3 srsxrswswu? The first iteration of the optimization calculates the initial parameters as
8yaucbo® Srsxrt srwwhere the frequencies can be normalized 28)( The rest of the
parameters are found trivially. Thus, the optimal solution to the first optimization proBig.c y o ¢

should be nearby to the initial design parameters. A series of 6 homotopy optimizations are carried

out to reduce the cost functions defined by the paramete83s of (DV D IXQFWL&&QSRI ! ZKLI

from O to 1 with the step size 0.2. This can be formulated as
8L sSFé&8aucERBEoauae Tuaw,
Thesolution from the last optimization is considered as the initial parameters for the second and
then third optimizations while the calculated values fr@21) are considered as the initial

parameters in a new optimization from the fourth st initial cost function and target cost
function are calculated fromd; 5 ¢ @¥k& 0a0gd YDOXH LV FRQVLGHUHG DV
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1.0 in 6 consecutive steps, sequentidlythe homotopy optimizations in this work are solved by
WKH 08$7/38®%rMtoh optimization function with a sequential quadratic programming
algorithm. Solutions froneach step are given in Table 34l the units are in mm. The second

and last row of Table Il shows the initial and final-memalized values for these design
parameters. Note that single optimization instead of six optimizations cannot achieve the desired
coupler performance. Howevéronly takedfew minutes to accomplish six homotopy optimization

steps.

(@) (b) ()

(d) (e) ()
Figure35 &UXFLIRUP FRXSOHUfVY RSWLPL]JHG SHUIRUPDQFH LQ W
éeLr(b)éLrd(c)éLra(déLrx(e)éLra(f) éL sa
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Figure3.6 Comparison between@rameters computed by fullave EM simulation and its

related ANN surrogate model.

Table3.2 Design parameters of the cruciform coupler obtained in each homotopy optimization
step

é dx dy D1 D2 r

- | 0.3800| 0.8000| 0.0500( 0.0800( 0.8000
0 [0.3982| 0.8541| 0.0582| 0.0894| 0.8372
0.2] 0.4592| 0.8803| 0.0649| 0.0974| 0.8691
0.4|0.4778| 0.9128| 0.0718| 0.1032| 0.8796
0.6 0.4891| 0.9435| 0.0793| 0.1107| 0.9892
0.8 0.4946| 0.9793| 0.0968| 0.1142| 1.1974
1 |0.5012| 1.1315| 0.1209| 0.1210| 1.1998

Table 3.2demonstrates that the final solution is rather far away from its initial values. However,
the consecutive solutions in the optimization process are very close totbachThis feature

makes the homotopy method an excellent candidate for such structure optimizations. Optimized
coupler performances at each stage are illustrated umé=8p, which indicates that the homotopy
optimization makes the design process gradually approach the target frequency range and achieve

the specified irband return loss, isolation, and coupling simultaneously.

After finding the homotopy optimized solati from the last row of Table 3.the EMANN model

and fullwave EM simulation are used to calculate thpaBameters of the cruciform coupler
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against these optimized and-ndermalized geometric parameters. The comparison between the
ANN modetlcalculated S parameters and EM simulation results are given umeFgH. An
excellent outcome is achieved from the NN model in spite of a slight discrepancy from the

full-wave EM simulation results, which validates the surrogate model.
3.4.3 SIW cruciform coupler measurement

The cruciform coupler is processed by ouhouse miniature hybrid microwave integrated circuits
(MHMICSs) technology which allows us to fabricate such a high precision structure for mmWw and
THz applications. An SIWvaveguide transition was designed to swa its performance. The
fabricated prototype is shown in kig 37(a). The metallic mount was built to assist the
measurement as shown in &ig 37(b). We measured the-garameters on a THz vector network
analyzer with E8257DV05 (from Virginia Diodesd - VDI) frequency extension module for

WRS5.1 which operates in the frequency range of 135 to 225 GHz. This bounds us to test our sample
starting from 135GHz. The measurement setup is illustrated umé=88. Two terminations were

used to terminate the other two unused ports. The quality of these two terminations was good
enough as the same pair of terminations were used during the calibration process. The measurement
results were carried out on the two goithe SLT (short, line and through) WRS5.1 loadtion kit

was used to dembed the measurement system at reference plad§ AD Q% 1% 7KLV FDOLEUD'
technique needs to carry on the calibration of short circuit plate as well as the matching load in the
oneport of the vector network analyzer, ahe through in the duadort. This calibration and the
correction algorithm are simple as it does not need multiple assembly standards. Fig. 9 depicts little
discrepancies between the simulated and measured results because of the calibration issues and
dimensional tolerance. Such differences in measured return loss and isolation are usual for the
couplers at THz frequencig¢$57], [158. Nevertheless, a minimum coupling of 3 dB over the
frequency range from 135 to 160 GHz has been achieved while the return loss and isolation are
below 20 dB. Thehase imbalance of 9 achieved betweerrSand S:over the frequency band.

The SIWwaveguide transitions and dielectric loss contribute to a major part of the insertion loss.
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() (b)

Figure3.7 Fabricated prototype. (a) Plar@rcuit. (b) Metallic mount
/ ‘-l;;‘* ]

Figure3.8 Measurement setup of SIW cruciform coupler

Figure3.9 S-Parameters comparison between simulation and measurement
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3.4.4 SIW cruciform coupler bandwidth and equivalent circuit

The bandwidth of an SIW cruciform coupler can be tuned by varying the diameters of the four
coupling posts. Four fulvave EM simulations are carried out with varying the diameter of the
coupling posts R Figure 310 shows that a fractional bandwidth of the cruciform coupler can be
enhanced from 33% to 43% while the diameter of the four coupling posts increases from 0.04mm
to 0.18mm at a fixed position. However, such a size enhancement of these metallic posts reduce
the return loss of the coupler from Bdo 10dB. Thus, we must make an adequate tradeoff

between iFband return loss and bandwidth during the coupler optimization and design.

Figure 311 illustrates the proposed equivalent circuit modethef cruciform coupler which is
inspired by backward directional couplgt59 and Hplane TFjunction structuref16Q. This
equivalent circuit is valid over any frequency range. It is worth mentioning that this circuit satisfies
all the unitary conditions, power conservation, and phase imbalancé bé®@en & and Si.

An algorithm for extracting the circuit parameters in connection with different coupler

specifications will be proposed in section V.

Figure3.10 Bandwidth analysis of the SIW cruciform coupler
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Port 1 / Port 4

Figure3.11 Equivalent circuit model of the SIW cruciform coupler

3.4.5 Relatedresults

Optimization procedure takes a long EM simulation time due to a significant number of iterations
depending on the optimization algorithm. Swerating time can be drastically minimized by
EM-ANN modetbased optimization. To demonstrate the advantage of homotopy optimization, we
use our developed EMNN model of the SIW cruciform coupler and implement gideswton
optimizer, genetic algorithmnad sequential nonlinear programming optimizer with the same set
of initial values and a very similar cost function. After 170, 225 and 115 iterations, respectively,
the optimizations converge with the optimized cruciform coupler responses plottedune Fig
3.12(a),Figure 312 (b) andFigure 312 (c). As Table3.3shows, all these optimizations end up in
different local minima. The performance comparison between these optimizers is shown in Table
3.4. It shows that the six steps of homotopy optimization takes few minutes while the other

optimizers take too long to converge due to the massive number of iterations.

Table3.3 Design parameters of the cruciform coupler obtained from different optimization

algorithms
Optimization| dx dy D1 D2 r
Algorithm
Quast 0.3915| 0.8646| 0.1360| 0.0961| 1.0532
Newton
Genetie 0.4424) 0.8778| 0.1148| 0.1291| 1.0909
Algorithm
Sequential | 0.4438| 0.8912| 0.1400| 0.1242| 1.1009
nonlinear
programming
Homotopy | 0.5012| 1.1315| 0.1209| 0.1210| 1.1998
optimization
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Table3.4 Performance comparison of different optimization algorithms

Optimization Algorithm Iterations | Time | Minimized
(min.) Cost
QuasiNewton 170 150 0.2
GeneticAlgorithm 225 105 0.92
Sequential nonlinear programmin 115 127 0.22
Homotopy optimization 6 6 0.02
(a) (b) (€)

Figure3.12 S-Parameters from different optimization algorithmsQ@agsinewton (b) Genetic

algorithm (c) Sequential nelmear programming

3.5 ANN modeling of cruciform coupler equivalent circuit

In the previous section, we have demonstrated how an SIW cruciform coupler structure is
optimized by the homotopy method while the BN model is used as a surrogate model. In
Figure 311, an equivalent circuit model of the cruciform coupler is illustrated, which is intuitively
drawn from the equivalent circuit of a conventional coupler afpdade Fjunction structure. We

can use the homotopy optimization technique to extract the tcpatameters as we have done
with the EM model as described in Sectibh The drawback of deploying an optimization
algorithm is the repetition of a process for each specification. For example, a cruciform coupler is
designed at 227 GHz with 3dB coupling, 20dB of return loss and isolafib4f], while another
cruciform coupler is designed for @5 GHz operation with 4dB coupling, 10dB of return loss and
isolation[149. The equivalent circuit parameters of these two examples can be extracted by the
proposed optimization procedure but this process needs two repetitions for two different sets of
specification with two sets of initial values. Thus, we need to repeattusgsN number of times

for N number of different specifications. To avoid this repetitive use of the optimization algorithm,
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for the first time, a novel ANN model development technique is proposed in this work where the
inputs are circuit specifications, and the outputs are circuit configuration. This ANN model is
trained through an automatic optimization algorithm generated 8ath data generation process
HOLPLQDWHV WKH KXPDQ LQWHUYHQWLRQ LQ WKH FRVW IXQ
extraction and writing these parameters into a file. This novel ANN model with automatic data
generation process will provide wgth a circuit configuration we need for any specifications

without deploying any optimization algorithm.
3.5.1 ANN model development algorithm

1RZ ZH SURSRVH DQ $11 PRGHO GHYHORSPHQW SURFHGXUH I
equivalent circuit parameters in terms of a desired specification. In this section, a conventional
ANN model (manual stepy-step ANN model) is developed throudiietautomatic data generation

process. The specification of a cruciform coupler is usually given in terms of the low and high
frequency points of a target band, return loss, isolation, and coupling, as gi8&#)nThus, our

goal is to develop an ANN ndel that considers these specifications as input variables and provides

the equivalent circuit parameters as output variables. We adopt again the homotopy optimization

to automate the data generation for different specifications of the cruciform couplérimy using

a circuit simulator as illustrated in kige 313(a). The overall model development procedure is

outlined in the following steps:

Step lintroduce a circuit simulatar an analytical approach such as nodal analgsihe circuit
illustrated in Figire 312 to compute its Parameters with initial circuit parameters, for
example =5 .5 .7 .g %? From the Sarameters, find the initial state variables as cost
function variables,>B B, 4 +%avhere > B, 4s found from the target frequency ban,
denotes irband return loss;+stands for iFband isolation and¥indicates the coupling
value. If a commercial software package is used for circuit simulation, it is possible to
interface it with the MATLAB platform through an application programming interface
(API). This will automate the data generation process.

Step 2Set the initial circuit parameters corresponding to the initial coupler state variables as the
cost function variables from Step 1. The optimization needs to be carried out for different
combinatory cost function variables B, 4 +%as mentioned in3(22). Lower frequency

of the target band is varied in the range ofBs; &8s With Lnumber of samples. Higher
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frequency of the target barig|is calculated with respect to the fractional bandwidth (FBW)

which is varied in the range of $9 54 $9 ¢ ith Mhumber of samples. Thei can be

calculated asB, L Q%M; It is observed from the simulations that the return loss and
7 ¢ »

isolation of coupler maintains the same level inside the band of interest. Therdfaned,

+are varied together as a single variable in the range:at ¢ Wvith Nnumber of samples.
Finally, the coupling%s varied in the range oRg &4 Aith humber of samples. The total
number of combinations from the cost function variables wilbbe L UMUNUOSuch a

set of combinatory variables is constructed inside a nested loop while the variables are
swiped in a given range with a certain step size. Update the set of target state variables after
each loop operation and store these target state varialalesappending file.

Step 3Set the upper and lower boundary of the circuit parameters. Such boundary can roughly be
found from a few simulations where circuit parameters generated response covers the target
frequencies.

Step 4Define the cost functior¥as a function of $arameters which is parameterized3i24).

The Sparameters are calculated from a circuit simulator as mentioned in Step 1. Set the
minimum target cost function value ta

Step 5Set the initial number of homotopy stepsEincrease the number of homotopy steps by 1
till the minimum cost function value is achieved-adn this way, the number of homotopy
steps becomes flexible so that it can increase or decrease, depending on how far the optimal
solution of the next optimization is located from the current solution of the optimization
problem.

Step 6Calculate the optimized circuit parameters after minimizing the cost function to its desired
level. Store these optimized parameters in an appending file. After completing each
optimization cycle, set the optimized circuit parameters as the initial graameters for
the next optimization step. Similarly, update the initial state variable of the next
optimization as the target state variable of the current optimized state. This strategy keeps
the next optimization solution close to the curresitison as the state variables of two
successive optimization problems remain close to each other. Thus, the number of
homotopy steps remains minimum which eventually reduces the optimization time. In

addition, the variables change smoothly that speetda@ipNN training process later.



78

Step 7The loop operation explained in Step 2 stops after executing the process from Step 4 to Step
6 for Otimes. This whole process provides@iset of data for training and testing the ANN
model we want to develop.

Step 8Collect the data files from Step 2 and Step 6 as inputs and outputs to train the ANN model
for the cruciform coupler circuit design. Totél sets of data are divided into training,
validation and testing set of data for the target ANN model.

Step 9Build the ANN model that allows the inputs as the cost function variableB & 4 +%
and provides the outputs as circuit parameters asg .7 .g %?

Step 10Finally, test the developed model accuracy with the test data set. The model will be able

to predict the circuit parameters accurately for given cruciform coupler specifications.

Once this ANN model is developed, it provides us with the circuit parameters for different

specifications of a cruciform coupler without deploying an optimization algorithm repeatedly.
3.5.2 Example model and results

We used application programming interface (API) between HFSS circuit simulation and MATLAB
to simulate the exampled circuit in Bigg 311. Training data is generated by varying the circuit
parameters from MATLAB followed by circuit simulation in HFSS and writing the HFSS
calculated Sparameter magnitudes into a SNP file in a predefined direcéty.generated the
training and testing data by swiping the cost function variabdie§ 4 +%in a range of various
design specifications. The lower frequency is swipedtas*V QB Qstr)*V with 100

samples, FBW is swiped asr™ Q($9 Qvr ™ with 4 samples and the corresponding higher

frequency of the band is calculatedBsL a6>"‘ >® The insertion loss and return loss are swiped

67¢»D
as a single variable as x@ ) : Qtr @ With 5 samples and the coupling value is swiped as

s@ R %Q { @ Jvith 5 samples. In totalsrarr combinations of these state variables are
generated which are set to execute the optimization loop 10,000 times. The data generation time
was recorded as 15 hours. The computer we used in this work is Lenovo SR650 Xeon Gold 6150,

2.7 GHz (2 processors, 86res) and 512 GB RAM. We covered a large range of frequency band

with flexible specifications. It is possible to minimize the data generation time by reducing the
UDQJH RI GHVLJQ IUHTXHQF\ EDQG DQG RWKHU VWDWH YDULEL
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Figure3.13 ANN modelassisted circuit parameter extraction. (a) Automatic data generation

process (b) ANN model
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Table3.5 ANN model inputs and outputs of the exampled coupler circuits

Ref. ANN Inputs ANN Outputs

(Specifications) (Circuit Parameters)
fL fu |R,|C| L1 | L2 | L3 Ly | C1
I
[148 | 22 | 26 | 15 160 | 4.0| 220| 162 | 166
[149 | 92 | 96 | 30 25.7|3.4|124| 25.7| 60
This | 135|160 15| 3 |16.0/1.7| 68 | 21 | 36
work

|_\

N

(@) (b) (c)

Figure3.14 Coupler circuit performance comparison between ANN model extracted parameters
based lumped element circuit and fmive EM simulation from (g)148 , (b) [149 and (c) this

work

An ANN model is developed and trained with the generated data as illustrated in FigFfdtb).

the stepby-step manual ANN modeling process foundthe network of size-85-35-5 provides

best model accuracy. The model is trained with 7000 and 1500 set of training and validation data,
respectively. Another 1500 set of data is used for ANN model testing. It took only 30 minutes to
train the model thatchievesan average error of 6.58and 6.768 for training and testing sets,
respectively. We used thiSBNN model to compute the equivalent circuit parameters of the
cruciform coupler designed in this work and the other two crucitmyaplers designed ifi148]
and[149 at different specifications. The specifications of the corresponding coupler circuits are
fed to the ANN model as the input vectoB B 4 +% The ANN model calculates the equivalent

circuit parameters as the output vectar; . ¢ .7 . g %?All the inductances and capacitances are
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calculated in pH and fF, respectively. The ANN model inpeis B, 4 +%and calculated outputs,

>5.6 -7 -8 Y%7according to the specifications of the cruciform coupler designgti), [149

and this work are given in Tale5. These different sets of circuit parameters from the ANN model
outputs are fed to the circuit simulator in order to calculate the S parameters from the equivalent
circuit in Figure 311. These equivalent circuit model generated S parameters are compared with
the corresponding full wave EM simulation in &ig 314 which shows a good agreement between
each other. This validates the proposed equivalent circuit model of the cruciform coupler and the
proposed ANN model development technique for equivalecuit parameter extraction.

Such technique of ANN model development for a given circuit can be deployed for any
reconfigurable and tunable circuits with few modifications judging from the optimizer
implementation aspect. A 3D structure can also be synthesized through this techmitpige.
example, we did not consider the SIW structilltestrated in Figire 32 as we need to consider
=a@a= J @along with @ d@ & & d\to fully characterize the coupler circuit in a large frequency
band. Such a large number of variables will increase the EM simulation time exponentially. Thus,
it is time-efficient to useanalytical equations tealculate =4@= J @ according to frequency
specifications and then deploy the homotopy optimization to optiniz&® & a8, = J @as
described in section IV. On the other hand, it can be seen that this method of extracting circuit

parameters will be useful for designing tunable circuits.
3.6 Generaldiscussion

The novelty of this paper has tviold. On one hand, we have proposed a transmission line
impedance equatiebased ANN framework which requires fewer hidden neurons with fewer
training samples for similar or better accuracy as compared to its convertomaerpart for
microwave simulation and optimization problems. On the other hand, we have proposed a circuit
parameter extraction technique in terms of desired circuit characteristics. First, we have developed
four surrogate EMANN model of the SIW cruéorm coupler according to the AMG technique

from [113 and manual stepy-step ANN modeling method with both of conventional and
proposed ANN architecture. From the comparison of these four surrogate models, it is evident that
the AMG model with proposed ANN architecture achieves the desired accuracy in midRiuU

time. This EMANN model is used for coupler structure optimization according to the desired

performance at a certain frequency band. Second, we have devised an equivalent circuit model of
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the cruciform coupler and then describe a-$tggtep procedure to extract the circuit parameters

in terms of the performance parameters. In both cases, we have introduced an homotopy
optimization technique. The homotopy optimization was introduced iromé&ye filter problem

in [31] for the first time. In this work, we have further investigated the usefulness of homotopy
optimization for the SIW cruciform coupler design where the cost function is more complicated
than bandpass filters as reportedidt]. Therefore, the goal of this work is not to outperform the
homotopy optimization if31], rather we have expanded its applications to the design of the SIW

cruciform coupler and its equivalent circuit parameter extraction.

In this work, the homotopy optimization was performed on the AN model of the SIW
cruciform coupler where the ANN model uses the transmission line impedance equation in its
feedforward network. However, the optimization time is independent of ANN ectlnial
formulations. Thus, whether the optimization is performed on a conventional ANN model or the
proposed ANN model, optimization time will remain the same for both of ANN model
architectures. This remains true for any other optimization algorithms, to

The main advantage of this work is the proposed ANN model development technique. This model
requires less training samples as well as fewer hidden neuron to provide desired accuracy than the
conventional ANN models. Training of such small sized networlesaghorter CPU time.
Moreover, the stepy-step equivalent circuit parameter extraction technique demonstrated in

Section V will be useful for circuit designers.
3.7 Conclusion

In this work, we have proposed a new approach to building a feedforward neural network by
adopting a transmission line impedat#@sed equation for the ANN modelling. Anldand SIW
cruciform coupler structure is designed, optimized, and characterized ntongiate the
performances of the proposed ANN modeling approach. The homotopy optimization method is
introduced to optimize the coupler structure. A set of initial design parameters are obtained from
primary dimensions which are followed by a series ohbmpy optimizations for find¢uning the
coupler design parameters. The homotopy method can optimize cruciform couplers with different
coupling, return loss and isolation over a specified frequency band. The ANN model is adopted
the surrogate modé&b accelerate the cruciform coupler optimization with several design variables.

In addition, we have developed an equivalent circuit model for the cruciform coupler. To extract
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the circuit parameters against the coupler specification, we have proposed an ANN model
development technique in which the homot@sgisted data generation is fully automated. This
method is verified by extracting the equivalent circuit parameters frerditterent 3D models of
cruciform couplers at different specification. In this work, theoretical and experimental results are

also provided to appreciate the proposed hybrid ANN modeling strategy.
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CHAPTER 4 ARTICLE 3: SWARM INTELLIGENCE -HOMOTOPY
HYBRID OPTIMIZATION -BASED ANN MODEL FOR TUNABLE
BANDPASS FILTER

Chandan Roy and Ke Wu

Published in théEEE Transactions on Microwave Theory and Techniguels 71, no. 6, pp.
25672581,20 January2023

The style High-performance tunable RF/microwave and millimetewe filter design is a
challenging task due to the lack of a basic theory. The filtering characteristics are highly sensitive
to the variation of tuning elements which are commonly modeled and achugv@atimization
algorithms. However, those optimizations only provide satisfactory results with a good set of initial
parameters. Such rangimited optimization algorithms generally have issues of falling into local
optima, slow convergence, aodmbersome implementation. To mitigate this problem, for the first
time, a topologybased local optimizer is integrated with metaheuristic global optimization
algorithms in this work. We have hybridized the homotopy method with an improved whale
optimizaion algorithm (WOA) and a grey wolf optimization (GWO) algorithm. In this work, an
artificial neural network (ANN) is formulated and studied, which hasftla applications. First,

ANN is used as a surrogate model to represent thedimsuming electrongmetic (EM) model

in expediting the hybrid optimization process of tunable filters. Second, an ANN model is
developed on data generated by the proposed optimization algorithm for predicting tunable circuit
parameters at different tuning stages. The prap&®N modetbased algorithm is then applied to

a fifth-order lumpeeklement tunable circuit and two foutinder fullwave EM simulation models

of two tunable bandpass filters (tBPFs). The calculated results out of the ANN model demonstrate

a good agreemémvith simulation and measurement counterparts
4.1 Introduction

Due to the everincreasing demand for multifunction, multiband, and mstiindard
RF/microwave wireless communications systems, tunable and reconfigurable microwave circuits
and techniques have been studied extensively. Typically, such tunable filters are ussd in ba
selective and multiband communication systems where a single transceiver operates on multiple

frequency bands. Over the past few decades, various types of planar grdnasnsingleband
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and multitband frequencyunable filters have been reported with electrical, mechanical, and
magnetic tuning method461], [162], [163, [164], [165, [164], [167], [169], [169, [17(. Such

tuning is often achieved by controlling the resonant frequency of resonators and coupling strength
between resonators by activating semiconductor (varactor) djaéés [162, MEMS devices

[163, tuning screw$§164], tuning plunger§l69, and so ofl64q, [167],[168. Few attempts were

made for tuning bandpass filters by deploying compaiged technologigd 69, [170. Different
electrical, magnetic, and mechanical tuning elements have extensively been studied in the
literature. However, such tuning mechanisms are not formulated in anpetealVed equation

based analytical models except in a few optimization models.

Different CAD tools have been proposed for tuning microwave filter design parameters such as
aggressive spaamapping (ASM)[138, cognitiondriven space mappingl39, parallel space
mapping[129, homotopy optimizatiofp31], etc. All these algorithms start with initial values that
generate the filter response with closely spaced poles. Thus, it is difficult to achieve a good
matching for detuned filters from an available optimizased filter structure as the initial values
cannot keep the poles close enough to each other. Even if the homotopy optimization achieves the
design goal from the initial guess, four poles out of five poles are closely placed in the filter
response generated from the initial design vaJ@&k In addition, homotopy optimization is a

local optimizer that cannot solve a global optimization problem efficiently. In contrast, global
optimization algorithms such as evolutionary algorithms (EAs) involve many parameters which
require significant compational resources and running time. In this work, advanced metaheuristic
optimization algorithms are proposed, studied, and used, for the first time, to find the optimized
parameters of tunable filters.

The limitation of deploying an optimization algorithm on the prediction of tuning elements of a
tunable filter lies in its repetitive use over the same circuit. To solve this problem, we formulate a
tunable artificial neural network (ANN) model which allethe frequencyuning state of a tunable

circuit as the inputs and generates the tuning parameters as the outputs. A set of smooth training
data is required for efficient ANN model training. This inspires us to generate the training data
through an optinaation algorithm where the state variables change smoothly, and the output
parameters vary in the same manner. The trained ANN model is set to solve complicditegiamon

input-output mapping problems. Such an ANN model is known as the forward [i3bdielverse
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ANN models have also been well studied in the literature where the inputs are electrical parameters,
and the outputs are geometric paramdir488].

Metaheuristic global optimization algorithms are easy to implement as no gradient information is
required. The optimization problems solved by natospired metaheuristic algorithms are set to
mimic biological or physical phenomena. Swabased techniquis one of them which mimics

the social behavior of groups of animals. These algorithms are more advantageous than EAs as
they preserve the search space information over subsequent iterations. Particle swarm optimization
(PSO)[34] is the most used algorithm. Whale optimization algorithm (W{Y4) and grey wolf
optimization (GWQO]) 79| are the two most recent swarm intelligef@sed algorithms. The WOA

is inspired by the bubbleet hunting behavior of humpback whales and the GWO uses the
leadership hierarchpased hunting behavior of grey wolves. The WOA introduces a stochastic
methodfor population initialization and the leadership hierarchy of GWO is executed by four types

of grey wolves named alpha, beta, delta, and omega. Even though both WOA and GWO possess a
strong potential for solving optimization problems, these algorithnhsstier from low accuracy,

slow convergence, and easy falling probability into local optimal values as in other metaheuristic
algorithms. To overcome these drawbacks, various modifications are proposed in the literature
[171],[172,[173,[174, [179. EspeciallyA nonlinear adaptive weight and golden sine operator
(NGS'WOA) based WOA was proposed to overcome the shortcomings of low precision and slow
convergence[175. In this paper, we adopt the N&BOA due to its fast convergence behavior.

On the other handGWO has also been utilized in fuzzy control systems ({1S€), photovoltaic

(PV) system¢177], ANN model training17§ etc.

Both WOA and GWO demonstrate promising performances in avoiding local optima compared to
other conventional algorithms. The search space of microwave tunable filters is ualigathyvn

and complex where many local optima may exist. These metaheuristics handle such problems,
efficiently. However, according to the No Free Lunch (NFL) theorem, no metaheuristic can solve
all the optimization problems sol€80]. Thus, one algorithm solves a certain problem while other
problems cannot be solved satisfactorily. This inspires us to investigate suitable metaheuristics for
microwave engineering applications. In this work, we propose a hybrid optimization technique
where WOA and GWO are compared intelligently and integrated into a mathefregied local
optimizer to achieve better accuracy for tunable filter optimization. We exploit and develop the
NGSWOA and GWO to generate population randomly in an arbitrary sespabe and to
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converge to the best position by bubbkt feeding behavior and leadership hierarchy, respectively.
The best position is achieved from the algorithm that provides a minimum value of a predefined
cost function. Then, we apply the homotopy algorithm tockefar the best solution in its locality.

In this case, the homotopy optimization starts from a good set of initial values generated by the
improved WOA or GWO and it can reach the design goal gradually. Usually, global optimizers
become slow when the cent solution is near to the optimal solution. The homotopy optimization

is integrated to these global optimizers to expedite the search for optimal solution. It is worth to
mention that the homotopy method as a local optimizer could be used before grmemialtion

of global optimizers. However, the homotopy optimization in that case should begin with a set of
initial value which requires the prior knowledge of a tunable filter under consideration. In this
work, the swarm intelligenebased optimizationsra followed by the homotopy optimization so

that the prior knowledge of the tunable filter under design is not required for a good set of initial
variables, which are provided by the N@BDA or GWO automatically. Hence, the proposed
method reduces the wddad of a tunable filter designer with an automated algorithm. The
homotopy optimization is a mathematieased algorithm that comes from the concept of topology
and differential geometrf152. This local optimization technique works well with a good set of
initial values. It defines a series of intermediate problems rather than solving a problem directly.
Finally, we train the ANN model with the proposed hybrid optimgenerated data to pretithe
tunable circuit parameters for a given frequency tuning state of the filter. We also use-the EM
based ANN model as a surrogate md@2] to expedite the optimization of a tunable bandpass
filter (tBPF). In this case, the ANN model uses the tunable parameters as the inppeaach&ters

as the output.

The rest of the paper is organized as follows. Section Il briefly presents the ANN model and the
homotopy optimization method. Section Il introduces WOA with its improvement and the GWO
algorithm. Section IV explains the proposed ANN model developmentgdure for filter tuning.
Section V lillustrates one ideal lumped element tunable filter circuit and twewdwi
electromagnetic models (EM) of two tBPFs to demonstrate the proposed tuning method. Section
VI consists of a comparison of the proposed oation algorithm with others and related

discussions. Section VIl concludes the findings of the work.
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4.2 ANN model and homotopy optimization
4.2.1 ANN model

A commonly used neural network structure, multilayer perceptron (MLP), is adopted in this work
for ANN model development where neurons are grouped into different layers. The first and last
layers are called input and output layers while the remainingsarerknown as hidden layers.
For the . number of layers, hidden layers are from 2. t& s assuming that there exists toGy
number of neurons irhqolayer, whereHL sd & 4a. The connecting weight betwedf neuron of
tHF s;‘?UIayer andE%neuron of thel-qolayer is denoted a§5y /HWTV I XUWKH#s BVVXPH W
input to the MLP WhiIe\ﬁrepresentS the output from the O D\ HDrfewrron. Let>5be the bias
term of each neuron af° O D \ HElhBWon. The weight and bias vector are initialized with random

variables in the range of [0,1] before the training phase. These parameters get updated through the

training process. The feedforward computation is given by

\ L TAEL sddd @54 L Og VS,
VB L e@yy SEV® E SBAaEL sa a0 aHL taid & VA ;
WL V&L sd& 04 L 04 VA

where the input vectovector TL STz Tg & Té’? and the output vectotJL >4 U a U ?. The
weighted sum is fed from one layer to the next through an activation function. In this work, the
sigmoid and linear functions are used as a hidden neuron and output neuron activation function,

respectively.

Two ANN models are developed in this work. The first is the-&NN model of a tunable filter
structure that accepts tuning screw heights of the tunable filter and frequency variables as inputs.
The second is the final tunable ANN model that considers ritieat frequency points of a
bandpass filter. Such geometric dimensions and frequency variables vary by many orders of
magnitudes. The sigmoid activation function saturates for large input values where the derivatives
become close to 0. Such values resula slow ANN model training. To accelerate the model
training, we preprocess all the input variables in the rangd-efE s during the training phase

and afterwards, we map back the scaled model input value to the origingdBdjldéghe EMANN

model provides the outputs agp8rameter magnitudes which remain in the ranger @ ?or a

passive network. Therefore, a preprocessing is not required at the outputs. On the other hand, the
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tunable ANN model has the outputs of circuit parameters of lumped element tunable circuit or
geometric parameters of the dlnable filter model which requires the preprocessing for the
outputs of the ANN model.

In any case, Levenbert@ DU TXDUGW TV D 198 UsLMEK Por treiring both the ANN
models in this work, which is fast and efficient for spsled networks.

4.2.2 Homotopy optimization

The homotopy analysis method (HAM) is a powerful mathemdidsed tool for theolution of
nonlinear problems which stems from the concept of topology to generate several convergent series
solutions for nonlinear systems. It is an analytical approximation method for solving any
small/large physical parameters involving nonlinear |gnmls, which provide us freedom on

choosing base functions and initial gue44&&]. The homotopy method can be expressed as
*:=d) L:sFU(:s;EU)= IV
where UD > &?is the homotopy variable( :=; and ) :=; are homotopic wherg( :=; is an
optimization problem whose solution is known ahd=; is the target problem. With the gradual
increment of homotopy variabldfrom 0 to 1, the function( : =; gradually deforms tg :=;. The
Ugrows from 0 to 1 ag O 4} O 4 O ® O s which introduces several intermediate homotopy
problems * : =4J;. Each timeUgrows by a little bit, the renewed optimization problem remains

alike to the current problem. Thus, the solution to the renewed problem will be in the current
VROXWLRQYTV QHLIJKERUKRRG

4.3 Swarm-based metaheuristic algorithms

In this section, we describe the mathematical formulations of the whale optimization algorithm
(WOA) [74] with one of its improved version (NG&OA) [175 and grey wolf optimizer (GWO)
[79].

4.3.1 Whale optimization algorithm (WOA)

The mathematical optimization formulations are unfolded in three steps, namely prey encircling,
bubblenet feeding maneuver, and prey searchifdj. In the first step for the prey encircling, the
whales recognize the prey's location and encircle them. Primarily, the target prey is considered as

the current best candidate solution as the optimal solution is unknown. This search candidate will
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only be updated if a better candidate solution is figured out. Such behavior can be formulated as

&L 9% &P F &P+ Vi

‘&PEs: L : &P F #as& TV

where #and %are the coefficient vectors, &s the so far achieved best solution of the position
vector, :&is the position vector, is the absolute value andis an elemenby-element
multiplication. Upon each iteration the value of: ®eeps updating if there is a better solution.
Here, #and %are expressed in terms of a random vedfbr the range of [0,1] and a linearly

decreased vectogfrom 2 to 0 throughout iterations (in both exploration and exploitation phases).

Different places around the best agent can be achieved with respect to the current position by

adjusting the value offand %vectors.

Bt R & VY,
WL t 4 VE;
The second step, the bublrlet attacking mechanism is mathematically formulated in the

exploitation phase by using shrinking the encircling mechanism and spiral updating position. The
shrinking encircling mechanism is established by reducing the val&&WKDW HYHQW XD O O\

WKH YBROXHWKH VSLUDO ORFDWLRQ XSGDWH WKH GLVWDQFH
FXUUHQW ORFDWLRQ LV FDOFXODWHG $ VSLUDO XSGDWH HT}
PRYHPHQW EHWZHHQ WZR ORFDWLRQV DV

&PE s; L &8° % K:0e HF : &P V4 ;
& & + &P F &P+ VE T

ZKHEBGHQRWHY WKH S5 KDVDH AHR RIWKBKSIO\GRP QXPEHU LQ WK

@ EGEILQHV WKH VKDSH RI ORJDULWKPLF VSLUDGRZKLFK |
EDODQFH EHWZHHQ VKULQNLQJ HQFLUFOLQJ PHFKDQLVP DQG
XVLQJ WKHVH PRGHOV LV HTXDO 7R LPSOHPHQW WKH PDWK
UDQGRP QKOBEWMKH UDQJH RI > @ 7KH VKULONLQJ HQFLUFOLC
PHFKDQLVP DU HOR KRR &Rdspectively.6 XFK PHFKDQLVPV DUH JLY}
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&P F#AA LOrav

‘&PEs; L J 3
&EBO K:Oe HF : ®P4 LRrav

VS S

where p is a random number in the range of [0,1].
In the last step for the prey searching, a similar strategy is adopted ba#feari@tion. To perform

the global search, thévalue is selected randomly which is greater than 1. This is mathematically
modelled as

&L 9%:& o4 F & Vst
‘&PE s; L :& 4P F #as VE U
where :& ¢ 4is a random value that represents a random whale selected from the current population.
Even though the abowexplained intelligent position updating algorithm renders the WOA
superior in the global exploration, it has the drawbacks of too many random parameters; random
selection of exploitation and exploration phases; and easy fallingoicsib dptima on mukpeak

functions. To mitigate these issues, an improved WOA is propoddd thbased on nonlinear

adaptive weight and golden sine operator.
4.3.2 Improved whale optimization algorithm (NGSWOA)

An appropriate transition between global exploration and local exploitation improves the
optimization performance significantly. The changes#nd | affect the balance between
exploitation and exploration, which directly affect the algorithm performance. To minimize the
randomness of the algorithm, a nonlinear adaptive weight was introduced to adaptively adjust the
parametersfand| [175. The nonlinear adaptive weigBt is expressed ind(14) wherek is the
convergence adjustment factérand T are the current iteration and the maximum number of
iterations, respectively. Different k value® (3§ are experimented, and it is found that 0.5 provides

the best convergence eff¢t7y.
5 .. P y
%L—Ga&E...‘@AC VBV,

Equatiors (4.6) and 4.13) of the shrinking encircle mechanism are updated after introducing the

nonlinear adaptive weigl@; as

&PEs; L : &P F %pafa VE W
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&PEs; L & paxP F %abss VE X
Equation 4.9) of the spiral update mechanism is updated as follows

&PE s; L &80 %p K:0e HF : &P VB Y,
7 Koughout iterations, the nonlinear weight accelerates in the downward direction and the values
of #and | reduce significantly. The shrinking enclosing mechanism and the spiral update
mechanism bring the search agents closer to the target value area, which improves the exploitation

ability of the algorithm. The introduced nonlinear adaptive weight adequaljelsts parameters

#and| to balance the exploration and exploitation stages.

An improved golden sine operator was introduced in WOA for better convergence where the search
agent scans the search space effectively with a sinusoidal route that enhances the global search
capability of the WOA175. In addition, the golden section coefficient narrows the explored space
continuously and search agents keep searching the areas with excellent results to improve the local
exploitation feature of the algorithm. The improved golden sine operator incteasedentation

coefficient based on the golden sine operator and improves the routing of the search agent. The
LPSURYHG JROGHQ VLQH RSHUDWRU LV XVHG WR XSGDWH WK

&PEs; L :&P&ec¢N; ENasN; &t & &R F 1 (4&P+ VE Z
| s L FtéE:sFi;&aeé v {;
|l g L FteEi&e VAT ;

wherer; andr; are the random variables that control the moving distance and moving direction of

the search agent, respectivaty. andnmp are improved indentation coefficients that drive search

agents closer to the target value in longer stejssthe golden section coefficient which is derived

as 0.614179. $IWHU FDOFXODWLQJ WKH V#HIB)EX)ardH4QAVHe, V>, SRVLWL
my and m are updated by4(19) and 4.20). Finally, the position of the search agent is updated by

(4.18). This process keeps repeating till the stopping criteria is met, which is the maximum number

of iterations in this case.
4.3.3 Grey wolf optimization (GWO)

The grey wolf optimization (GWO) is inspired by their social hierarchy and hunting strategy
which is executed in three stegp®] ,Q WKH PDWKHPDWLFDO IRUPXODWLRQV
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DQRQG GHOWD / UHSUHVHQW WKH EHVW WKUHH VROXWLRQ
SURFHVV LV VXSHUYLVHG E\ WKHVH WKUHH FDQGLGDWHV 2W

Each candidate solution is considered as a vector in
&L T 4T, 4 & 4Ty ‘vds;
wherex UHSUHVHQWY WKH FXUuisisgakthzpaCeldiMersikn/ LWLRQ DQG

In the first step, the encircling of preyf@mulated as
&L 9% &P F &P+ vt ;
&PEs; L : &P F #a8 v u;

wheret denotes the current iteratiofand %are the coefficient vectors, &V WKH SUH\{V SRV
vector, :&s the position vector of a grey wolf, is the absolute value andls an elemenby-

element multiplicationThe two coefficient vectors are expressed in terms of two random vectors

Mand NRin the range of [0,1] and a linearly decreased vedfsom 2 to O over the course of

iterations.
Bt BDRF & VA V;
%L t AW VAW,

In the second step, the grey wolves locate the potential position of the prey for hunting, which is
JXLGHG E\ WKH ILUVW EHVW VROXWLRQV QDPHO\ DOSKD
solutions will be saved and kept updated over the iterabR VXSSRUW RWKHU RPHJDV

their positions. Such a hunting strategy is mathematically modelled as

& L 9%a& F & VA X;
& L Yga& F & vdy;
& L 9558 F & vdz;

where &, &and & DUH WKH XSGDWHG GLVWDQFH YHFWRUV EHWZH}

OHDGHU ZROYHV . D Q G %are &aRctidted Frand(@B)y avd-REs Wdrpdsition
Rl RPHJDV &%reprBsErts an approximate position from the distance vector between
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omegas and other leader wolves &% & and & respectively. The mathematical formulations

are
& L & F #&k&& o vd{;
& | & F #8k&&o var,
& L & F #8k&o Vil s

The newly updated position vectors are expressefsagere :&is the newly updated position
from alpha position:& and the distance vectd The coefficient vectorst®are calculated from

(4.24). & and :& are calculated in the same manner :&s The new position vector can be

calculated from a simple average as

& PE s Lm

val t;

In the third step for attacking prey, t@YDOXH LV GHFUHDVHG IURP WR RYH
UHG¥FE@ WKH LQWWUYDO RI >

Since WOA and GWO were first proposed ] and[79) WKHVH RSWLPL]JHUV FDXJK\
attention from various engineering fields. However, microwave engineering applications are rarely
explored with these algorithms, which inspires us to explore their potentials in solving highly

nonlinear problems fanicrowave engineering applications.
4.4 Hybrid optimizer assisted ANN model development algorithm

ANN model has been widely used due to its outstanding generalization capability. Such
generalization comes from the accuracy of ANN model which relies on the training data to learn
the specific problem. In this work, our main goal is to develop an ANN hwddeh provides the

filter tuning parameters against the frequency characteristics of a tunable filter. In order to train the
ANN model for the tunable filter, we need to generate the tunable parameters corresponding to the

critical frequency points of thtunable filter.

It is hard to find the tunable parameters at different stages of the tunable filter due to the lack of a
theory. This is usually done by an experienced filter designer on-anidarror basis. However,

such a technique is impractical for the collectadna large set of training data. Therefore, we
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propose a hybrid optimizatidmased data generation technique without human intervention. Once
the training data is generated, the ANN model development becomes easier as the inputs and
outputs are smoothly varied during the data generation phase.

4.4.1 Cost function definition

The goal of any optimization algorithm is to minimize a certain cost function. &tadt function

is defined in terms of the key parameters involved in a target problem. In the microwave filter
characterization problem, the key parameters are passband return loss and stopband insertion loss,
respectively. According to the filter specdtons, both of passband return loss level and stopband
insertion loss level contribute to the overall cost function. In case of BPFs, we prefan the S
response inside ¢hpassband that should be below the prescribed return loss level and the S
response inside the stopband should be below the prescribed insertion loss |dv&$) Jisiich a

cost function is mathematically formulated as
- LefShge,84?ES Ue f $25,5, & +? VI u

where passban@B) is between the edge frequencigand B; the stopband3B edge frequencies

are B, Band B as illustrated in Figre 41. B is considered, keeping in mind that the spurious
frequencies may occur due to the higheter modes. For the target tunable filter, the passband
return loss leveRis fixed at 20 dB and the stopband insertion loss lergdixed at 30dBw is the
balancing coefficient between passband return loss and stopband insertion loss which is set at 0.3
in this work. The parameters in the cost functib83) are

2LBRBBRRB? VA,

Prescribed
A Re
1] Level (20d13)

b2
=
~

Magnitude (dB)
L \
=

-~

-60

-80

T v
'.1 fz f.l r4
Frequency (GHz)

Figure4.1 Typical SParameters of a sixth order BPF
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START

Set and calculate following design parameters
from predefined filer speeilications:
1. Number of tuning states, p
2. Frequency step size, AT

Set following optimization parameters:
1. Optimization lower and upper bound
2. Total number of search agents
3. Maximum number ol iterations
v
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v
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1. Calculate CF by using 1. Calculate CF by using
Circuit model *OR’ Circuil model “OR’
EM-ANN model EM-ANN model
2. Minimive the CF 2, Mininmize the CF

! !
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(between NGS-WOA and GWO}
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|
I
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| |
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| |
| |
| |
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| |
! I |
I
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| |
| |
| |
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| |
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| |

Return the best posilion [rom the Best Optimizer
I :
Initial circuit paramelers = Best Optimizer returnced best
position

Hybrid Optimizer

Homotopy Optimizer
1. Calculate CI by using
Circuit model *ORR* EM-ANN model
2. Minimize the CF

Return the optimized circuit parameters from the Hybrid Qutputs to the
Optimizer ANN Maodel

| END when N—p-1 |

Figure4.2 Flowchart of training data generation

These parameters in the cost function are considered as state variables for optimizing the tunable
filters. Figure 41. illustrates critical frequency points from an arbitrary spattter tunable filter
which are expected to shift right or left according to its specific applications. Our goal is to extract

the tunable parameters against certain state variables ofrhkldufilter. For a continuously
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frequency tunable filter, its frequency parameters 484) are supposed to be varied

synchronously. Thus, we keep varying these frequency variables during the optimization process

to obtain the tunable circuit parameters.

4.4.2 ANN model development algorithm

Here, we describe the proposed training data generation technique by the hybridization of

advanced optimizers. Once the training data is collected, the ANN model can be developed. The

overall model development procedure is as follows:

1.

Design a lumpe@lement circuit or a fullvave EM model of a tunable filter circuit. Define

the filter specifications, such as starting and ending of the interested frequency band with the
number of frequency points. Get a rough idea of the frequencydwandvhich the filter is
tunable. Define the total number of tuning states¢cording to the total number of required
training data sets and calculate the frequency step sg&or example, if we want to have

L L srrtuning states of the tunable filter in the range of 1 to 10 GHz, the steps84e,
'srFs; srrLra{)*V

Identify the tunable parameters and set their lower and upper optimization boundary that
covers the roughly estimated tunable frequency range as speculated th Sep the
maximum number of iterations and the total number of search agents for botlVRBS

and GWO. These are the only two parameters required to be set up before the optimization
starts. Usually, 10@Q00 iterations are used with 50 to 70 populatidhghe optimization
problem involves high dimensional variables, the population and the number of iterations
can be increased to improve the overall convergence behavior.

Setup a loop command fd¥ that is initiated with 0 and increased by 1. FbiL r, the first
optimization is carried out. As the loop continues, successive optimizations for different
tuning states are executed.

Update the frequency state variables with the increment addéd; B/ The target state is
preset at>B B B B B?or O L r which is considered as the first optimization under the
operation. The first target state would be tuned at the lowest tuning state of the filter which
will be updated according to the incremdhg Bover each operation of the loop. Basically,

in each loop operation; Bis added to each variable of the consecutive tuning stat@ssas

incremented by 1 over each iteration. Therefore, in each operation, the target state variables
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change a little. This provides a smooth change in data sets which makes the ANN model
training easier afterwards. Write these target state variables in an appending file.

5. Define the cost function or objective function we want to minimize through the course of
iteration inside the optimization functions. The cost function for tunable filters is formulated
in (4.33). As the parameters id.84) keep changing with each loop operation, the value of
the cost function also keeps varying.

6. At this stage of the algorithm, the N&BOA and GWO run their own optimization
procedure separately, which tries to minimize the cost function throughout iterations till the
stopping criteria is made which is the maximum number of iterations in thisTdaseost
function in @.33) is a function of S parameters which is calculated either from a circuit
simulator or a timeonsuming fulwave EM model of the tunable filter. This fullave EM
model is replaced with the EMINN model of the tunable filter to speed up the optimization
process.

7. Once both the optimization process is completed, we end up with two differsrdf set
optimized variables. At this stage, the final cost function value from-M&&\ and GWO
is compared. The optimizer that provides the lowest cost function value amonrgViOBS
and GWO, is selected as the best optimizer and corresponding optimized saarabdent
to the next stage of the algorithm.

8. The best optimized variables calculated from step 7 is considered as the initial circuit
parameters for homotopy optimization at this stage. These initial variables are optimized
from either NGSWOA or GWO which is a swarsimtelligence based global optineiz Thus,
homotopy optimization gets a very good set of initial values to start the optimization
procedure further. The populatimased optimizers become slow when they are close to the
optimal solution. That is why we add homotopy optimization at thigesas a local optimizer
to find the best solution in the neighborhood quickly.

9. The homotopy optimization algorithm is applied on the same objective functiagh38) (
with apredetermined number of homotopy steps, desired passband return loss and stopband
insertion loss, respectively. As the initial variables are already computed by a global
optimizer, homotopy needs very few steps (around 4 to 6) to get the best resultakbgh
a few minutes of CPU time only.

10. The hybrid optimizebased calculation for a single optimization problem ends with the
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completion of the homotopy optimization. The final best solution from the hybrid optimizer
achieves minimum cost function throughout the process. Record these optimized circuit

parameters in an appending file.
The loop command that was initiated in step 3 keeps repeating till the stopping criteria is

made which isO L L F s This stopping criterion depends on the number of data sets
required for ANN model training.

Once the data generation is completed, collect the data files from step 4 and step 10 as the
inputs and outputs for target ANN model training and testing. We use 80% and 20% of total

data for training and testing of the target ANN model, respectively.

%Circuit Specification
Target pasdandReturn Loss
Target stogbandinsertion Loss
Target critical frequency points cost function parameters
%NGS-WOA and GWO algorithms
Number of search agents
Maximum lterations
Optimization boundary
= -[1LAE(0)5F 9 1#]
;= -[1LR() 9 D]
8=N_r :0)5F9 1#; = [3.3, 84, =
8=Nim yo1;= [3,>, 44, %
%Switch between NGSWOA and GWO
B: < ;
HWHEEHB=NE>HA0- 8=Nm :0)5F9 14
ADA
WEEHB=NE>HO= 8=N 1 m )9 1;
%Homotopy Optimization
+ FEH/EN? QP2 =N=I APANG=  +J FEH8 =N=>HO
Homotopy Steps
Calculate optimized variablesarting from inital parameter:
<= -[1LAE (* Kl KKLU]
8=Nim vk kawey;= [ 2,3, 88 &
( B=HYANXCEP2=N=I APANO= 8=N g :+ ki kmxLU;

Figure4.3 Pseudo code of the proposed hybrid algorithm
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To better understand the hybridization mechanism of NG, GWO and homotopy
optimization, the pseudo code of theoposed hybrid algorithm is described and presented in
Figure 43. Here, the first code block refers to the target tunable filter performance and the second
code block represents the N®BOA and GWO algorithm aslLP EQO)5F 91#,; and

1L PE)I9 1 ;which determines the cost function value :aand ; through the rule of4.33).

8 Nscugappeo; and 8N z.pape are theNGSWOA and GWO algorithm optimized
variables respectively. ThLeNGSWOA and GWO algorithrgenerated cost function value is
compared in the third code block under amlffe statement. The initial variables are decided
according to this comparison, which are forwarded to the next code block as initial circuit
parametergor homotopy optimizationl L P EXK | K P KL The homotopy method starts by a
stepby-step optimization process, considering initial circuit parameters as initial variables and
REWDLQV WKH ILQDO VHW RI8WPsHR EH s Whie \thél to$t\Munétdi) L D E O H

value is further minimized te. Therefore, theost function value from tidGSWOA and GWO

Is compared, then the best optimized circuit parameters from one of these algorithms are considered
for the homotopy optimization as initial variables. Finally, the optimum circuit variables are
determined by the homotopy optimization. Swuchybridization technique allows us to take
advantages of the swarm optimization algorithms (WOA and GWO) and makes use dby step

step mathematiesased optimization algorithm such as homotopy method to obtain the maximum

optimization for complicatedrpblems in an accurate and prompt manner.

The proposed hybrid algorithm requires a careful selection of few parameters such as total number
of homotopy steps, optimization boundary, total number of search agents/population, and
maximum number of iterations for NGSOA and GWO algorithm, respectiye The choice of

such parameters requires a filter designer experience to some extent. For example, the optimization
boundary of the variables is decided according to the desired tuning range of the filter. The number
of homotopy steps is decided witheednce to the filter response corresponding to the initial circuit
parameters. As the initial circuit parameters come from either-WG® or GWO algorithm, a

few homotopy steps are enough to find out the optimum circuit parameters. The total number of
seach agents/population and maximum iterations are chosen based on the dimensionality and

complexity of the optimization problem. Highly dimensional optimization problems are
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complicated to solve; therefore, they require more population and iteration to better minimize the
cost function. These difficulties can be avoided by observing few test optimizations for the target

problem.
4.5 lllustrative examples

In this section, three tBPF examples are demonstrated to validate the proposed approach. First, a
fifth-order lumped element theoretical BPF circuit fidmd is tuned to exhibit that the theoretical

BPF models can be tuned appropriately where the practical aspects such as parasitic effects are not
considered. Second, a fowdhder, dual mode tBPF fropd8( is tuned to show that the proposed

model predicts the tunable parameters of a practical circuit successfully. Finally, acioi@rth
dualpost resonator based tBPF fr¢t81] is illustrated to prove that the proposed approach can

also be used for the practical constant bandwidth tBPFs.
4.5.1 Lumped element tunable filter circuit

Here, we demonstrate a theoretically developed tunable BPF circuit to exhibit the working principle
and outcomes of our proposed algorithm. Before starting the data generation process for developing
the ANN model, weshould select a prototype of tunable bandpass filter. Theoretically, a pair of
UHVRQDWRUYV DUH FRXSOHG E\ DQ LGHDO LPSHGDQFH RU DG/
elements are widely used among many approximate equivalent circuits of an idedhmog
inverter[182. Such models have a pole at the infinite frequency or at zero frequentg3na

practical impedance inverter places an attenuation pole at a finite frequency which shows that the
finite pole lies above and below the passband for a positive and negative value of the inverter,
respectively. The negative element values from the appate inverter model are usually
absorbed into adjacent elements, which turns into a mixed coupled circuit. By introducing tunable
series and shunt pair of capacitors, it would be possible to tune the finite zeros in the lower or upper
stopband along witlthe resonant frequencies which result in a fully tunable or reconfigurable
prototype[179. Thus, a tunable or reconfigurable filter design starts with a filter prototyping with

transmission zeros followed by the tuning of relevant capacitors accordingly.
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Figure4.4 Fifth order tunable BPF prototype

f‘1 fz 1(‘3 f4 fs
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Tunable ANN model

Y OV vy Vv v

COI C02 C03 CIZ C23

Figure4.5 Tunable ANN model

Figure4.6 S-Parameters from tunable ANN model generated BPF circuit parameters

Table4.1 State variables at different tuning state (ANN model inputs)

State | f1 (GHz) | f2(GHz) | f3(GHz) | f4(GHz) | f5 (GHz)
1 1.61 1.81 2.05 2.25 3.0
2 2.60 2.80 3.04 3.24 3.99
3 3.34 3.54 3.78 4.08 4.83




State | Co1 (pF) | Co2(pF) | Cos(pF) | Ciw2(pF) | Ca3(pF)
1 8.05 8.71 6.98 3.61 6.47
2 3.16 3.35 4.19 3.15 1.79
3 2.01 2.03 2.65 2.03 1.11
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Table4.2 Tunable circuit parameters of lumped element circuit model (ANN model outputs)

The abovementioned theory is adopted to develop a {dther tunable bandpass filter prototype.

In such a prototype, two transmission zeros are placed atffieefeencies by deploying mixed
coupling between the resonators. Capacitors are the only tunable parameters considered in this case
as illustrated in Figre 44. Inductors are fixed as,sL rdul*a, gL .4.7L r&@uw*asggl

sdzJ* =J @7 L saw *d0nce the prototype is fixed, we begin with the data generation
process. First, we define the filter specification such as frequency range, frequency spacing, desired
passband return loss and stopband insertion loss. Then, we write the nodal etpaastbns
MATLAB function of the circuit shown in Figre 44. This function calculates thefarameters

against the capacitance variables. Next, we write the cost function as expres$88)irio(
repeatedly use it inside different optimization functions. At this stage, we specify the optimization
parameters such as the number of search agents, maximum number of iterations, lower and upper
optimization boundary of the variables. Afterwardse wnplement NGSVOA and GWO
separately to calculate the variables after minimizing the cost function. EitheWN#Sor GWO
calculated optimized variables are considered that provides a minimum cost function value. These
optimized variables are then fealhomotopy optimization as the initial set of variables to search

for the local best solution. A few homotopy steps are required to find the final optimal set of
variables. This entire hybrdptimization process keeps calculating the optimized variables f
different set of target tuning state of the filter till the stopping criteria is met. In this example, we
JHQHUDWH WKH GDWD LQ WKH UDQJH RI *+] WR *+] ZLWK D V\
boundary and the upper boundary are set at h@A 2 pF for each capacitor variable. The number

of search agents for NG&OA and GWO is considered as 80 and the maximum number of
iterations is set as 200. Only 5 homotopy steps are used to get the final optimized parameters in

each operation. The totdhta generation time is recorded as 35 minutes.

The ANN model with 830-30-5 neurons is developed to train the tunable model as showruireFig
45. After LMA training converges, the 30-30-5 model achieves the average error of & Xad
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2.5e6 for training and testing sets, respectively. After the ANN model development, we feed the
ANN model with three state variables in the formx B B B B ?as given in Table 4.1The

circuit parameters from corresponding state variables are calculated &@&hNkhmodel as given

in Table 4.2 We simulate the circuit of Fige 44 with the parameters from the ANN model to
examine the filter performance. Circuit simulategheéBameters from a different set of circuit
parameters mentioned in Table Il are plotted iruFeégl6. It depicts that the passband return loss

and stopband insertion loss have been well preserved for a given tuning state of the filter where the
passband bandwidth is retained constant (~0.24GHz) over the tuning range. Therefore, the
developed tunable ANNnodel is validated. Point should be noted because of the narrow
bandwidth design of the tBPFs (~0.24GHz),Ufeg46 illustrates three reflection zeros inside the
passband even though all these responses are generated ffeondarstBPF. If the same filter

circuit is designed for a larger bandwidth, all the five reflection zeros will be noticeable inside the
passband. For example, five reflection zeros are visible in a 0.74GHz bandwidthEBBEF (
tdat)*Vv=J@ L t§x)*\) with the following circuit configuration:.,s L rqusl*a gL
ga7Lbraud*agegl s {sl*adg;L sdutI*a and %sL %eL WL (847L vdviv(a

%eL r&L (85,L vax (a

4.5.2 Electromagneticmodel of tunable filter-1

In order to test the performance of the proposetdhble filter design procedure with practical
structures, a fourtbrder WR90 standardased waveguide fed tunable bandpass filter (tBPF) is
considered which was originally designed, fabricated, and measydgDjnin this tBPF, the first

and fourth resonators operate in fundamental modgo T#hile the second and third resonators
operate in dual modes Tk and TEkio. The tuning screws are positioned inside the cavity where
electrical field strength is maximum. These locations can be found from the electric field
distributions inside the cavity. As illustrated in &ig 47(a), the screws of depth vitune the
fundamental mode, while the screws of depth &iad via tune the dual modes. Other screws are
deployed in the middle of coupling irises for post fabrication coupling tuning. Muageld vector
fitting method from[184] and[185 was used to tune the tBPF. Here, we achieve the tuning

parameters of this tBPF from the ANN model developed by our proposed technique.

Before starting the data generation for the tunable ANN model, we develop -#&NEMnodel

for the tBPF as shown in kige 47(b), which accepts the tunable parameters as the inputs and
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provides the real and imaginary parts ef &d S as the output. This EMINN model will be

used as a surrogate model during the hybrid optimization operation to speed up the data generation
process that will be used to train the target tunable ANN model later. To generate the training data
for the EMANN model of the tunable BPF illustrated in &ig 47(a), the design variable vihas

its value in the range of 6080 mil with a step size of 10 mil, and both design variablgand

viaz have their value in the range of 2200 mil with a step size of 10 mil. In total, 343 frequency
sweeps for the tunable BPF were carried out in HFSS for six hours of simulation time. Each
frequency sweep contains 251 frequency points o\t GHz. The dveloped EMANN model

has 450-50-4 neurons. After the LMA training converges, the developed ANN model achieves an
average error of 3.38 and 3.6 for training and testing sets. The comparison between the EM
simulation results and the response caledatly the ANN model at a tuning state is given inuFég

4.8. It demonstrates that the surrogate model matcheeBectly while the & is a little deviated

from the EM simulated result. Such discrepancy iniSacceptable as long as it preserves the
return loss level inside the passband and the number of noticeable reflection zeros. A designer
should make a tradeoff between the model accuracy and model training time. To achieve a better
matched & response from the surrogate model, the model accuracy can be substantiated at the
expense of computational cost and training time. Overall, good accuracy is achieved by the
surrogate model. Once the EMNN model is trained, the data generation processdoeloping

the target tunable ANN model can be initiated.

“ = 7H— ;' % via, vid, via, Freq
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Figure4.7 Tunable BPF (a) Electromagnetic mofiE#8(. (b) EM-ANN model

The data generation process is followed step by step as outlined in section IV which took 8 minutes

to accomplish. We generate the data in the range of 9GHz to 12GHz with the step size of
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11.95MHz. To calculate the cost function inside the optimizer, we use the aforementioned EM
$11 PRGHO 7KH RSWLPL]DWLRQYV ORZHU ERXQUGiRWMaPpQG XSS
as [60, 140, 140] and [180, 200, 200], respectively. The number of search agents fafQIGS

and GWO is considered as 60 and mhaximum number of iterations is set as 150. The target
tunable ANN model is developed withZ»25-3 neurons as illustrated in kige 49. After the

LMA training converges, the model achieves the average error 6ff6aBd 6.7€7 for training

and testing sets, respectively. After the ANN model development, we feed the ANN model with
three state variables in the form & B B B B Avhich provides the tunable parameters as 1Via

Viaz, Viag] from corresponding state variables as given in Tdt8eWe simulate the EM model

of Figure 47(a) with the tunable parameters corresponding to the frequency state variables from
the ANN model. The EM model generategp@ameters from a different set of outputs from Table

[l are plotted in Figre 410 along with the measured results. These figures illustrate a good tuning
performance of the BPF which is well compared with the simulation and measured results.
Therefore, the proposed approach successfully achieves the tunable parameters of tB&€Farget t
design that satisfies the prescribed constant bandwidth requirement. The photograph of the
fabricated filter is illustrated in Fige 411. Aluminum was used to manufacture the filter. The
tuning screws were installed on the top of the cover. During all the EM simulations, the aluminum

used in the work was defined in the HFSS library with las& H s r siemens/m).

Figure4.8 S-Parameters comparison between full wave EM model and ANN Surrogate model
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Figure4.9 Targettunable ANN model

Table4.3 Target tunableANN model inputs and outputs

State ANN inputs (GHz) ANN outputs (mil)

f1 fa f3 fa fs Viaz Viaz Vias
1 9.30 9.52 9.78 | 10.18 | 10.78| 156.2 | 190.87 | 193.49
9.92 | 10.14 | 10.40| 10.80| 11.20| 140.9 | 170.91 | 185.53
3 10.40 | 10.62 | 10.88 | 11.28 | 11.88| 73.61 | 146.50| 151.05

N

(@) (b)

Figure4.10 Simulated ananeasured performance from ANN model generated via heights. (a)
Reflection responses (b) Transmission responses

Figure4.11 Photograph of the fabricated prototyji&Q
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4.5.3 Electromagneticmodel of tunable filter-2

The proposed tuning strategy is further validated by implementing it on a-fundeth constant
absolute bandwidth tunable cavity filter which was originally desigfsdxsticated, and measured
in [181]. In[181], the tunable BPF is designed bylime dualpost resonators where the resonance
and coupling are tuned by the height of the posts. In the case of suelinadinatpost resonator
based BPF, inpeutput coupling and intenesonator coupling vary inveely with a frequency
which maintains a constant absolute bandwidth of the tBPF. As illustratedure Fg2, post

height hi, hi2, 1 and k2 combinedly contribute to the tuning of the center frequency of the tBPF.

An EM-ANN model of the tBPF illustrated in Rige 412 should be developed prior to the data
generation for the target tunable ANN model. This-BMN model will be used as a surrogate
PRGHO GXULQJ WKH K\EULG RSWLPL]DWLRQ WKDW DFFHSWYV
points as the inputs and prdess the real and imaginary parts @f &d 3: as the outputs. The
training data generation for the EANN model has been carried out in the following manner:
{D*VQ(NAW®s9*V with 0.025GHz spacing, xlIl QDsasQzll and Wl Q
D ¢85 Qyl I with Imm spacing. Therefore, a total 81 frequency sweep generates 6,561 sets of
training data in three hours of HFSS simulation time. The AWN model is developed with-5
45-45-4 neurons that achieves an average error of®.9&d 6.6€5 for training ad testing sets.

After the completion of EMANN model training, the data generation process for target tunable
ANN model training can be commenced as outlined in section IV.

The data generation time for training of target tunable ANN model was five minutes. The
optimization boundary forl}; 5 3 s Oy 5 Oy s Avas set according to the developed-BMN model.

Total 65 search agents with 150 maximum iteration were used duringVl@s and GWO
process. The target tunable ANN model is developed wi2B-80-4 neurons as illustrated in
Figure 413. The target tunable ANN model achieves average error 602a8d 2.8€9 for training

and testing sets, respectively. Once the model is trained, as menti¢h8d] jiseven tuning state
variables in the form of B B B B 74s fed to the developed model which provides the tunable
parameters ash} s B g O 5 Oy 6? This corresponding input and output variables from the developed
model are given in Table IV and Table, respectively. The EM model generatep&8@ameters

from a different set of outputs from Taldlé&are plotted in Figre 414. These tuning performances

illustrates similar EM simulated results frdm81]. In fact, last three tuning states shows better
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passband return loss as comparefl&1]. Therefore, the proposed approach achieves the tuning
parameters correctly for practical constant absolute bandwidth tBPFs.
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Figure4.12 Electromagnetic model of a constant absolute bandwidth tunabl¢1BEF
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Figure4.13 Targettunable ANN model

Table4.4 Different tuning state of tunable BEFEM model (ANN inputs)

State | f1(GHz) | f2(GHz) | fs(GHz) | f4(GHz) | s (GHz)
1 9.05 9.15 9.35 9.45 10.45
2 9.30 9.40 9.60 9.70 10.70
3 9.55 9.65 9.85 9.95 10.95
4 9.80 9.90 10.10 | 1020 | 11.20
5 10.05 | 10.15 | 10.35 | 1045 | 11.45
6 10.30 | 1040 | 1060 | 10.70 | 11.70
7 1055 | 10.65 | 10.85 | 10.95 | 11.95
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Table4.5 Height of tuning posts of tunable BR2HANN outputs)

State | hia (mm) | hi2(mm) | h2a (mm) | ha2 (mm)
1 7.855 6.208 7.918 6.304
7.683 5.989 7.651 6.097
7.443 5.782 7.518 5.896
7.284 5.620 7.294 5.699
7.120 5.387 6.923 5.190
6.893 5.174 6.918 5.336
6.639 5.096 6.772 5.097

N O O Ml WD

(@) (b)

Figure4.14 Simulated performance from ANN model generated post heighisiable BPF2.

(a) Reflection responses (b) Transmission responses

All these simulation works are conducted in the computer with Lenovo SR650 Xeon Gold 6150,
2.7 GHz (2 processors, 36 cores), 512GB RAM. All the developed ANN model is represented in
the paper in XHi1-Hz-Y format where X, H, H> and Y denote the number of neurons in each layer.

The first and last layer is the input and output layer while others are hidden layers. All the ANN
model uses the sigmoid activation function in the hidden layer and linear activation function in the
outpu layer. We divide the total generated data for each ANN model into 80% and 20% for training

and testing, respectively.

These three examples demonstrate the filter tuning methodology through the proposed

development strategy of ANN model as depicted iufeégi2. These three examples of tBPF deal
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with three to five tunable parameters which have been handled by the proposed algorithm
efficiently. Practical tBPFs involve a manageable number of variables to cover the desired
operating frequency band. On the other hand, pure theoretical tBPFs majeconany more
variables to cover a wider frequency range with a fixed passband bandwidth. For example, keeping
the design practicability in mind, tHamped element circuit in Figure44only considers the
capacitances as variables while the inductors are kept fixed. From a pure theoretical point of view,
to extend the desired frequency band, inductors can be also considered as variable which extends
the total number of variables to teks the GWO, WOA and NGS8VOA can handle up to thirty
variables of a single mathematical funct|@d], [79], [175, the proposed hybrid optimizer will be

able to deal with such a larger set of variables too at the cost of a higher computational expense.

4.6 Related works and discussions

This paper presents a novel optimizer that is hybridized by two sweigence based
algorithms and a mathematibased algorithm. The proposed algorithm switches betweenr NGS
WOA and GWO based on the cost minimization which is followed by the homofmgization

for the best result.

To demonstrate the convergence behavior of different optimizers, we target three tuning states of
the tBPF as illustrated in Rige 410. the cost function is defined as mentioned in section IV where
passband return loss and stopband insertion loss are considered as 20dB and 30dB, respectively.
The cost function achieved at the end of each optimization for 150 iterations is givened.Babl

The proposed algorithm takes 5 more steps for additional homotopy optimizations. Convergence
curves of PSO, WOA, NG®/OA, GWO and the proposed algorithm are all compared iar€ig

4.15 for different target tuning state of the filter. lhig 415 depicts that the proposed hybrid
algorithm outperforms the other statkethe-art metaheuristic algorithms. Figre 415 also shows

that the proposed algorithm converges further, immediately from the best one betwe8v¥¥GS

and GWO. In some of the cases, NB®A and GWO end up with poor cost function values
because the matching conditions of S parameters cannot beedatiatn though the poles are

close enough to each other in the expected passband. These types of global optimizers become
slow when the current solution is in close proximity to the optimal solution. Therefore, these
optimizers may require numerous itésas to reduce the cost function further, which is

computationally expensive and timmensuming process. In such situations, the additional
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homotopy method finds an exact match quickly, which is set to reduce the cost function value
greatly. It is worth mentioning that the homotopy method alone is not compared in this case because
the literature suggests that it works very well for a good&datitial parameters. If the initial
parameters place the poles very far from each other, the homotopy method cannot get the optimal

solution regardless of its number of steps.

The proposed strategy of data generated from the sequential tuning of filter structure provides a
smooth transition of variables from one tuning state to another. This allows us to build-a small
sized ANN model with one or two hidden layers for predictimgtunable parameters at a given
tuning state of the filter. This data generation strategy works well for constant absolute bandwidth
BPFs. For bandwidth tunable filters, the proposed strategy umd=# can be modified a little bit

at step 3 and step 4, respectively.

(@) (b) (c)

Figure4.15 Convergence comparison between different optimizers at tuning (alqiatstate?
(c) state3

Table4.6 Reduced cost function from different optimizers

State | PSO (dB)| WOA (dB) | NGSWOA (dB) | GWO (dB) | Proposed (dB)
1 -9.04 13.@ -18.2 -20.80 -28.7
2 -9.00 -15.02 -22.0 1875 -29.3
3 -10.33 -16.92 -17.87 21 27

Two out of three demonstrated examples in this paper have tunable transmission zeros at finite
frequencies. During the optimization at the data generation phase, the cost function is defined in
terms of passband return loss level and stopband insert®lel@s. Thus, the location of TZs does

not affect the cost function values. Therefore, it is not possible to extract the tuning parameters at
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a specific TZ configuration from this ANN model development strategyur€&id7(b) illustrates
such a scenario where the ANN inputs define three frequency tunable states in the form of
B B B B B?and the ANN outputs provide the heights of three tunable vias condisgoto
those tunable stateEM simulated S parameters from these three sets of tunable parameters
illustrate that the first and third tunable states have the TZ in their lower side of the passband while

the second tunable state has the TZ in its upper side of the passband.

The main novelty of this work is the proposed ANN model development strategy for tunable filters.
The data generation process for such ANN model is assisted with a group of optimization
algorithms. Such an optimizer assisted data generation algorithredsasly been proposed for
coupling circuit parameter extracti¢pd?]. In [32], the data generation algorithm starts with a set

of initial circuit parameters that correspond to a given set of state variables. Therefore, to initiate
the algorithm, the appropriate circuit parameters of a certain state variable should be known
beforehad. Moreover, the optimization algoritagenerated circuit parameters are fed back to the
data generation algorithm for the next optimization state of the coupler circuit. The accuracy of
such a loopback system depends on circuit parameter calculatiactatseage. If a single
optimization routine fails to extract accurate circuit parameters, the whole data set for ANN training
can be erroneous due to the cascaded feeding of inaccurate parameters. Furthermore, only
homotopy optimization algorithm is usemigenerate the training data. Such a local optimizer only
works well if the initial guess is good enough to find the local optima. Hence, the data generation
algorithm in[32] has drawbacks of initial guess, loopback circuit parameters and a single local
optimizer. To overcome these shortcomings, an advanced data generation algorithm with a novel
technique of optimizer hybridization is proposed in this work. This hybridizasfoswarm
intelligence algorithm and homotopy method eliminates the necessity of initial guess. In addition,
there is no loopback system involved in this algorithm which guarantees much more accurate data
sets for ANN model training. Besides, the NB®A ard GWO operate over different
optimization problem along with the homotopy method, which provides accurate training data sets
as the NGSNVOA and GWO complement each other. Indeed, this fully automated hybrid technique
brings the strengths of all these thigsimizers together and provide a complete set of smooth

training data, which is the key to develop an accurate and fast ANN model.
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4.7 Conclusion

In this paper, for the first time, metaheuristic optimization algorithms are hybridized with the
homotopy optimization method to get the tunable parameters for different tuning states of filter.
An ANN modeldevelopment strategy is also proposed where the data generation is automated with
a hybrid optimizer. The NG®/OA and GWO algorithm is initially employed for the optimization

of a tunable filter. Variables calculated from one of these algorithms is fedhmmotopy
optimization algorithm as a good set of initial value, which guarantees a good set of optimized
parameters for the desired tunable state of the filter. The proposed hybrid optimization technique
will be useful for any microwave circuits regarsiieof the total number of design parameters. Three
design examples are given to demonstrate the ANN model development technique based on a
hybrid optimizer, including a theoretical mixed coupled fifttder lumped element tBPF, a
practical fourthorder dubmode tBPF and a practical fowtinder dualpost resonator based tBPF.
Tunable ANN model generated parameters are further used to compare the simulation and

measurement results which show a good agreement between each other.
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CHAPTER 5 ARTICLE 4: ANN-ENABLED MAPPING BETWEEN
EQUIVALENT CIRCUIT MODEL AND PHYSICAL FIELD MODEL
FOR TUNABLE BANDPASS FILTER

Chandan Roy and Ke Wu

Published in théEEE MTT-S International Conference on Numerical Electromagnetic and
Multiphysics Modeling and Optimization (NEMO'202B3 April 2023

In this paper, an ANN model development approach is outlined and studied for the development
of tunable bandpass filter (tBPF). Circuit models are fast and efficient for design and optimization
while physical models based on electromagnetievialve fielcs are accurate but computationally
expensive and slow. In this work, an equivalent circuit model is developed frormaaiidItBPF
structure. Then, equivalent circuit parameters are generated and mapped to tunable geometric
parameters of the physical fiemodel of the tBPF. The optimization is thus carried out on the
equivalent circuit model. Finally, the geometric parameters are obtained by the ANN model from
the optimized equivalent circuit parameters. A practical example of tBPF is used to demonstrate

the proof of concept.
5.1 Introduction

Tunable and reconfigurable microwave circuits have been a prime topic of interest because of an
everincreasing demand of muktandard and mutthand wireless communication and sensing
multifunction systems. Majority of studies on tunable filter are $eduin terms of its physical
realization of tuning and switchable elements. Various types of diaglé and multiband tunable

filters have been reported based on electrical, mechanical, and magneti¢186jnd.62, [165.

In addition, advanced design tools were developed for the design of tunable filters such as
aggressive space mapping (ASN38, parallel space mappii@29), and cognitiordriven space
mapping [139. However, very few works have been carried out to formulate such tuning
mechanisms in an equatidased analytical model. Recently, advanced optiragsisted ANN

models have been used to extract the tuning parameters of tunabl¢3djef41].

Equivalent lumped element circuit can provide a clear idea of a passive microwave structure on
electrical behavior. Such a circuit can mimic the field behavior of a particular physical structure
without resorting to heavy computational load and long Cké.tiFullwave electromagnetic
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(EM) models, on the other hand, are generally computationally expensive and time consuming. A
direct optimization of such a physical structure would take a long period of time. Therefore, it
would be good to run any optimization algorithm on a lumped eleeguivalent circuit model

and then to transform the optimized equivalent circuit parameters to the geometric parameters of a
full-wave physical structure. Space mapping (SM) techno[dy provides us with such a
platform which makes use of a coarse model of a target fine model. The coarse model has
inaccuracy issue for high frequency applications. Therefore, the coarse model may not be used for

high frequency structures.

In this work, the lumped element equivalent circuit of a target tunable filter is studied and
developed based on its fwllave structure. Then, an ANN model is formulated for mapping
between circuit parameters and geometric parameters. Once the ANN imazitl up, the
optimization algorithm is employed to find out the optimized equivalent circuit parameters. Finally,
these circuit parameters are transformed into the tunable geometric parameters of the target tBPF.
The proposed methodology is validatediy example of a tunable circular cavity bandpass filter.

5.2 Equivalent circuit model and ANN model

To map circuit model parameters to physical model parameters via an EMafidlmodel, it is

necessary to develop an accurate circuit model of the corresponding EM model structure. The first
step to develop an equivalent circuit model from a physical freddel is to divide the complete

structure into elementary discontinuities and transmission line sections. The transmission lines can

be represented by a series or parallel combination of reactive elements. On the other hand, different
elementary disconQ XLWLHY DUH FKDUDFWHUL]JHG E\ D IXQGDPHQWDC
finding an appropriate network section of a discontinuity, the field model for that particular
elementary discontinuity should be setup in a commercial EM simulator and calcekyiedses

should be calibrated. Such numerical calibration is required to eliminate any introduced numerical
noise by external ports. Threflect line (TRL) and shompen (SOC) calibration techniques have

been widely used among available numerical catibn techniques in the literatu&87], [18§].

In this work, an SOC is used for all case studies. Once the elementary discontinuities are
FKDUDFWHUL]JHG ZLWK 7 RU & VHFWLRQ RI QHWZRUN WKH
characterized by reactive elements. For-foequency quasi EM mode applicatins, such mutual

couplings can be ignored. However, for high frequency applications, such mutual couplings may
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affect circuit performance significantly. Appropriate circuit element can be found by the
consistency of extracted circuit parameters over a frequency range of irAéierssuccessfully
finding all the equivalent circuit sections for the discontinuities as well as the mutual couplings, a

complete circuit model can be developed.

The ANN model used in this work is a multilayer perceptron (MLP) which is a commonly used
architecturd31]. Here the neurons are arranged in layer by layer. The input and output layers are

first and last layers while other layers are known as hidden layers. The neurons between adjacent
layers are connected with a weight and a bias term is added to each éeromput to the input

layers are presented in a vector form which are calculated along the layers by a feedforward
FRPSXWDWLRQ 7KH VLJPRLG IXQFWLRQ 1 LV XVHG DV WKH DF
a linear activation function is usedthe output layer of the ANN models in this work. Levenberg
ODUTXDUGWTTV DO15gud wgaedHor trailing the target ANN model as a fast and
efficient algorithm for smalkized networks.

5.3 ANN model development algorithm

The ANN model development and its validation for the mapping between equivalent circuit

parameters and geometric tunable parameters are conducted by the following few steps. These

steps include accurate circuit model development, ANN model training, tcimadel
optimization, and model verification. These steps are illustrated as a flowchartne biyand

explained below:

1. Identify different elementary discontinuities in the target tunable filter structure. Setup a full
wave EM model for a particular discontinuity in a commercial software package. Numerically
calibrate the EM modealenerated S parameters for the next stage of cimmaitel
development.

2. From the calibrated SDUDPHWHUY GHYHORS 7 RU &E VHFWLRQ RI
behavior of the target discontinuity accurately over the interested frequency range. These steps
are repeated until all the elementary discontinuities are modeteidaéely by respective T or
& VHFWLRQ RI QHWZRUNV

3. Cascade each two neighboring discontinuities and simulate the EM model. Find out the first
RUGHU PXWXDO FRXSOLQJ QHWZRUN LQ WKH IRUP-8I1 7 RU C
parameters. Highesrder mutual couplings are ignored as their impaatiauit performance

is insignificant.
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. Finalize the complete equivalent circuit model from all the elementary discontinuities and first
order mutual couplings.

. Start datayeneration process by simulating the target EM model structure with different set of
tunable parameters. Extract the corresponding circuit parameters in all the cases from
calibratedS parameters. Store these data sets for ANN model training.

. Build and train the ANN model with the data set generated in step 5. Consider the equivalent
circuit parameters as inputs and geometric tunable parameters as outputs of the ANN model.
. Define the cost function and implement any optimization algorithm on the equivalent circuit
model to achieve the optimized circuit parameters that satisfy the desired circuit performance.
. Use the trained ANN model to calculate the tunable geometric parameters against the optimized
circuit parameters. Finally, verify the ANN model calculated tunable geometric parameters by

a commercial EM model simulator.



119

Select the i elementary discontinuity I-—

1
Calculate [S], [Y], [#] by HFSS/CST
for the selected discontinuity

| Carry out SOC on these parameters |

Develop the T or w network corresponds
to the discontinuity systematically

Extract the circuit parameters of the i

elementary discontinuity

11 the differer
discontinuities are
modeled?

Cascade two consecutive discontinuity
with transmission line and calibrate [S]
1
Develop the circuit model corresponds
to the first order coupling between the
target discontinuitics

Complete Equivalent Circuit Model Development

All the in-lin
couplings are
modeled?

Develop the complete circuit model
considering all the discontinuities and
in-line couplings

Get the optimized circuit parameters

:_ Carry out EM simulations for difterent :
| geometric paramelers’ combinations Iz &
¥ & =
| | Extract circuit parameters for different |2 Z
| geometries | = &
3 z %
| ["Train an ANN model where the circuit | E 9
| parameters and geometric parameters are 1= a
:. inputs and outputs, respectively Jl
M = = = = = = -
| | Implement any optimization model on |
| | the complete equivalent circuit model | § _g
¥ =
| Dcfine the cost function according to the | E N
| desired performance | 5 E
| ! I E &
| 1©°
| |

I TCalculate geometric parameters against
1| the oplimized circuil paramelters [rom
L

|

I

trained ANN model |
* |

|

EM Model
Verification

Test the model accura

[e]
@

Figure5.1 Flowchart of the complete model development procedure
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5.4 Design example

The design example in this work illustrates the modeling of a frequency tunable circular cavity
filter [189, shown in Fig. 2(a). In this tunable filter, only the resonant frequency of each resonator
Is tuned by inserting and rotating a dielectric plate inside the cavity resonators. The first step of
finding the equivalent circuit model starts with the equiviahetwork development of the coupling
slotin[189 7KH VXLWDEOH FRXSOL Q-hetwbtidtiR4émeslcepddRaxcg@ndV D G
shunt inductances. The shunt inductances are get absorbed in the surrounding resonator circuits.
The couplings of this tBPF remain fixed. Therefore, only the parallel iZank is considered as
variables for the resonant frequency tuning. The EM model of the target tBPF and developed
equivalent circuit model are shown in Fig. 2(a) and Fig. 2(b), respectively. It illustrates that the EM
model has 2 rotating dielectric platet RWDWLRQDO DQJOH RI WKHWHI&IVW DQG
2 LPSOLHV WKH VHFRQG DQG WKLUG UHVRQDWRUVY URWDWL
circuit has 4 variables ¢-Ci, L2, and Q). Therefore, the target ANN model will have 4 input
neurons for equivalent circuit parameters and 2 output neurons for rotating dielectric plates. To
generate the training and testing data for the ANN model development, the rotational angles of two
different dielectric plates are varied frofto 18 at 2 interval. Rest of the geometric parameters
are preserved as the same as mentiondd8€. Therefore, totalu xH u xL st {xfrequency
sweeps for the target tunable BPF were carried out in HFSS. Each frequency sweep has 81
frequency points over 121 GHz. For each EM simulation, equivalent circuit parameters are
extracted from the numerically calibrat&dparameters. Once alhé circuit parameters are
extracted from all the EM simulations, the ANN model is trained. We use 80% and 20% data for
training and testing of the target ANN model, respectively. We use 2 hidden layers where each
hidden layer consists of 40 hidden neurdfigure 53 illustrates the developed ANN model that

achieves an excellent accuracy with only 1% fitting error.

After the successful ANN model development, we implement the-kmellvn quasnewton
optimization algorithm on the developed equivalent circuit model of the target tBPF. The cost
function is defined as formulated {81]. This cost function is formulated in terms of four
frequencies asB & & & ? where B and B are passband edge frequencies wiijlend B are

stop baneedge frequencies. For different target passbands, the cost function parameters will be

changed accordingly. The optimization algorithm provides us with the optimized equivalent circuit
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parameters against the desired performance of the tBPF at certain tuning stages. The three target
tuning states of the tBPF are defined as [19.0 19.2 19.4 19.6], [19.3, 19.5, 19.7, 19.9] and [19.5,
19.7, 19.9, 20.1]. All the frequencies are in GHz. Thenuped equivalent circuit parameters
calculated from the optimization model are listed first. Finally, the tunable parameters of the target
EM model of the tBPF are computed by the developed ANN model against three desired tuning
states. The equivalent cuit parameters and tunable parameters of the EM model against three
desired tuning states are given in Table The fixed circuit parameters in kg 52 are %, L
tL(@pL r&L (=J @L raw ( respectively. The HFSS simulated EM model S parameters
with these tunable parameters are illustrated imif€igp4. Even though the designed tBPF is of
fourth order, Fig. 4 shows only two poles in the passband because of its narrowband characteristics.
These S parameters at different tuning states illustrate similar performance to the actual fabricated
filter in [189. Therefore, the proposed methodology for the mapping of the circuit model

parameters to the EM model parameters is useful for tunable filter designers.

C :
I —
E:ng CﬁE:E‘LI

Figure5.2 Target tBPF (a) EM mod¢l89 (b) Equivalent circuit model

(@) (b)

Figure5.3 Target ANN model for equivalent circuit parameters mapping to EM model tunable

parameters
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Figure5.4 HFSS generated S Parameters of the target tunable filter at different tuning states

Table5.1 EM model tunable parameters against equivalent circuit model parameters at different

tuning states

Tuning Equivalent circuit parameters Tunable EM
State model parameter
Ci(pF) [ Co(pF) | Lai(nH) | L2 (nH) a a
1 2.28 1.89 0.027 33.91 28 32
2 2.23 1.86 0.029 33.66 30 35
3 2.26 1.82 0.028 33.63 33 39

5.5 Conclusion

The proposed mapping between equivalent circuit parameters and EM physical tunable parameters

provides us with a systematic design guideline of tunable filters. A small discrepancy in the

demonstrated example with fabricated sample suggests that the legfuicacuit model

development requires further considerations such as loss and other parasitic effects. A further

detailed study of the proposed technique will allow us to develop accurate equivalent circuit model

of any target EM model structures for hiffequency applications. Consequently, the ANN model

will successfully map the optimized equivalent circuit parameters to the critical geometric

parameters of the target EM model.
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CHAPTER 6 ARTICLE 5: A GENERALIZED CIRCUIT MODEL
DEVELOPMENT APPROACH WITH SHORT OPEN THRU (SOT) DE -
EMBEDDING TECHNIQUE AND ITS APPLICATIONS

Chandan Roy and Ke Wu
Accepted in théEEE Transactions on Microwave Theory and Technigii@dure 2023

A shortopenthru (SOT) numerical dembedding technique is proposed and studied in this work.

In particular, a generalized methodology for circuit model development is derived for the extraction
of accurate circuit parameters over a wide range of frequéihe entire deembedding process is
described, and the circuit model development strategy is explainethysst@p. A variety of
electrically small planar circuit elements, such as microstrip line (MSL) gap discontinuities, step
discontinuities, and viaoles in twelayered substrate discontinuities, are numerically de
embedded and extracted conventional circuit model parameters are compared with results
generated by a recently published shopénrload (SOL) technique. In addition, the circuit
parametes extracted by the proposed generalized decomposition technique are comparatively
studied through both SOT and SOL methods. The outcomes confirm that the circuit parameters
extracted by the proposed circuit model has better model behavior over a widefrilagaency

as opposed to those coming out of its conventional counterpart. Furthermore, the SOT technique
based circuit parametrization provides better stability as compared to the SOL scheme. Numerical
convergence over a wide range of frequency is aetnated for each example. Finally, a third

order Chebyshev entbupled filter is designed by the proposed technique. Its equivalent circuit
model, fullwave electromagnetic-farameters simulation, and measured results have validated

the approach.
6.1 Introduction

Due to thegrowing largerscale and highedensity integration of diversified structures (planar and
nonplanar) and functional elements (passive and active) in recent wireless circuits and systems at
higher frequencies, accurate electromagnetic modeling of cifouisystem design, analysis, and
optimization is beefing up day by day. The implementation of a highly reliable numerical
calibration technique in fulvave electromagnetic (EM) simulator is an efficient strategy to
JHQHUDWH D 3QrRodd sparhmstérs, leld.) en leading to a highly accurate circuit
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model characterized by circuit parameters (LCRG, £4.)

The understanding of the electromagnetic nature of any given physical layout for the
optimized/accurate design and development of-stiatke-art RF/microwave and millimetevave

circuits such as multifunction modules requires the generation of itikdigllty equivalent circuit

model based on lumped circuit elements and/or distributed transmissiofiLB&:0n the other

hand, an accurate equivalent circuit topology is critical, which is set to characterize the
corresponding physical layout such as discontinuities. Generally, the extracted lumped elements of
such a circuit topology should be dispersiessover a wide frequency range so that the circuit

model genuinely represents the corresponding discontinuity.

To implement a numerical calibration technique, the whole circuit of interest should be partitioned
into a few sections including targeted electrically small circuit elements or structure discontinuities,
input and output feed linefd]. Afterwards, each of these sections will be formulated and
characterized by corresponding transmission or chain matrix. Finally, numerical noises introduced
by unphysical excitations, modeling approximations, and feed networks will be extracted and
removel through the use of multiple numerical stand@®§isT his is the application of a calibration
process in humerical modeling similar to practical measuremefit88h, a shorfopen numerical
calibration (SOC) technique was realized on thesiddedding of unbounded electrically small
microstrip discontinuity by utilizing an impressed voltage sodased two and half dimensional
method of moment (MoM) algorithifid90. In [191], a numerical SOC method was used in a full
wave finiteelement method (FEM) algorithm for the accurate extraction of circuit parameters for
different 3D nonplanar periodic guidedave and discontinuity structures. In microwave
measurements, the wédhown thrureflectline (TRL) calibration techniqugl87 was adopted

[192 in conjunction with a fulwave MoM commercial simulator for the circuit parameter
extraction of planar discontinuities so to obtain their equivalent circuit models. A hybrid algorithm
of domain decomposition finitdifference timedomain (DBDFDTD) and nmerical thruline (TL)
calibration technique was developed for accurate parameter extraction of microwave|[¢9&lits

In [194, a shortopenload (SOL) calibration technique was deployed for the electromagnetic
modeling of a circuit system through the use of thevide HFSS EM simulator with a detailed

parameter extraction process.

These calibration methods have been successfully applied to numerically deembed different circuit
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parameters through the removal of numerical noises for various electromagnetimdd@and
nonTEM mode structuref®]. For example, the SOC technique was used-enaeed the complex
propagation constant of hatiode substrate integrated waveguides (HMS[95. The SOL
technique was deployed for the-embedding of effective wave impedances of SIW structures
[196. The SOC technique was applied[dB7] for the investigation of a variety of periodic
coplanar waveguides (CPWs) with inductive loading. The equivalssuit models of different
finite-ground coplanar waveguides (FGCPW) were developed and characié88:dn [199,
lumpedelement circuit models of various coplanar stim@ (CPS) circuits were proposed and
studied. Furthermore, a variety of sophisticated or complex structures were examined through
numerical calibration models. For instance, a joint field/circatied was demonstrated jA0Q

for the characterization of a class of litwering coupling structures. A circuit model of microstrip
interdigital capacitor (IDC) was proposed [[B01] for the design of innovative quasimped
miniaturized filters. Moreover, different radiating structures were also modeled for accurate
electrical representation. [20Z], a circuit model of a microstrip fed slot radiator was developed
with arbitrary slot width for the first time, as opposed to conventional geometrical assumptions of
either narrow or wide slot scenario. A circuit model of a CPS fed printed dipole ragegor
proposed using the SOC schef@03. These successful applications of numerical calibration
methods provide highly accurate and reliable circuit models with-#fi@sgarameters over a wide

frequency range which makes the design and optimization of different structures much easier.

Indeed, the TRL, SOC and SOL calibration methods have widely been used with different sets of
numerical standards as compared to other available calibration techniques in the literature. The
popular TRL calibration technique suffers from singularity iseu¢ WKH HOHFWULFDO OHQ
DQG OLQH" VWDQGDUGV GLIIHyudsd wawaldhgtiultithg ORV MO HV R |
TRL) calibration is similar to the TRL method, which has widely been used in microwave and RF
measurements to determine theaacteristics of a DUT204. It involves the use of a group of
transmission lines to construct a reference plane that establishes a predetermined set of impedances
and delay values at specific points throughout the measurement system. This scheme is set to ensure
accurate and relidd measurements, and it requires measurements to be taken at multiple
frequencies, thus allowing the measurement system to be characterized over a range of frequencies.
Thru-Line (TL) is also a welknown calibration method for RF/microwave measuremgr§s,

which has advantages of simplicity, accuracy, and repeatafiligyweltknown SOC technique
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relies on the accurate calculation of current and/or voltage distributions over the structure of interest
(usually at the input and output terminal) of feed lines. Such terminal voltage and current values
can be regarded as the equivalent third standardafdoration in addition to the short and open
standards. They can only be obtained accurately framuse codes which are usually unavailable

to the users of a commercial fullave EM simulator. On the other hand, the recently proposed
SOL calibrationtechnique employs one matchiead standard along with the short and open
standards, which were implemented with a perfectly matched layer (PML), perfectly electric wall,
and perfectly magnetic wall, respectively, in commerciaktdive electromagnetic raulators

[194. The transmission or chain matrix of each error box in SOL involves the characteristic
impedance (&) of infinitely long uniform transmission feed lines. The quBiEM microstrip lines

will manifest inaccuracy at high frequencies because of dispersion effects in connection with the
involvement of 4. Overall, these available calibration techniques, which require 3 different
standards including one equivalent standard, generally suffer from limited bandwidth,
implementation difficulty, and inaccuracy issue (numerical stability). In addition, the ptmam
extraction through all of those numerical caliattechniques has been made with a specific
circuit model for a given structure geometry. This is because experienced researchers and designers
can easily identify and derivate appropriate circuit models through structural capacitive and
inductive effectsfor example, for conventional discontinuities or junctions or bends. This is not
true anymore for arbitrary and complex physical structure whose circuit models may be frequency
banddependent. Therefore, a universal and robust modeling strategy is Heeagedomated

generation of circuit models for any given electromagnetic structures.

Inspired by the SOL technique [h94], thethru standard is paired with short and open standards

in our work. In this way, such three standards are set-toried a device under test (DUT) or a
structure discontinuity without employing the, term, which is considered as the origin of
inaccuracy for broadband and high frequency applications. The proposedsmaitiru (SOT)
numerical deembedding technique is implemented on the full wave electromagnetic simulators
such as HFSS and CST for the modeling of targeted circuits made of elementary discontinuities.
In addition, a holistic circuit model development strategprigposed and studied for accurate
automated circuit representation from 3D discontinuity over a wideband frequency rangéeBoth
conventional and proposed equivalent circuit models of microstrip steps, gapsadrmale

discontinuities in twdayered substratgtructures are numerically @enbedded with the proposed
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SOT technique. Extracted circuit parameters are discussed and compared with published numerical
counterparts. Finally, a simple thicdder Chebyshev entbupled filter is designed by the

proposed technique as its experimental validation.
6.2 Numerical SOT deembedding technique

A variety of complex geometric twport circuit structures can be numerically modeled with
different excitation mechanisms at their external ports. To achieve accurate characteristics of the
core circuit, the complete structure should be partitioned Imétparts, namely, the core circuit
network along with the two feed networks at input and output sides. These feed networks are
usually represented by error boxes, which include the port mismatch effects, numerical
approximations, and discontinuity erronsthe modeling. The role of calibration technique is to
eliminate the effects of error boxes from the whole structure through the extraction of error boxes
with the application of selected numerical standards before the actual modeling of a real circuit
problem. To appreciate interesting features of the proposed SOT technique, the TRL and SOC

techniques are briefly discussed as follows.
6.2.1 TRL calibration

To begin with, the Snatrix parameters at input and output ports are obtained by an
electromagnetic simulator such as MoM, FEM, FDTD, etc. Then,-hatB8x is converted to the
corresponding transmission matri 7?which is expressed in terms of two error boXeg 5 Zand
> 5,5 Asin 6.1). A standard TRL calibration procedure is then carried out where the discontinuity
and feeding lines are considered as structure under modeling (SUM, equivalent to DUT for
measurements) and two error boxes, respectively. The transmission matrtbes arfd line
standards are denoted ds; 2and ¥ z Ahile their relationships with the error boxes are expressed
as 6.2) and 6.3). One can calculate thergatrices for the twortsthru, line connections and
reflection coefficients of onport reflect connection, namel; gzand 5; gz Then, the first two S
matrices can be converted into their related cascading transmission matricaad > ?Based
on the cascaded network topologies, eight parameters of the two errorchoxes calculated in
terms of 5 | ? ¥ 7 5 and 55 [6]. Finally, the transmission matrix of the core circuit is

determined from@4).

S L S 55 ?® 4B 467 X
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6.2.2 SOC technique

In the case of an SOC calibration, the port voltage and current are defined while the current at
the reference plane ¢alculated. For the short standard as illustrated iargig1(b), the reference
plane voltage is zero while the current only is to be obtained. As far as the open standard is
concerned, the reference plane current is set to zero as depidtegii@ 6.1(c). The relation
between the excited fields and the remaining two elements of the error boxes are established as the
reference plane voltages are cumbersome to calculate in an MoM algorithm. The two error boxes
are considered as a reciprocal tpart network, which brings an additional condition for

calculating all the eight transmissiomatrix elements of the input and output error bd1&§].

(a)
(b)
(c)
(d)

Figure6.1 Schematic of SOT methods with cascaded equivalent error boxes and 3D geometries:

(a) The whole equivalent circuit representation; (b) Equivalent-gmaktircuit standard for ideal
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SOC and SOT techniques; (c) Equivalent eped circuit standard for ideal SOC and SOT
techniques. (d) Equivalent thru connection standard of SOT technique

6.2.3 Implementation of the proposed SOT method

As briefly explained above, the TRL calibration is easy to implement, the line standard expression
in (6.3), however, involves the complex propagation constant term that adds up significant errors
at higher frequencies. On the other hand, to implement the SOC techniqugl&nthe user

needs access to the field qualities of the structures through a complete code package of MoM
algorithm, which is not readily available for users. In this work, the thru standard along with the
short and open standards is formulated to form thpgsed shotbpenthru (SOT) technique. This
threestandard calibration technique is set to create a flexible numerical calibration procedure that
can effectively avoid the dispersioalated inaccuracy problem at high frequencies. The SOT
technique cand implemented in the fulvave HFSS electromagnetic software in this work or

other similar commercial electromagnetic simulation packages.

/[HWYV IRUPXODWH WKH SURSRVHG 627 WHFK®@igureX6i(&lV KUR X J K
illustrates the whole equivalent circuit. To obtain the wholead reciprocal transmission matrix

of input and output error boxes,the B OOHG 3 VKRUW ™ DQG 3RSHQ  VWDQGDUG
at the reference plane along the feed sect®iilustrated inFigure 61(b) andFigure 6.1c). The

ideal short and open circuit conditions of the equivalent circuit are guaranteed by considering the
perfect electe and magnetic walls in the HFSS software. The input impedances are calculated
under the short and open standards to develop a relationship among circuit parameters of the error

boxes in the following manngt94]

- L ?q30

3 L Xav,

<ao b 70 ay
o A

. [IEXe} T

<Saad, FX&
420

Here, <gand <; 5 genote the input impedances while short and open standards are applied to the
reference plane, respectively. As a supplemental condition to calculate the complete transmission
matrix of the input and output error boxes, the thru standard is used asistogure 61(d). The

thru standard can be expressed in terms of all the elements of each error box as follows,
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Here, the left side of6(7) denotes all the four elements of the thru standard that can numerically
be derived from HFSS software for the tports thru connection. The multiplication of matrices

in (6.7) provides us with the following four sets of linear equations:

#i L #4586 E By, 5%, 6 LX&,
$i L #3596 E #3655 ‘X4,
% L %586 E %,6&:5 XE T
& L $y,6%,5 E #,6 &5 XB S

Equation 6.5) and 6.6) can be written separately for the two eitboxes agollows.

$9.5 L <as &5 (X3t
$9.6 L <ao &6 IXE U
#yos L ez %5 X3V,
e L <as %6 XS W

In addition, as each error box is defined as a reciprocaptwionetwork, one more condition is

considered to calculate all tifeur transmissiommatrix elements of each error box as

#5805 F $95%,5 L S X3 X
#3/4>6&/4>6 F $3/4>60/94>6 Ls :X@y}

This linear reciprocity condition is imposed on the {pat networks as only linear reciprocal
cases are concerned in the calibration process, which do not contain any active devices or non
reciprocal media such as ferrites or plasfd&§]. Such linear reciprocal networks are commonly

used for deembedding passive circuit$88, [194.
#,,and $s, ,, gre expressed in terms &, , and &, ,, in equations§.12) - (6.15) that establish a
relation betweer?, s and &, 5 by using 6.16) as

5 L
%, 5 &, 5 Lm X& 7

IHW TV FRQOLY4anad ieplacets, gand $5, gby %, gand &, cfrom (6.13) and 6.15).

VoA Qo e [
%, 5 &, 55 La FE“ %, 6 &, 5 X {;
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In consideration of§.19) in 6.10), the relation betweef, cand &, 5 can be arranged as

Yo ? YA Q0. o -
()/%)5&3/4)5 Lm Xdr;

Substituting 6.20) in 6.19) leads to the following relation betweeé, s and &,

YA? VA% e
%586 Lo 60 - Xds;

/HW 1V G2y hy@®H8) and conside, 5 L sto find &y, 4 which can be expressed by

Qu?G0 ooy .
Qm?%.ps.xat,

&,s L W<asF & ;|

We can then obtaif4, g and %, ,zfrom (6.18) and 6.20) as

5

0/5)4)5 Lm ‘X4 u;
%, 6 L% Xdv;

Once %, ,,gnd &, , gre derived, we can calculatg, , gnd $;,,, from (6.14), 6.15), 6.12), and
(6.13).

In general, the error box can be given by using the SOT method as

Qo&

S <aQU€6L?5
3 4, gL 000 j XA W,
_E »5
Q 0300
2 L % &9 F & ‘XA X;
BLQ’JO,.)(% &5 F & o X4y,

The transmission matrix of the input and output error ¢enx be determined fron6.25)(6.27),
which is utilized afterwards for the numerical calibration of a-pga circuit or discontinuity
having two arbitrary feed networks. Finally, the transmission matrix of the core circuit i
embedded fromg4).

In case of an identical feeding typort circuit, <;5L <35 L <4 and <g L <g5 L <ge
Consequently, as a symmetrical circuit, the two error boxes will have the same ABCO 2@&rix

[20€], i.e.,/ 3,5 L / 3,6 L /. The four matrix elements of the core circefif &, &4=J @4 are

s de
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expressed in terms a@he four matrix elements of the whole tport circuit #&&0=J @ as

follows.
Q) F ? Q) VR »> Oyt .
#, L £V @ G xdz;
QoY »? Qp:° > .
$4 L E .Xa{,
Y e »? Qg > .
% L CULA}/‘P' Q"UI>/ IXair,
EkQy ? G0
GQro® ? Q 072 »> Q) oy
& L Bl & G0 -Xal's
in which,
2L &g F & IXa t;
3L k& sF&oO 1Xay

It is worth mentioning that being different from the SOL methofllBY], the expression of the
error box transmission matrix it®.25)-( 6. DV ZHOO DV WKH FRUH FLUFXLW¢YV
expressed inGg(28)-( 6.33) are free of thes, term, which mitigates the inaccuracy issue at higher

frequencies.
6.3 Holistic circuit model development

The use of equivalent circuits to represent an arbitraryptovd (actually multiport) network can

be encountered so frequently in practice. Conventionally, the equivalent circuit of such an arbitrary
QHWZRUN LV UHSUHVHQW H 6oH tirtuit7H&EVEE the Tixcuityparanke@nd/ofw Z R
VXFK D 7 RU & QHWZRUN DUH VWDEOH RYHU D QDUURZ EDQC
network parameters are dispersive in frequency or frequency dependent. However, the generated
LCRG parameters shoulde frequencyindependent over a wide range of frequency if a true
equivalent circuit model is established. In this section, we will discuss a generalized equivalent
circuit model development technique for any tpart discontinuity that demonstrates constan

circuit parameters over a significantly wider frequency range.

The terminal planes of a transmission line with a circuit discontinuity or transitions are usually
defined at arbitrary points along the two transmission line sections. Different transitions and

physical discontinuities in the transmission line store m@gaad/or electric energy that leads to
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different reactive effects. Such effects can be characterized through measurement results or
numerical analyses, which are represented in terms eposonetwork parameters such as Z, Y,

S, or ABCD. This type of analysis is applicable to different tygfetsvo-port junctions, such as
transitions between different types of transmission lines, transmission line step discontinuities or
bends, etc. In practice, the modeling of a microwave junction is often conducted by replacing the
two- SRUW 3 E O D F Min Eegu[valeht ehdCit containing a few idealized components. This
approach is useful to relate the component values with some physical features of the actual junction
[159. To generate an accurate equivalent circuit model of any given discontinuity or junction, a
holistic approach to circuit model development technique is required. In addition, the equivalent
circuit parameters related to such a discontinuity or junctioanldtbe consistent over a wide range

of frequency. To define the characteristics of extracted circuit parameters over the desired band of
frequency, we use an average rate of change (AROC) as a scale. AROC is a measure of how much
the function changes penit, on average, over that interval. It is derived from the slope of a straight
OLQH FRQQHFWLQJ WKH LQWHUYDOYfV HQGSRLQWVYV RQ WKH
minimize the computational load, AROC is implemented instead of the instantaradeusf

change of the circuit parameters.
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Figure6.2 Sampling strategy of arbitrary circuit parameters over a frequency band of interest

Figure 62 illustrates a variation curve of an arbitrary circuit parameter over a range of frequency.
To utilize the concept of AROC effectively, the circuit parameter value over the desired band of

frequency is discretized intd number ofnonuniform sections. The variation of a certain circuit
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parameter over the entire frequency band cannot be discretized uniformly due to possible resonant
conditions or sharp variations at different frequencies. Resonances may occur at low or high
frequencies depending on the type of discontinuity. In such,cziegst parameters vary abruptly

in a short interval of frequency. These sharp changes in circuit parameters can be located by finding
the maxima and/or minima of the variation curve. Such maxima and minima can be found by
setting zero to the first an@ésond derivatives of circuit parameter value functions with respect to
frequency. Around these maxima and minima, frequency should be densely sampled. Otherwise,

resonant frequencies may be overlooked, and circuit decompositions may be erroneous.

Let us denote the first section ggwhere \, UHIHUV WR D FHUWDLQ FlhéFXLW S
starting frequencyBand \§ VWD QGV IRU WKDW FLUFX L eSdnhy fteBueMiyH U TV Y |
B. The AROC for the first sectias expressed as

#ALPL 2157 X,
Similarly, AROC for the J%section, ¢4 is expressed as
0 bus- 21y i
#41% L 6.?L‘bz TXdw

The mean AROC over the whole band of frequency is calculated as
CGeC 5 x4 L
HEAB - Al #4 1 % X X

Equation 6.36) provides the mean AROC of a single circuit parameter over the desired range of
frequency. Let#44% denote the average of all the individual mean AROC of each circuit
parameter. A value of&4$4, should be set to define an acceptable flatness of the circuit

parameter curve.

S
#8990 oL 5 kit 84805 E #8480 E ® E #5490, 0 ¢ 1Y

In equation 6.37), O is the number of total circuit parameters athid 43, &enotes the mean

AROC of the N circuit parameter over the frequency range of interest.

The stepby-step procedure for the equivalent circuit model generation is explained below and the

workflow is illustrated in Figre 63.

1. Extract fullwave simulated parameters of a target sample for a given discontinuity. Calibrate

electromagnetically simulated@rameters through the proposed SOT calibration technique.
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Extract ABCD, Y and Z parameters from calibrategeé®ameters. Then, numerical nefsee

circuit parameters (ABCD, Y and Z) are ready for the next stage extraction process.

.JRU D JLYHQ GLVFRQWLQXLW\ ZH PD\ VWDUWpatcheKit.D I XQGL
Parameters of such an equivalent circuit are extracted from the calibrated Y or Z parameters.
These individually extracted circuit parameters should be invaosat a wideband of

frequency range.

. If the circuit parameters are inconsistent over the frequency range, the variation of circuit
parameters over frequency should be sampled to initiate the circuit model decomposition. The

first step of frequency sampling is to set the derivative of a tiparameter with respect to
frequency, which should be equal to zero. The frequencies corresponding to local minima and
maxima are noted.

. Except for neighboring frequencies of local minima and/or local maxima, consider the sample

size based on the characteristic of the corresponding circuit parameter against frequency (we
used 4%6% of the entire frequency band). The frequency samplingamatend the local

minima and/or local maxima should be at least twice as compared to other frequencies. This
nonuniform frequency sampling provides a faster calculation while the circuit parameter values

are adequately sampled in different situations ssdit gheir maxima and minima.

. After a careful discretization of all the circuit parameter values over the frequency range,
#4149 should be calculated using.37). This #4498 will play a vital role in the circuit

model decomposition.

. A threshold value of#&4$4, should be set to define an acceptable variation of all the circuit
parameters on average over a range of frequency. Let usaesuch a threshold value for

defining the acceptable flatness of circuit parameters vs frequency cuit&d%% (Q -, then

WKH IXQGDPHQWDO 7 RU E HTXLYDOHQW FL#&% W PRGHO L
WKH IXQGDPHQWDO 7 RU & HTXLYDOHQW FLUFXLW PRGHO
elements and it is not good enough. Therefore, the individual elements of the fundamental circuit
WKHPVHOYHYVY VKRXOG EH GHFRPSRVHGderD WRfiBtGRgY (¢H U 7 R L
first order) of decomposition ends up with numerous circuit parameters. However, the finally
decomposed circuit topology can be simplified by a Aketwn circuit theory that can

effectively minimize the total number of cuit parameters in the model.
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7. After the first decomposition followed by the circuit simplification process##&t$4. should
be calculated again. If théf44% Q- condition is still unsatisfied with the circuit
SDUDPHWHUYVY WKH LQGLYLGXDO FLUFXLW HOHPHQWYV VKRX
model. The decomposed circuit should go through the simplification process further.

8. The previous step keeps repeating till &4 ;Q - condition is satisfied. When all the

circuit elements become stable or consistent over an interested wideband of frequency, the
developed circuit model is finalized to its most compact form.

| EM simulated S parameters |

| SOT calibrated Y & Z parameters |
i

Txtracted T or 7 equivalent
circuit parameters

All the circuit
aramelers constant?

‘ Set D(circuit parameter)=0 |

!
Find the frequencies where the
local maxima and/or minima exist
¥

interval of total bandwidth.
For frequency around the local
minima and/or local maxima, make
the interval half so the samples

|
I
|
I
| | Discretize the [requency al the 5%
|
I
|
I
| become more dense

Frequency Sampling Strategy

Caleulate AROC,,,

Finish the process
Yes with simplilied
elements

Decompose all the
circuit elements | No
into corresponding

and developed
Torn I;lelw ork circult topology
Simplify the circuit
model after
decomposition END

)
Develop the final
circuit topology

Figure6.3 Flowchart of the proposed circuit model generation

According to our experiments, the equivalent circuit parameters of elementary discontinuities such

as steps, gaps, via holes etc. usually become stable over a wide range of frequency after the second
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stage (order) of the proposed decomposition process. Circuits with a series of discontinuities may
require further decomposition stages to stabilize all the circuit parameters over an interested range

of frequency.

In order to demonstrate the proposed multistage or 1ordér network development technique,

let us consider an arbitrary discontinuity, which can primarily be represented by either a
IXQGDPHQWDO 7 RU E QHWZRUN /HW X¥rshOhéRunbarméed® H WK D W
RU E QHWZRUN GHREIRR wondiibivdvet ld witlkrahge of frequency. Therefore, the

network should be decomposed as explained below.

If the primary network is considered as a fundamental T network, the decomposition should start
in the following manner. First, three elements of the fundamental T netwgéks = J @, are
decomposed into another T network as shown inreig4(b) - Figure 64(c). Following a few
steps of the circuit simplification process as illustrate@igure 64(d) - Figure 64(e), the first

decomposition provides us with the final circuit topology as showigure 64(f).

6L <66<57E 65 E ' <57E 5. <$7E <751 E 56 <67E <5 Xal z
<s LQ/CEQ_ DX {;

< L O,(ZO__ X,

< LO—Q IX&'S,

< L <ssese DXE

< L <ggaes X¥ U

Here <556 66<578<656666567=J @56, 68<,7; are decomposed from the primary
fundamental T network element; & &<;, respectively As a part of the circuit simplification

process, a conversion between the circuit topology shoviigure 64(d) andFigure 64(e) is

made bythdto E FRQYHUVLR& ER@Paxe@alculated from such a conversion. The

final simplified network after the first decomposition is illustrateéigure 64(f).
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C
(d)

(e) ()

Figure6.4 Stepby-step first stage network decompositioa  ICombination)

So>
.
S

(d)

Figure6.5 Evolution of T-equivalent circuit through different stages (a) Primary topologys&ﬁ
stage decomposed topolog§ F 67c) t? @stage decomposed topolog§ F 6 F 6?(d) o™
stage decomposed topologg F 6 F ® F 67?
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Figure6.6 Network topology afteromstage decomposition (86 F6F6 F ® F 6 F 67b)
SFeF6F®FéF67c) eFeFeF®FeFeld) F6FeF®F6Fé&?

After the first decomposition, th#'44®.from all the five components &igure 64(f) should be
calculated. If thett&4 8y gloes not satisfy the desired threshold value over the frequency range,
the circuit model should go through a further decomposition process. In the second stage of
decomposition, these five elements are decomposed into fifteen elements as each seetibn of th
equivalent network consists of another three elements. However, after simplifying these fifteen
elements, the final circuit comes down to seven elements. In this Wagl,‘?‘E’rmaage decomposed
network can be derived witht ¢ E u; number of elementsigure 65 depicts the evolution of-T
network at different stages of decompositiBigure 65(a) shows the primary-metwork that has

two loops,Figure 65(b) illustrates thes® stage decomposed netwotg F 6 2with three loops

while the t2*stage decomposetb F 6 F 6 etwork with four loops is demonstratedRigure
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6.5(c). Similarly, theO‘?Ostage decomposet F 6 F ® F 6 hetwork consists of O E t ;loops
as shown irFigure 65(d).

The abovedescribed circuit decomposition technique is explained ¥6rF 6 F ® F 67
combination. The other possible combinations 5d- e F6F® FéF 6?7 FeFeF®F
eFeée7and e F6F éF ®F 6 F e?respectively. The stelpy-step firstorder decomposition
follows a similar procedure as illustrated in Fig. 4. THieF e F6F®F e F 67> FeFeF
®FéFeée?and 2F6FeéF ®F 6 Fe?combinational circuit topology after0 ¢0 stage
decomposition is illustrated iRigure 66(b), Figure 66(c), andFigure 66(d) respectivelyFigure
6.6 describesthat6 F6 F ® F 67and > F 6 F € F ® F 6 F é€Zombinational circuit topology
are the same while¢e F6FeF®F6F e?and eFéFeF®F éF e?end up with an
identical circuit topology. Therefore, the first decomposition criterion decides the final circuit

topology of the equivalent circuit model.
6.4 lllustrative examples of elementary discontinuities

In this section, three examples of elementary discontinuitydareonstrated to validate the
proposed SOT calibration technique and circuit model development approach. These three
examples are microstrip gap discontinuity, microstrip step discontinuity atimblaliscontinuity

in two-layered substrates. Such dpalt electrically small microstrip discontinuities are
characterized to extract their conventional and decomposed circuit models by using the proposed
SOT calibration technique. In all the cases, extracted circuit parameters are compared between
SOT and SOL rethods.

6.4.1 Microstrip gap discontinuity

The physical layout of a microstrip gap discontinuity is illustrated inuféiga7(a) where the
structure has identical feedline length with linewidth 9 and spacindgbetween two lines. The
VXEVWUDWHYV GLHj@H$&M dndRhi&ResP L Wdwill Y T gap discontinuity

with different spacing between microstrip lines has widely been used in different types of circuits.
The primary equivalent circuit model of such a gap discontinuity is represented by a conventional
@hetwork as shown iRigure 67(b). The SOL and SOT calibration techniques are both employed
to extract the primary circuit parameters over a frequency range206GHz. Extracted circuit

parameters are plotted against frequency inrfei¢8(a) while., L vi1 , 9 L u&ll and5L
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r&ll . Figure 68(a) shows that the SOL extracted mutual capacitatsg@nd the shunt
capacitancegvary drastically in the frequency range of interest. As frequency incregsssfts
exponentially upward while%declines linearly. The SO&xtracted circuit parameters are also
plotted inFigure 68(a) to illustrate a comparison with its SOL methaded results. The SOT
extracted parameters show stable characteristics over a frequency ran@)l@GifiA while the
SOL-extracted parameters are only invariant over a frequency rang®®Hz. Thereforethe
SOT calibration method provides much betgtracted circuit parameters in terms of stability over

a wider bandwidth.

(a)

(b)

(©

Figure6.7 Microstrip line gap discontinuity: (a) Layout; (b) Primary circuit topology; (c) Circuit

topology from 1st stage decomposition
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() (b)
Figure6.8 Extracted circuit parameters by the SOL and the proposed SOT: (a) primary circuit;

(b) 1t stage decomposed circuit. In all the cases, S=0.4mm

In order to maximize the stability of circuit parameters over a wider bandwidth, the primary circuit
should further be decomposed by the described method in Section Ill. The decomposition process
starts with the# 4 1 ®nalysis of the SOT extractédgand %,curves. The total frequency span of
1-20GHz is uniformly segmented into 20 pieces for ease#dfl %nalysis. The#443p L

wH s 1?7 and #4495 L wH s 1?7, Therefore, #4486 oL wH s r?”. Our desired#44%, js

s Hs r?* which provides all the parameters with a better consistency over 20GHz bandwidth. As
the primary equivalent circuit topology is& QHWZ R UN mBEgirevaR(B)Av@ pkoQeed with

the > F @ombination for the Ststage decomposition. Th& F € Zombinational decomposed
circuit topology is illustrated ifrigure 66(c). Similarly, we end uwith the F'stage decomposed
circuit as shown irFigure 67(c) that achievethe desired#44%¢ ;A further decomposition is

not required as the desired# &8 js already met. The SOL and SOT extractédstage
decomposed circuit parameters are illustrate@igure 68(b). It is clearly seen that the SOT
calibration extracts the circuit parameters that behave invariantly over the 20GHz bandwidth while
the SOL extracted circuit parameters are only flat ovEH0GHz. In order to broaden the bandwidth

for the SOL methodiurther decomposition is required. Therefore, the SOT calibration technique
is a better candidate in terms of stability and accuracy for eqoivateuit parameters.

For the case of varying gap spagehe SOTcalibrated 1 stage decomposed circuit parameters
are illustrated inFigure 69 while other parameters such agé® aiz =J @are fixed at their
previous value. It shows that all the equivalent circuit parameters ekgepfFigure 67(c) are

highly sensitive to thgap length between two uniform microstrip lines.
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@) (b)

(© (d)
Figure6.9 SOT-Extracted (1 stage decomposed) circuit parameters at different gap lén(gh
Cy; (b) & () C; (d) L
6.4.2 Microstrip step discontinuity

A variety of MSL circuits vastly make use of microstrip step discontinuities of different strip widths

at two sides. An equivalent circuit model of such step discontinuities is analy2aifin[20§].

The twoport excited physical layout of a symmetrical step discontinuity is depicted umeFig
6.10(a), which is conventionally modeled as-aékwork, as shown iRigure 610(b). Two . s and

.1 lengths of feed lines witlB 5 and 9 ¢ strip-widths. The conventional equivalentrnBtwork

consists of a shunt capacitance along with two series inductances. The equivalent inductances in

T-network are usually calculated as a sum gf
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(b)

(©)

Figure6.10 MSL step discontinuity: (a) Layout; (b) Primary circuit topology; (c) Circuit
topology from % stage decomposition

Figure6.11 Extracted primary circuit parameters by the SOL and proposed SOT

(a) (b)
Figure6.12 Extracted 1 stage decomposed circuit parameters by the SOL and proposed SOT: (a)

Inductances; (b) Capacitances
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In the symmetrical step discontinuity layout shown Figure 610(a), substrate dielectric
permittivity j5 L srd and thicknessDL r&uWwl . Two identical feedline lengths L .; L

w | . The width of these two feedlines 85 L r&ll and 94 L rdll , respectively. The
primary circuit parameters éfigure 610(b) are extracted through the SOL and SOT calibration
methods. The extracted parameters are plotted against frequenayra@id, which shows stable
SOL-extracted parameters over 10GHz bandwidth while the -&@BRcted parameters are

invariant over 14GHz bandwidth.

To enhance the representation bandwidth further for the equivalent circuit model, the primary
circuit in Figure 610(b) should be decomposed according to the proposed procedure. The SOT
extracted%and . gyield #4494 (L r & t wThe F'stage decomposed circuit topology is followed

by a 6 F 6configuration and illustrated in Rige 610(c) that minimizes th&%4®. to s Hs r?<

This #4484 gchieves the desired level. Therefore, thestge of decomposition is not required.
Figure 612 illustrates the SOland SOTextracted 1 stage decomposed circuit parameters. The
SOL-extracted circuit parameters are frequemgependent over 12GHz bandwidth while the

SOT-extracted circuit parameters are stable over 20GHz bandwidth.

Figure 613 illustrates the variation of circuit parameters over frequency at different @igitile

all the other parameters are kept constant at their prior value. It is evident from these figures that
all the circuit parameters move up asis linearly widened. Such a phenomenon is observed due

to the raising curvature extent of a current density flowing from the longitudinal to transverse

direction on the wide microstrip conductor around the step interface.

(@) (b) ()
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(d) (e) (f)

Figure6.13 SOT extracted (lstage decomposed) circuit parameters at differanvMth: (a)
Lp; (b) Lg; (c) Ly (d) Ls; () G (F) Co

6.4.3 Via-hole discontinuity in a two-layered substrate

The viahole is commonly used in different RF/microwave multilayered structures. Suchaleia
allows uninterrupted transmission between different layers at low frequency. A 3D sketch of via
hole discontinuity across a twayered substrate is depicted Figure 614(a). The dielectric
permittivity of substratess L u&while microstrip width9 L u&l | , inner and outer diameters

of the via hole are denoted ®and @ respectively.

The conventional equivalent circuit of the ¥iale defined at the two reference planes is modeled

as aenetwork[208], and it is illustrated ifrigure 614(b). For@ L rdlIl and @ L uxll ,

the SOT and SOLextracted circuit parameters of the primary topology are plotted against
frequency irFigure 615. The inductance decreases and the capacitaféecreases as frequency

goes up. The SOkxtracted parameters are invariant in 4GHz bandwidth while thee@dcted

circuit parameters are stable over 9GHz bandwidth. To further extend the circuit parameter stability
over frequency range, a further citcmodel decomposition is conducted with reference to the
SOT-extracted circuit parameter curves. From these curvest##®oL r & zand #44BpL raw

that give us 0.065 oft*4 4%

To minimize the #44%4 jthe P! stage of decomposition is carried out following the proposed
method. Here, @€ F @ combination is used for thE' stage decomposition and the topology is
illustrated in Figure 614(c) This F' stage of decomposed circuit topology consists of two

inductances and two capacitances. Even thoughithié® is reduced towH s r?7, this circuit

topology cannot meet the desiréés 4%y, ;Therefore, further circuit decomposition is required to
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stabilize the circuit parameters as expected over a wider frequencyFauge.614(d) shows the

2"d stage decomposed circuit topology, which consists of three inductances and three capacitances,
respectively. The#44%% gomes down tof Hs r’’ that meets the desired threshold value. The
SOL- and SOTextracted > stage decomposed circuit parameters are plotted against frequency in
Figure 616. The SOLextracted circuit parameters are stable over 9GHz bandwidth while the SOT
extracted circuit parameters are invariant over 19GHz bandvridjire 617 illustrates the SOT
extracted circuit parameters for different inner diameter ofhvie @ while other geometric

parameters are fixed at their prior value.

L
I L.

°fmfmi
CT TCa TC

?m?

Figure6.14 Via-hole discontinuity in twdayered substrate: (a) 3D Layout; (b) Primary circuit

topology; (c) Circuit topology fromsistage decomposition; (d) Circuit topology frofii 8tage

decomposition
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Figure6.15 Extracted primary circuit parameters by the SOL and proposed SOT

From the abowelescribed case studies, these three different discontinuity examples provide us
with convincing arguments and interesting observations. First, the proposed SOT calibration
technique proposed in this work provides much more stable equicaiemt parameters over a

larger bandwidth as opposed to the recently proposed SOL calibration tecHr8dueSecond,

the proposed decomposition technique provides a holistic strategy to generate a unified equivalent
circuit model for any given structure discontinuity or circuit element. Circuit parameters of such
decomposed circuits are more invariant and rbbusr a larger bandwidth as compared to its
conventional counterpart. In all the cases, the SOT calibration method outperforms the SOL
technique in terms of maximum frequency bandwidth for a robust circuit model. On the other hand,
with the conventional &r K inverter concept, the equivalent circuit of such discontinuities are
FRPSRVHG RI VLQJOH VHFWLRQ RI 7 RU E QHWZRUN 6XFK LQY
bandwidth application. Our proposed stgpstep circuit decomposition techniqgiseset to derive

the appropriate equivalent circuit of a target discontinuity over a larger bandwidth at high

frequencies.

(a) (b)
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Figure6.16 Extracted 29 stage decomposed circuit parameters by the SOL and proposed SOT:
(a) Inductances (b); Capacitances

(@) (b) (©)

(d) (e) ®
Figure6.17 SOT-extracted (? stage decomposed) circuit parameters at different inner diameter
di: (@) L (0) Ly; (€) Lz (d) Ge (€) G; () C2
6.5 Circuit design and experimental validation

To validate the proposed SOT calibration method and equivalent circuit model development
technique, a thir@rder enegcoupled microstrip bandpass filter (midband frequency 6GHz)

with 3% fraction bandwidth and @B return loss is designed on a 1.27mm Rogers 6010 substrate
with a dielectric constant of 10.7 and a loss tangent of 0.0023. The layout is presdfitgnlein
6.18(a). The equivalent circuit of the microstrip gap discontinuity has been derived in previous
section which is used along with capacitive input/output tight coupling to represent the complete
equivalent circuit of the target thrg®le microstrip enatougded resonator filter as shownkigure
6.18(b). Shut connected capacitors at the two ends of the-menator coupling circuits are

absorbed into the parallel LC circuits that represent the resonators.
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The length of the microstrip gap discontinuities as msonator coupling can initially be
determined by the prescribed circuit parameter values according to our proposed circuit model
development technique. The filter layout is finalized after minodifitations. Figure 618(a)
GHVFULEHV WKLUG RUGHU ILOWHUYV .alHZERE N WEE; ISDUDPHYV
raxeb L r&aand 9 L s& where all the units are in mm. The extracted equivalent circuit model
parameters ofFigure 618(b) from the proposed SOT-denbedded results af¥y, L raydp L

rawidp L vasp L rdwsglLradd@p Lrad.cLt&{agL uz{and .; L {r where all

the capacitances and inductances are expressed in pF and nH, respectively. The equivalent circuit
parameters are also extracted frorTKL calibrated results to compare with the circuit responses
from the extracted circuit parameters out of 3T deembedded results. The extracted equivalent
circuit model parameters &igure 618(b) from the MTRL calibrated results are close to the SOT
deembedded results derived circuit parameters which &g L rdyé&p L ravée L
td{&@Lradw®gLrdrvsLraryw.sLt&{Ag L uZz{xand .; L {rwhere all the
capacitances and inductances are expressed in pF and nH, respectively. The comparison of S
parameters among the SOTFelmbedded resutiriven equivalent circuit, MIRL calibrated resut

driven equivalent circuit, fulwave EM simulations, ahexperiments are illustratedkigure 619.

The filter was measured using Keysight N5224BNA microwave network analyzer. The
equivalent circuit model generatedp8rameters differs a little bit from the fwllave EM
simulation results. However, the EM simulation results demonstrate that the filter has achieved the
desired performance such aaspband return loss and stopband insertion loss. An excellent

agreement is found between the measured and simulated results.

u "

WETC CZTE ?L ETCIC'TE;

(@) (b)

Figure6.18 Threepole microstrip engtoupled halwavelength resonator filter. (a) Layout; (b)

Equivalent circuit
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Figure6.19 Comparison of parameters among equivalent circuits, EM simulation, and

measurement results

6.6 Discussions

This paper presents a holistic circuit model development technique from the proposed-SOT de
embedded results of any given discontinuity or geometry. The major goal of this work is to
establish a unified methodology for automated equivalent circuit modeloggnent where circuit
parameters can be made invariant or frequémdgpendent over a broad range of frequency. The
concept of AROC is introduced to estimate and decide the performance 8tstagé (order)
network decomposition in connection with circuit parameters over a given range of frequency.
Such analysis provides robust guidance towards automated circuit model decomposition and

generation.

Table 6.1 summarizes the achieved maximum bandwidth from different methods such as SOC,
SOL and SOT. Extracted primary circuit parameters of microstrip line gap discontinuity, microstrip
line step discontinuity and wiaole through twdayered substrates are anagzn this case. In
addition, decomposed circuit parameters from the proposed circuit model development method are
extracted from the SOLand SOTcalibrated results for all three examples. Such a comparison
demonstrates that the proposed SOT techniguada® a much better bandwidth as compared to
other calibration techniques. In addition, the proposed circuit decomposition technique provides a
systematic procedure to formulate and generate an equivalent circuit model from the calibrated
results of a give discontinuity or element. These decomposed circuit parameters can further extend

the achieved bandwidth for better invariance. The proposed circuit model decomposition algorithm
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provides us with a number of lumped elements while conventional circuit models consist of only
three lumped elements to describe the field behavior of a certain discontinuity or element.
Therefore, the proposed mudtiage decomposed circuit model hastéelbelegree of freedom with

any series and shunt lumped elements that accurately describes the field behavior for any given

physical geometry.

Table6.1 Bandwidth invariant circuit parameters

Discontinuity | SOC | SOL" | SOT | SOL¥ | SOT
(GHz) | (GHz) | (GHz) | (GHz) | (GHz)

MSL Gap |5[18§ | 4 9 9 20
MSLstep | 7[209 | O 15 11 20
Via-hole | 3[19 | 3 11 9 20

(2 layers subs.)

*Conventional circuit model

#Decomposed circuit model from the proposed method

These numerical experiments show that the $@3Jed results along with the decomposed circuit
techniques may provide maximum -386 GHz bandwidth for stable microstrip line circuit
parameters with those conventional RP@Bcessed circuit layouts. There awo fundamental
reasons behind such instability of circuit parameters over 30GHz in this case. First, we only
consider the lossless cases in this work. For hiffleguency modeling, losses become more and
more pronounced. Second, higleeder modes becomeminent at high frequencies. If the effect

of higher modes should be considered, the establisheddvi@quivalent circuit is not enough. In

that case, a multiport equivalent circuit model is required for generalipaga®eters. Two port
equivalent @cuit can only be utilized to describe the fundamental mode characteristics. These

bandwidthlimiting cases should be further studied.
6.7 Conclusion

In this paper, the SOT éembedding method is proposed and presented for accurate modeling and
characterization of unbounded structure discontinuities and circuit elements for a variety of high
frequency applications. This approach rigorously consideth@ltdlynamic effects over a broad
range of frequency in an equivalent circuit model. The short, open and thru calibration standards
are established with a fullave electromagnetic algorithm, which are used to conduct a robust
numerical extraction procesisrough a circuit network theory. Equivalent circuit models of three

example discontinuities are extracted and their extracted parameters are compared against other
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published calibration methods such as SOC and SOL. It is found that the proposed SOT technique
outperforms the other schemes, which provides better circuit parameters in terms of modeling
stability over maximum bandwidth. In addition, a stgpstep circui model development
technique is described and validated. Such a circuit model development approach provides a
guideline for potentially automated equivalent circuit model generation with stable circuit
parameters over a wide bandwidth. The three disaattiexamples are demonstrated to show the
usefulness of the proposed model generation. In addition, aotttied enecoupled bandpass filter

has been measured and characterized by the proposed rdethadl equivalent circuit. The

agreement among simtilan and measurement results has validated our proposed technique well.
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CHAPTER 7 ARTICLE 6 : HIGH -ORDER EQUIVALENT CIRCUIT
MODEL DEVELOPMENT ACCOUNTING FOR MUTUAL -
COUPLING EFFECTS

Chandan Roy ande Wu
Submittecto thelEEE Transactions on Microwave Theory and Technique3 Jure 2023

Mutuakcoupling effects are of utmost importance in kiggquency circuits and systems as they

may significantly impact the overall performances. However, it is a common practice that
unintentionally overlooks or deliberately ignores these couplings wlegeloping equivalent

circuit models. Neglecting these couplings may lead to inaccurate circuit models and
characteristics. Therefore, it becomes imperative to account for mutual couplings in the
development of accurate equivalent circuit models. By irarating these models into the circuit
analysis, we can effectively capture the intricate interconnections and behaviors among different
components and elements, leading to a more precise representation of a complete circuit. This work
presents a systemafecocess for synthesizing the equivalent circuit model of a target field model
structure that incorporates mutual and cross couplings of varying orders. The proposedédtigh
framework begins by developing the equivalent circuit models for each inditrdnamission

line discontinuity within the target circuit. Subsequently, the mutual couplings of different orders
are meticulously modeled in a stbp-step manner when a series of mutualypled blocks are
considered from lowo-high orders. Throughauhis process, fullvave electromagnetic (EM)
simulations are deployed, along with a circuit parameter extraction method that utilizes de
embedded circuit responses. By combining these techniques, a comprehensive and accurate
equivalent circuit model is emerated, enabling a detailed analysis of the target field model
structure, and facilitating a deeper understanding of its electrical behavior and performance. This
paper utilizes two microstrip filter examples for theoretical and experimental demomstrfattie

proposed technique
7.1 Introduction

Microwave andnillimeter-wave circuits are becoming increasingly complex and electrically large
due to factors such as enhanced functionality, higher frequency operation, and reduced component
size. Traditional design and optimization methods relying on direeivulesimulations are often
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impractical or infeasible with the computational resources typically available. This is especially
true when dealing with extensive arrays of mutually couplechents or intricate waveguide
structures To address this challenge, an efficient and flexible design approach involves dividing
the complex structure into geometrically simple and electrically small discontinuities or building
blocks, along with uniform transmission line sections that possegsicpl interpretability.
Equivalent circuit models are then characterized and established for these discontinuities and
transmission line sections, enabling easy regeneration with modifications to the original structure.
This method facilitates a direggrghesis and optimization process that can be performed within a
circuit simulator.However, it is important to note that electromagnetic parasitic effects arising
from elemerto-element mutual couplings may generally be disregarded in this approach,
potentially leading to inaccuracies in circuit design and performance prediction vehewuttling

effects becomes significant. Thus, it is anticipated that incorporating an accurate equivalent circuit
model of the primary or dominant mutual couplings into the circuit simulator can enhance the

accuracy of results obtained through this segatemt and optimization procedure

Mutual coupling, whether it manifests as adjacent effect or crosstalk, is a pervasive phenomenon
occurring between electromagnetic circuit elements in proximity, regardless of their size. This
observation holds true for various scenarios. For instan¢keinase of a filter, parasitic mutual
coupling between any pair of resonators can exert a significant influence on the overall filtering
response, regardless of the employed synthesis procedures. Another example pertains to the mutual
coupling between palel transmission lines, which affects higheed signal propagation and can

have implications for digital signal integrity and synchronization performance.

The calculation of mutual coupling between discontinuities in planar circuits has been addressed
using the equivalent source metH@d (], [21]]. In the context of large but finHextent antenna
arrays, two primary approaches have been employed for modeling mutual coupling: the spatial
domain (elemenrby-element) method and the spectral domain (periodic cell) m¢2id#l The
spatial domain method is wedlited for modeling smalto mediumsized arrays, as it involves
the computation of mutual impedance or mutual admittance for each pair of elements. However,
when dealing with large arrays, this method can demand subbktarhputational resources and
time. In contrast, the spectral domain method has been recognized for its computational efficiency
in such scenarios. This method incorporates all mutual coupling effects by imposing periodic

boundary conditions on a singlelement, assuming that the excitations for all elements.
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Consequently, this technique neglects edge or border effects and nonuniform current distributions,
which become relevant when dealing with large but finite arrays, where the periodic array theorem
(Floquet's theorem) is no longer applicable, especially theaarray edges. Furthermore, several
alternative algorithms have been developed to reduce computational requirements by combining
the strengths of these two meth@é43, [214]. The consideration of mutual coupling has been
limited to firstorder effects, with the assumption that higbheter mutual coupling is either
negligible or does not impact system performait¥l]. A method specifically addressing the
evaluation of mutual coupling among microstrip dipoles within an array environment was reported
and discussed if215. However, this method is not applicable to large arrays, as it does not
explicitly account for higkorder mutual coupling effects.

Equivalentcircuit models have been extensively studied and employed to establish-a well
behaved correlation between physical phenomena and electrical properties of electromagnetic
structures. Within these equivalent circuit models, electromagnetic field interamtidre®upling
effects among circuit elements or building blocks are typically represented by the impedance or
admittance networks of a specific form. This approach enables the utilization of equivalent circuit
models to describe both levand highorder caiplings in multiple/crosscoupled circuits and
elements, as any form of coupling is intrinsically associated with electric and/or magnetic fields.
Consequently, the incorporation of equivalent circuit models for mutual coupling is expected to
enhance theomprehensiveness and consistency of the fargenall geometrical segmentation
method. Mutual coupling modeling method of any order waposed and briefly discussed
utilizing the parameter extraction and formulation of an equivalent circuit. This approach was
realized through a fieltheoretical electromagnetic modeling techniq@ad, [217]. In this
method, the mutual coupling of arbitrary order was explicitly modeled and characterized within an
equivalent circuit framework. The description of the equivalent circuit enables the successive
extraction of circuit models for higbrder mutual coumg (specifically, crosstalk coupling) based
on the established models for lmsder mutual coupling (adjacent coupling). In this work, similar
strategy is followed with the introduction of average rate of change (AROC) concept. Such concept
was utilizedfirst in [218 where the equivalent circuit model of elementary transmission line
discontinuities are developed. We combine these concepts to deduce the complete equivalent
circuit model of a target structure that consists of multiple transmission line discontinudies an

mutual couplings of different order between them
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Theremaining sections of this paper are organized as follows. Section Il presents an overview of
the complete process for developing the equivalent cincadel. In Section Ill, the modeling of
elementary discontinuity is discussed, focusing on the circuit decomposition technique. Section IV
provides a detailed stdpy-step explanation of how the loweo-higher order mutual couplings
between various transssion line discontinuities are deduced. To validate the proposed circuit
model development method, Section V showcases two microstrip filter examples. General

discussion is presented in Section VI, followed by the conclusion in Section VII
7.2 Equivalent circuit model development technique

The development of a comprehensive equivalent circuit model always commences with the
selection of a target structure in connection with a specific application scenario. Subsequently, the
target structure undergoes its segmentation into distinct transmidsie sections and
discontinuities. It is important to note that a target structure may comprise diverse types of
discontinuities. The initial step in this process involves deducing an appropriate equivalent circuit
model corresponding to each discontipyuHowever, it has been demonstrated2a§ that the
FRQYHQWLRQDO 7 DQG & QHWZRUN UHSUHVHQWDWLRQ LV
discontinuities. To overcome this limitation and achieve a wide bandwidth representation of the
equivalent circuit mode[218 outlines a stejby-step circuit model decomposition technique.

Once the equivalent circuit models for specific transmission line discontinuities have been
obtained, it becomes necessary to incorporate in the models, mutual couplings between these
discontinuities. The determination of these mutual couplings should be teddu@ sequential
manner, beginning with the firsrder coupling referred to as sidg-side coupling, and
subsequently progressing to higlmeder couplings such as cressuplings. Ultimately, the
comprehensive equivalent circuit model of the targetcture is constructed by combining the
equivalent networks of the segmented discontinuities and the equivalent networks representing alll
the mutual couplings. Fige 71 illustrates an arbitrary structure that consists of K number of
transmission line discontinuities. These discontinuities are connected by different lengths or
sections of transmission lines where the first discontinuity is connected to the input platand

discontinuity is connected to the output port. Here, we choose-pdwaircuit example where

mutual couplings are indicated ds2 Here, =stands for the order of mutual coupling and

indicates the sequence of a particular coupling. In this illustration, mutual couplings of up to third
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order are indicated here. For K number of total discontinuities, there drer{imber of T order
coupling. Similarly, the number of"2and 3 order mutual couplings are {R) and (K3),

respectively
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Figure7.1 Maximum 39 order mutual coupling involved target structure witm#mber of

discontinuities

7.3 Equivalent network of transmission line discontinuities

Concerning the development of an equivalent circuit model from field model, conventional
DSSURDFKHVY LQYROYH WKH XWLOL]J]DWLRQ RI 7 RU & QHWZRL
types of discontinuities. Various instances of such discontinuitiekide microstrip gap,

microstrip step, via hole, -Blane, and kplane waveguide iris, among many others. Prior to
commencing the extraction of circuit parameters for a particular type of transmission line

discontinuity from its fulwave electromagneticimulation outcome, the application of a
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numerical calibration technique becomes necessary to eliminate or alleviate any introduced
numerical noise originating from external ports and excitation sources for any potential
deterministic solutions. This numerical calibration procedure is essemtaisure the accurate
extraction of circuit parameters pertaining to the device under test (DUT). Within the available
literature, the thrueflect line (TRL) and shompen (SOC) calibration techniques have gained
wide acceptancesanumerical calibration metho{s87], [197], [18F. In [218, a shortopenrthru

(SOT) deembedding technique was presented to offer enhanced reliability and stability in the
extraction of circuit parameters across a wide frequency range. Subsequently, the equivalent circuit
is formulated corresponding to each disaaunty within the target structure, utilizing our recent

work on an equivalent circuit model for elementary discontinuities, which relies on the extraction

of primary circuit parametef21§].

The proposed technique for circuit model decomposition, as introdu¢2tininitiates with the
HIWUDFWLRQ RI FLUFXLW SDUDPHWHUV IRU WKH FRQYHQWLI
calibrated Y or Z parameters of an elementary discontinuity'svaie electromagnetic (EM)

model. To assess the uniformity of the extractedudi parameters across a frequency range of
interest, the average rate of convergence (AROC) concept is employed. In this work, we also utilize
the AROC concept to develop a comprehensive equivalent circuit model forwafidl EM
structure. AROC quantds the average rate of change of a function per unit within a specified
interval. It is determined by the slope of a straight line connecting the endpoints of the interval on
the function's graph. The circuit parameter under consideration exhibits glbfesftarp variations
throughout the frequency range of interest. To analyze these variations, the curve representing the
circuit parameter can be divided into multiple aoriform segments, allowing for the calculation

of the average rate of change (ARO@)hin each segment over the specified frequency range.
The adoption of a neoniform frequency sampling strategy enables us to densely discretize the
curve in the vicinity of potential resonant conditions across the desired frequency band, where the
gragh may exhibit maxima or minima. These extremal points can be determined mathematically
by equating the first and second derivatives of the circuit parameter value with respect to frequency
to zero. By employing this technique, we achieve a precise cidewbmposition process,

enhancing the accuracy of our analysis

From[218, the analysis of the average rate of change (AROC) in the extracted circuit parameter

serves as a fundamental criterion for assessing the precision of the equivalent circuit model for
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both an elementary discontinuity and a thde@mensional electromagnetic (EM) structure. By
examining the AROC, we can effectively evaluate the fidelity of the constructed equivalent circuit
models in accurately representing the behavior of the discaytiawi the overall EM structure.

The core concept behind the circuit model decomposition technique relies on the utilization of the
#4494, @as a measure of circuit parameter stability within the equivalent circuit model. The
REMHFWLYH LV WR GHFRPSRVH WKH SULPDU\ 7 RU &E QHWZRUN
among all circuit parameters across a broad frequency range of inBgrashieving this goal, the
decomposed circuit model maintains coherence and accuracy throughout the entire frequency
spectrum under examinatiom [218], during the circuit model decomposition process, every
SDUDPHWHU RI D SULPDU\ 7 RU & QHWZRUN LV GLVDVVHPEOF
iterative technique is applied successively until all the extracted circuit parameters exhibit
constancy aoss the desired frequency range. At each stage of decomposition, an additional loop

is introduced into the primary equivalent circuit. This stepwise expansion and refinement procedure
facilitates the attainment of a more comprehensive and accurate ndégtieseof the circuit

behavior, ensuring stability and consistency of the circuit parameters over the entire frequency

band of interest. Fig. 2 illustrates the final circuit topology aﬁ@?stage decomposition in case
of 6F6F6F®F6F67?6FeF6F®FeF67?€FeFeF®FeFeand2F6F
e F ® F 6 F eTombinational circuit topology

(@)

(b)
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(d)

Figure7.2 Network topology afterO ‘?Ustage decompositid®] (a) 6F 6 F6 F®F 6 F 6?
(b) 6FeF6F®FeéeF6?c)FéFéF®FeéFeé?d eF6FeF®F6Fe?

7.4 Equivalent network of mutual couplings

In the context of modeling mutual couplings using equivalent networks, the process involves
extracting the equivalent network for lowarder mutual couplings initially. Subsequently, higher
order mutual couplings are deduced in a sequential manner. Througisqorocedure# 44 %4, ¢

is computed to determine the extent of circuit model decomposition, ensuring the consistency of
all circuit parameters across the frequency band of interest. This approach allows us to iteratively
refine the circuit model, ensuring an accurate representat the mutual coupling effects while
maintaining stability and coherence within the overall network model. Three generalized examples
of mutual couplings in structures with various transmission line discontinuitieduateated in

Figure 73. Three, four and five discontinuity consisting examples are illustrated here to show the

arrangement of mutual couplings in different scenario.

M
1\/[13 14
Dl D3
Dt Dot XD 3P4 nd g
Mz Mo M, My My, Miz My Msy Mys

(@) (b) (©)

Figure7.3 Mutual couplings of different order in circuits (a) three transmission line

discontinuities (bjour transmission line discontinuities (c) five transmission line discontinuities

7.4.1 Equivalent network of first order mutual coupling

The first order mutual coupling is also known adime coupling.Figure 73 illustrates few
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examples consisting with various number of transmission line discontinuities and mutual couplings
between them. Different order of mutual couplings are indicated py where | is former
discontinuity and J is later discontinuity The discontinuities are indicated b§g;where EL

sd 4 4. Here, Lrepresents thotal number of transmission line discontinuilly case of first

order mutual coupling,] and Jof / 54 are subsequent number which represent the mutual
coupling between adjacent transmission line discontinuities. For better generalization, let us
consider that all the discontinuities are naonform in the illustrated cases kigure 73(aFigure

7.3(b) andFigure 73(c). Therefore, all the adjacent couplings are-uoiform due to the

asymmetry in the structures.

In Section 1ll, we present the strategy for developing an equivalent circuit model for a specific
transmission line discontinuity. This approach allows us to determine thieaksot circuit
topology for &; To establish the mutual coupling circuit between two consecutive discontinuities,
we begin by obtaining the electromagnetic (EM) simulation results for tlces@led
discontinuities. Once the results are numericdéhembeddedwe extract the circuit parameters
from them. Before proceeding, it is necessary to define the desired circuit topology. The equivalent
network for the respective transmission line discontinuity is derived following the instructions
outlined in the previXV VHFWLRQ ORUHRYHU WKH SULPDU\-liHef XLYDOH
mutual coupling should be connected between the other two equivalent networks corresponding to
the discontinuitiess shown in Fig. 4The circuit parameters will be extracted from this circuit
topology and the#&4®%, gwill be calculated.Figure 72 illustrated network decomposition
technique should be appliedontBeULP DU\ HT XLY D O HIQvésporkibg @&th@ikhe/ Z R U N
coupling. After each decomposition step, #é 19 jwill be calculated and compared with the
#4848, found from previous decomposition stage. The network decomposition process for the
inn-OLQH FRXSOLQJYV HTXLYDOHQW F &880l jaack to RXrdrBniEH VWRS
value. By this way, equivalent circuit corresponding to thdin@ coupling between two

discontinuities can be developed while the extracted circuit parameters are consistent over a

broadband frequency.
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Figure7.4 Complete equivalent circuit consisting of two mutually coupled transmission line

discontinuities

7.4.2 Equivalent network of higher order mutual coupling

Once the accurate equivalent circuit model for the -firder mutual coupling has been
determined, the next stage in tm@deldevelopment process involves deriving the higbreler
mutual couplings in the form of their equivalent circuits. To obtain the sema® mutual
coupling, a series of three consecutive transmission line discontinuities is cascaded, and their
correspondig EM simulation results are obtained. These results are numedeaiybeddeénd
used teextract the circuit parameters. The equivalent circuit topology should be arranged as shown
in Figure 75. InFigure 75, network2 shows the equivalent circuit model of the first order mutual
coupling between network (i.e. equivalent network of-(i)" discontinuity) anchetwork3 (i.e.
equivalent network of'l discontinuity). Similarly, netword represents the equivalent circuit
model of the first order mutual coupling between netwdrk.e. equivalent network of"i
discontinuity) anchetworks5 (i.e. equivalent network of (i+%)discontinuity). From section IV.A,
network?2 and networld is derived according to the circuit decomposition process. The equivalent
circuit corresponding to the second order mutual coupling betwddf gnd (i+1J" discontinuity
is indicated in the Fig. 5 as netweBkThe derivation of the secoratder mutual coupling circuit
follows a similar approach to the modeling of thdim@ coupling discussed in Section IV.A. With
the knowledge of the existing networks obtained from previous steps, the primary network of the
TRU E VHFWLRQ VHUYHYV DV WKH Hrﬁ@(liﬂa&w@iM@Iﬁfﬂﬂ@ﬁ@N IRU V
is calculated as a measure of performance. Subsequently, the primary network is decomposed into
its extended version, as depictedRigure 72. This iterative network decomposition process
continues until the#44%4 yeaches its minimum valuhis process can be repeated for

GHWHUPLQLQJ RWKHU KLJKHU RUGHU PXWXDO FRXSOLQJVY
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sequentially.

Once all the transmission line discontinuities and mutual couplings of different orders are
modelled, we may cascade these equivalent networks by parts in order to develop the complete

equivalent circuit model of the target structure as illustratédguare 71.

Lquivalent
circuit of sccond
order mutual

coupling. My
Network-6

‘ 2
| Network-1 Networlk-2 Network-3 Network-4 Network-5 |
— 1
' Equivalent LEquivalent Cquivalent Equivalent Tiquivalent '

. cireuil of cireuit of first cireuit of circuit of first cirenit of ,
1 (-1 order mutual i" discontinuity  order mutual Gi-+1y" 2

discontinuity coupling, My ; coupling, M discontinuity

Figure7.5 Complete equivalent circuit consisting of three mutually coupled transmission line

discontinuities

The proposed equivalent circuit model development technique from a target structure is

summarized as follows.

1. Choose a target field model structure whose complete equivalent circuit model should be
developed.
2. Divide the target structure into segments. These segments include transmission line
discontinuities and connecting lines between these discontinuities.
Identify different types of discontinuities in the target structures.
Develop equivalent circuit models of these different transmission line discontinuitids-one
one in the following manner.
a. Do the fullwave EM simulation of a particular type of transmission line discontinuity in
a commercial EM model simulator such as HFSS and CST.
b. Numerically deembed the [S], [Y] and [Z] parameters from the EM simulation results
and extract the circuit parameters.

c. Compute the448 from all the circuit parameters and decompose the circuit elements

further to meet the desirelif4 4% yalue to get the circuit parameters constant over the
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frequency band.

d. Finish the equivalent circuit model development of the particular discontinuity by
cascading all the decomposed networks together.

5. After developing the equivalent circuit models of @gtbes of discontinuities in the target
circuit independently, mutual couplings should be modelled next. Modelling -lein
coupling will be the first step.

6. First order coupling between two discontinuities will be modelled as follows.

a. Each two consecutive discontinuities will be simulated in HFSS/CS¥entieedded S
parameters will be used to extract the circuit parameters.

b. The complete equivalent circuit topology will be-s¢tS E\ FDVFDGLQJ D 7 RU &
representing the mutual coupling surrounded by the deduced equivalent circuit of two
discontinuities obtained in step 4. This RU & QHWZRUN ZLOO EH GHFR
minimum #44%%, yalue. By this way, the ifine couplings between different set of
consecutive discontinues will be modelled.

7. In order to find the equivalent circuit representation of second order mutual coupling, three
consecutive discontinuities will be arranged in a row and theinfalle EM simulation results

should be recorded. The equivalent circuit topology for thesdetipree discontinuities will

consist of networks for three discontinuities, networks for two first order couplings and a single

network for second order coupling. Other networks are derived in step 4 and step 6 whilea T

RU E QHWZRUN U H$tdet soHpOngy prinvirfyHT he ldeinBedded results are used

to extract the circuit parameters. TE& 1484, is computed for all the circuit parameters. The
VHFRQG RUGHU FRXSOLQJ UHSUHVHQWHG SULPDU\ 7 RU &
the value of #4484

8. Other higher order mutual coupling will be modelled in a similar manner.

9. While all the circuit equivalents are deduced from the above explained steps, the complete

equivalent circuit model of the target structure can be built up.
7.5 lllustrative examples
In this section, two examples of microstrip filter are demonstrated. Thdwsep equivalent

circuit model development process is illustrated through these examples. The transmission line

discontinuities and various couplings between these discomsate considered towards the
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whole equivalent circuit model development. The first example of fifth order hairpin filter shows
all these steps in detail along with EM simulation and circuit equivalent responses. The second
example of third order parallel coupled microstrip filtede&monstrated with its EM simulation

results and equivalent circuit responses along with measurement results.
7.5.1 Application example of fifth-order microstrip filter

The first example is a fiftorder hairpin microstrip filtef219. The target structure of the fifth
order microstrip filter is shown iRigure 76. The WUVKDSHG PLFURVWULS OLQHVY OH
as.s . -7 -gand.g widths are presented &s;, 9 gandthe gap length between these lines are
denoted by 5 and 5; This hairpin bandpass filter is a symmetrical structlifee optimum
geometric variables for the desired filter response frof@l9 is found as
N Pgdhdsasdgasdgag?L sdxdaxadtxadysSsSdyHdvxdavxyavusdxy?

where all the lengths are measured in mm.

Figure7.6 Target structure of a fiftlorder microstrip filter

The first step of the equivalent circuit model development of target structure illustrated in Fig. 6,
is to develop the equivalent circuit corresponding to the gap discontinuity betweensiapéed
resonators as shown kigure 77(a). We setup the fulvave EM simulation environment while
the two Ushaped resonators are weekly coupled to its input and output port. Then we follow the
circuit model development process for transmission line discontinuity structures with the help of
AROC curve of extractedircuit parameters as proposed #18 as well as further explained in
section Il of this work. A conceptual block diagram of such setup and the developed equivalent
circuit model of the transmission line gap under consideration is illustratéigure 77(b) and

Figure 77(c), respectively.
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Figure7.7 Two gap coupled t$haped resonator@) Fullkwave structure (b) block diagram (c)

equivalent circuit

In the second step, we need to find out the-Grder mutual couplings between two consecutive
discontinuities. In order to do that, threesblaped resonators should be Jinein a row for its
full-wave EM simulation. Similar to the previous steptfarsd last resonators are weekly coupled
to the input and output port. The block diagram of the equivalent circuit arrangement is shown in
Figure 78(a). The equivalent network corresponding to the transmission line discontinuity in the
target circuit is eady deduced in previous step as showrigure 77(c). The resonators are
represented by a parallel LC network as usual. The remainder circuital part (first order mutual
coupling) should be deduced with the help ofedebedded circuit parameters from the-fudlve
EM simulation resultsFigure 78(b) illustrates the equivalent circuit model of three gap coupled

U-shaped resonator that meets the desired lev#i®i 3

1% Order
mutual
— coupling |_
| Discontinuity B Discontinuity [ |
Resonator-1 equivalent Resonator-2 equivalent Resonator-3
- circuit circuit _—

(@)
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1™ Order
mutual coupling

Discontinuity-1 —————— 2 Diswntinuitv 2

Resonator-1 Resonalor-2 Rus onator-3

(b)

Figure7.8 Three cascaded gap couplesshihped resonators represented by (a) block diagram (b)

equivalent circuit

In the third step, the second order mutual coupling should be derived in the similar manner. Four
U-shaped resonators are lined up in a row so that there are three transmission line discontinuities
exist and the second order mutual coupling between fdttlaird discontinuity can be easily
identified. The conceptual block diagram of equivalent circuit model arrangement is illustrated in
Figure 79(a). From previous two steps, gap discontinuity corresponding equivalent circuits and
equivalent circuit cogsponding to the first order mutual couplings between each two consecutive
discontinuities are already deduced. Theed#edded circuit parameters from tberf cascaded

gap coupled hairpin resonatdisM simulation results are utilized to deduce the second order
mutual couplings in terms of their equivalent circuit modéigure 79(b) illustrates the equivalent

circuit model of four gap coupled-Ehaped resonator that meets the desired levi${&E®s

1% Order 1% Order =
mutual mutual
coupling |_ coupling |_
N . + . L . . . - . .
Discontinuity Discontinuity Discontinuity
Resonator-1 equivalent Resonator-2 equivalent Resonator-3 equivalent Resonator-4
- circuit circuit circuit
2" Order
mutual
coupling

(@)
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Figure7.9 Four cascaded gap coupled hairpin resonators setup (a) block diagram (b) equivalent

circult.
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Figure7.10 Complete equivalent model of the target structure (a) block diagram (b) equivalent

circuit model

Finally, the complete conceptual block diagram of the target structure and the equivalent circuit
model is developed as shown in Fig. 10. The extracted circuit parameters dra:& x .¢ L

r{gy ., L uku.p s Lty
% L sdy % Lrd, %sL vay % L y{ % L réart, %L ras %L ras %L {x§and

Lrauis .l wa, i Lyks %L y&{a% L sdx % L say,
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% L r& yHere, all the inductances and capacitances are measudedand L (, respectively.

The calculated #4484 ymeets the desired levels(H s ?9 from all the extracted circuit

parameters. Fig. 11 illustrates the S parameters comparison between the EM simulation result and

the equivalent lumped element circuit simulation result.

Figure7.11 Target fiveorder microstrip filter response comparison between EM simulation and

equivalent circuit simulation

To highlight the effects of higher order couplings, equivalent circuit performance at different level

of mutual couplings of fifth order microstrip filter example fromukig 76 is illustrated in Figre

7.12 Circuit parameters are listed in TaBld and Table7.2 where the unit of inductances and

capacitances are nH and pF, respectivelyuféi¢y.12shows that the filter performance without

any mutual couplings can not achieve the desired response. Equivalent circuit with first order

coupling network shows better performance. However, the stopband insertion loss cannot achieve

the desired level andhé return loss curve does not show all the transmission poles. On the other

hand, equivalent circuit that considers both of first order and second order couplings, achieves the

desired filter performance. Therefore, the mutual couplings of different @rdemportant to

develop complete equivalent circuit model of a target structure.

Table7.1 Inductances at different model development stages (Fifth order microstrip filter

example)
Circuit Lt | Lo | La | La | Lo | Lx | Ly
1tand 29 order mutual coupling| 0.66| 0.73| 3.63|0.31| 5.0 | 2.7 | 7.61
Only 1%t order mutual coupling | 0.68| 0.96| 3.39| 0.37| 5.0 | 2.7 | 7.67
No mutual coupling 0.81/0.97| 3.4 |0.42| 5.0 | - -
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Table7.2 Inductances at different model development stages (Fifth order microstrip filter

example)

Circuit Co| C | C | C | Car|Ca2|Cprr| G2 | C| C | G | Cq
1%tand 29 | 7.69(1.96|1.07|1.03| 0.9 | 4.3 | 79 |0.002| 0.01|0.01|96.7| 0.37
order mutual
coupling
Only B'order | 9.19| 1.85| 1.13| 1.14| 0.95| 3.57| 79.2| 0.029| 0.01| 0.03| - -

mutual

coupling
No mutual |9.09| 1.53| 116 | 1.28| 0.90| 2.94| 55.0( 0.077| - - - -
coupling

(a) (b)

Figure7.12 Equivalent circuit performance comparison of Exarripbt different mutual
coupling situation (a) (dB) (b) $1(dB)

7.5.2 Application example of parallel-coupledmicrostrip filter

To validate the proposed equivalent circuit model development technique,-artteérdparallel

coupled microstrip bandpass filter (midband frequeney3.6GHz) with 4% fraction bandwidth

and 20dB return loss is designed on a 0.635mm Rogers 6010 substrate with a dielectric constant
of 10.7 and a loss tangent of 0.0023. The layout is presentgdure 713(a) which consists of

half-wavelength line resonators. These resonators are strategically arranged such that neighboring



172

resonators run parallel to one another for half of their length. This parallel configuration enables a
substantial coupling effect, even with relatively small spacing between resonators. Consequently,
this filter structure proves highly advantageous ferabnstruction of filters with wider bandwidths
[22Q. The optimized geometric parameters are as followd: y& x . L y& 95 L r& s 94 L

rdy 5 L rdvand 5 L r&where all the lengths are in mm unit.

The equivalent circuit model of the target filter structure is developed from the procedure outlined

at the end of section IV. The hailfavelength line resonators are modelled as a parallel LC network.

The gap corresponding equivalent circuit model isvéerias a network consisting of series
inductances and parallel LC section. Two shunt connected inductance from two end of the network
DEVRUEV WR WKH UHVRQDWRUVY /& QHWZRUN 7KH ILUVW RU
JDS LV PRGH-0e@wtiGwiizke dapd&tances are shunt connected. The input and output
coupling to the first and last resonator is modelled as capacitive coupling with the input and output

port. The overall equivalent circuit model is showrrigure 713(b).

(@) (b)

Figure7.13 Third-order parallelcoupled microstrip filter. (a) Layout (b) Equivalent circuit
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Figure7.14 Target threeorder parallelcoupled microstrip filter response comparison between

measurement, EM simulation and equivalent circuit simulation results

The extracted circuit parameters are:L sd@x . Lraus.oL td gL ravw.s L sday %L
tdusa% L s&x %BLwy %L vas and % L r&s Here, all the inductances and

capacitances are measuredlifand L ( respectively. The calculateé&d®, meets the desired

level (s H s 1”9 from all the extracted circuit parametefsgure 714 illustrates the S parameters
comparison between the measurement result, EM simulation result and the equivalent lumped
element circuit simulation result. The target thordier parallelcoupled microstrip filter was
measured using Keysight N5224B PNAcmawave network analyzer. The equivalent circuit
model generated -Barameters differs a little bit from the fwllave EM simulation results.
However, the EM simulation results demonstrate that ther flies achieved the desired
performance such as passband return loss and stopband insertion loss. An excellent agreement is

found between the measured and simulated results.

7.6 Discussions

In case of the two exampled bandpass filter circuits, we have employed simple capacitive and/or
inductive couplings to model the input/output (I/0O) couplings. Giheuit model decomposition

technique can also be used to model these elements using the AROC concept. However,
incorporating such a step would complicate the final equivalent circuit, which is unnecessary to a

certain extent for lowirequency applicationdNevertheless, in structures operating in millimeter
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wave and suTHz frequencies, the rigorous modeling of mutual couplings between input and
output discontinuities may be required, necessitating the additional design step.

This paper extensively examines the modeling technique for mutual couplings of different orders.
It is observed that higharder couplings between transmission line discontinuities may not have

a significant impact on the overall circuit performance. Tifuence of these higharder
couplings varies depending on the sensitivity and operating frequency of the target structures. To
determine this sensitivity, we utilize the AROC concept. If the considered Fogther coupling

does not affect the circyierformance within the desired operating frequency rangef#é%¢,

will not decrease any further. By considering this aspect, we can determine the number of higher

order couplings tat need to be modeled.

Two examples of planar circuits are demonstrated in this work for the validation of proposed
equivalent circuit model development method. Other circuit realizations such as conventional
waveguides, nomadiating dielectric (NRD) waveguides etc. can alsommeled through the
proposed method as the AROC concept and circuit model decomposition technique are valid

regardless of circuit realization technology.
7.7 Conclusion

In conclusionthis research has presented a comprehensive technique for developing a complete
equivalent circuit model from a target electromagnetic (EM) structure. The proposed methodology
is based on two key pillars: the average rate of change (AROC) concept amctuhearmodel
decomposition technique. By leveraging EM model simulation results obtained from different
segments of the target circuit, the equivalent circuit models for segmented discontinuities or
elements are derived. The cascading ofsegheegmented networks results in the complete
equivalent circuit model. The focus of this work has been on modeling the mutual coupling of
arbitrary orders between transmission line discontinuities. Two planar filter structures were used
as examples to demnstrate and validate the effectiveness of the proposed method. The equivalent
circuit model responses were compared favorably with the field modeling responses for both
examples. This highlights the accuracy and applicability of the developed methodology
capturing the behavior of the target structures
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CHAPTER 8 ARTICLE 7: ANN MODEL -BASED
ELECTROMAGNETIC OPTIMIZATION BY FI  ELD-CIRCUIT
MODEL MAPPING

Chandan Roy ande Wu
Submitted tdEEE Transactions on Microwave Theory ahechnique®n 24 June2023

In this paper, an ANN model development technique is described for efficient and fast high
frequency structure design and optimization. Unlike wredl-documented space mapping and
aggressive space mapping technology, we map equivalent circuit model parameters to field model
geometric parameters through a neural modeling. First, a complete EM structure is segmented into
a series of different discontiities. Then, the equivalent circuit model corresponding to each
discontinuity is derived from a set of calibrated circuit parameters. Next, couplings of different
orders between the discontinuities are represented as a part of equivalent circuits. thmall
complete equivalent circuit model of a fwive EM structure is developed. All the circuit
parameters are extracted against different combinations of critical geometric parameters of the
target EM structure. This dataset is used to develop the mdiel for mapping the equivalent
circuit model parameters to EM model geometric parameters. At this stage, the circuit model can
be used for optimization purposes. The optimized circuit parameters are then mapped back to the
geometric parameters in contiea with the predesignated performance. In this work, a elnghd
resonardaperture (RA) rectangular waveguide filter and a third order nonradiative dielectric
(NRD) waveguide filter are exampled to demonstrate the proposed methodology. Both the

exampleshow a good agreement between simulation and measurement results
8.1 Introduction

With the everincreasing applicatianof high-frequency and broadand structures in wireless
communication systems, accurate electromagnetic (EM) structure design bexdioasand
complex as structure composition and integration density get more and more inViéélidhown

EM field numerical analysis set tosolve the modeling problem accurately. Such Hrglquency
structuresieal withlots ofdetailedgeometric parameters whose slight deviati@y significantly
affect the system performance. Tdesignandoptimization of such complicated structures usually

require repetitive adjustments of numerous geometrical parameters. However, these repetitive EM
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simulationsmay exceptionallybe time consuming and computationally expensive. To mitigate
these issues of EM modeling, analytical or empirical circuit models corresponding to specific EM
modelsare wellstudied in literaturg49], [51], [123, [127], [128, [56], [57], [10Q, [221], [22].

The fullwave EM model and empirical circuit model gemerallynamed as fine model and coarse
model, respectively. The fine model is accurate but computationally expensive while the coarse
model is fast but less accurate. Space mapping (SM) technology amadlisgversions provide
acombination of fine model and coarse model which offers both of high accuracy and fast speed
[49], [51], [123, [127], [128. However,such empirical circuit models becom@acceptably
inaccurate while operating frequency is extremely hggich as the THz frequency rangethrs

case lumpedelement equivalent circuit model become more accaradepreferred

The well known space mapping (SM) theory was propositfjror the circuit optimization using

a parameter space transformation. This SM technique reduces the computational load by shifting
the optimization task to the coarse model and require only a few fine model simulations in the
complete design process. [B1], a new SM approach named aggressive space mapping (ASM)
employs an aggressive strategy for updating the SM approximation. A trust region aggressive space
mapping (TRASM) algorithm is proposed[i23 to integrate a methodology of trust region with
ASM techniqueln [127], a hybrid aggressive space mapping (HASM) optimization algorithm is
proposed which exploits both the direct optimization and-tegibn aggressive spacgapping
(TRASM) strategy. 1128, a tuning spacenapping technology is introduced where the general
tuning spacenapping algorithm is formulated based on aatbed tuning model for microwave
design optimizationThe validity range of such mapping techniques is limited to the low frequency.

At the high frequency applications, these mapping techniques become less accurate.

Neuro space mapping has been another interesting approach for modeling of microwave circuits.
SM-based neuronodels reduce the training time, improve generalization ability, and simplifies
the ANN topology. I{56], five techniques are presented to generate a variety ebe8&d neuro
models. These techniques are named as spapeed neurons (SMN), frequency dependent SMN
(FDSMN), frequency SMN (FSMN), frequency mapped neuron (FMN), and frequency partially
mapped SMNFSMN). In[57], neural spacenapping (NSM) optimization is proposed for EM
design which exploits the conventional SM based newdeling techniques for the efficient
approximation of mapping. Ifil0(, a knowledge based automatic model generation (KAMG)
technique is proposed which is derived to integrate the concepts of automatic model generation,
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knowledge based neural networks, and space mapping. Here, fast coarse data generators and fine
data generators are utilized simultaneously[2E1], a systematic computaided design (CAD)

method is proposed for the automatic nonlinear device model enhancement by advancing the
concept of Neurgpace mapping. If222, Neural inverse spageapping (NISM) optimization is
proposed that explicitly uses the inverse of the space mapping from the fine model parameter space
to the coarse model parameter space. These -neadlels extract the circuit parameters through

ANN modding which may deviates from real physical model parameters. In addition, the basic
SMN maps the fine to coarse model parameter space by ANN. Majority of the coarse/empirical
models are valid over the low frequencies only. Such problems can be solvetioblydimg
frequency as input parameter in the coarse space. However, majority of these models consider
frequency as an input/output variable of a target ANN model. Such an additional parameter
introduces more complexity in the model generation proceduterraakes the data collection

period longer.

Spacemapping technology and its subsequent variants are useful for EM structure optimization in
low frequency applications. Neural networks, on the other hand, enhance the coarse and fine model
parameters mapping accuracy and speed. However, suchspaw® mpping technique involves
frequency as an additional parameter that makes the model more complicated. To overcome all
these shortcomings, we propose an ANN model development technique that maps equivalent
circuit model parameters to fulkave EM modebeometric parameters. First, from our proposed
method, an accurate equivalent circuit model is developed fromradut EM model structure.

Then, the equivalent circuit model parameters are extracted from different combinational sets of
(0 PRGHDO 1 YicherkRiRds. Finally, the target ANN model is developed and trained with
these datasets. This ANN model helps us to apply direct optimization algorithm to the -lumped
element equivalent circuit model that achieves the desired performance and then thenaps

equivalent circuit model parameters to the EM model geometric parameters

This paper is organized as follows. Section Il first introduces abstapep process of developing

an equivalent circuit model from a fullave EM modebased structure. This equivalent circuit
model development procedure is initiated by partitioningtéinget fullwave EM structure into
different elementary discontinuities and mutual coupling between all the discontinuities. Each
partitioned structure is represented by an equivalent circuit model. Such equivalent circuit models

are developed by the datated fullwave EM simulation results of a particular segment followed
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by the accurate circuit parameter extraction process. The complete circuit model is formed by
joining these partitioned equivalent circuit models altogether. In section Ill, the ANN model
architecture is described along with the data generation techniquaddition, a hybrid
optimization algorithm is briefly described which will be used for the circuit model optimization.
The whole workflow is explained stdyy-step with a flowchart in section IV. Section V
demonstrates two design examples of <h&ld R filter and thirdorder NRD waveguide
bandpass filter. The circuit equivalent results show a good agreement withawdl EM

simulation results and measurement results in both the. cases
8.2 Equivalent circuit model developmenttechnique

To develop amathematical model betweé¢he fullwave EM model geometric parametersd
lumpedelement equivalent circuit model parametarsaccurate equivalent circuit model should

be developed first from the target EM model. The primary step towards the equivalent circuit model
development is tpartition the whole structure into different discontinuities. Tloautilizes the
full-wave EM simulation results of those elementary discontinuities followed by thre@&thps
circuit model development. In the firstep, the fulwave EM model simulated-@arameters
should be numerically calibrated to eliminate ititeoducednumerical noise by external poesd

others Sucha numerical calibration is required to extract the circuit paramefedevice under

test (DUT)accurately. Thrueflect line (TRL) and shompen (SOC) calibration techniguleave

widely beenused among available numerical calibration témphes in the literaturd187], [192],

[188. In our recent work, we have introduced the sbpdnrthru (SOT) calibration technique
which provides more stable extracted circuit parameters over a large range of frg@a&ncin

this work, SOT calibration technique is utilized to calibrate out the numeric noises. In the second
step, the equivalent circuit corresponding to each discontinuity will be developed according to our
recent work on equivalent circuit model for elert@@y discontinuity which is based on extracted
primary circuit parameterf218§. Once the equivalent circuit model of each discontinuity is
obtainedsuccessfully, in the third stegheequivalent circuit modedhould be developddr mutual
coupling between each discontinuity. In high frequency strestthe dimension of discontinuities

are electrically short with respect to each otivich introducs in-line coupling and cross
coupling betweenany two discontinuites. After developing the equivalent circuit model
corresponding to all the elementary discontinuitiedjn@ couplings and crossouplings, the

complete equivalent circuit moldean ke generatedor the completefull-wave EM structure
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8.2.1 Equivalent circuit model ofedlementary discontinuity

The conventional equivalent circuit model of any discontinuity is usually representedby &

section of network. Such networks have been utilized extensively in the literature for the design
optimization of fullwave EM structureR217]. However, these small section of networks can only
represent the circuit behavior accurately over a narrowband of frequency. In order to develop an
accurate equivalent circuit model of a fulave EM structure, we need to have the extracted circuit
paraméers constant over a wide band of frequency[2fh§, we introduced a generalized
methodology to develop such lumped element equivalent circuit model from a 3D EM structure of
a discontinuity. However, we did not consider different losses such as radiation and leakage losses
in [219. In this work, we extend the equivalent circuit model development process in case of the
lossy structures for high frequency applications considering all the madupling effect in a

target 3D EM structure.

The proposed circuit model decomposition techniqu2ir§ starts from the circuit parameter
extraction of a conventiongor esection of network from the calibratedor <parameters of an
HOHPHQWDU\ GL W\WaRe€)BMLDOAL W IMeasutOtBe flatness of extracted circuit
parameters over a frequency range of interest, the concept of average rate of convergence (AROC)
is utilized. The AROC concept is briefly explaihieere as it is also used in this work for developing

the complete equivalent circuit model of a fwihve EM structure. GenerallAROC defines the
average change of function per unit in a givenrirgke It is calculatedrom a straight linef $lope
thatconnecs theendpointsof the given intervaRQ WKH IXQFWHWQYWYVYREK DQ DUE
circuit parameter- s that varies over a frequency ban@ & c-5 7as shown in Fig. 1. This curve is
segmented into0 number ofnonuniform portions to calculate the AROC over that specific
section. Such a neaniform frequency sampling allows us to discretize the curve densely nearby
possible resonant conditions over an interested band of frequency where the maxima or minima of
the curve maye located in the graph. These maxima and minima can mathematically be located
by equating zero to the first derivative and second derivative of circuit parameter value with respec

to frequency. This technique leads us to an accurate circuit decomposition process
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Figure8.1 Frequency sampling of an arbitrary circuit parameterover the band of interest

In Figure 81, the first section is denoted &while : sis the value of circuit parametergatthe
starting frequency(s and : gis the value of that circuit parametertla¢ ending frequency(g of
the first section. Therefore, the AROC for the first sedsdiormulated as

HA1%L 227 25
¢ ¢

Similarly, AROC for the0 Usection, U is formulated as

#4190 22Nz 24

ée 8-

The mean AROC over the whdlequency band of interest is expressed as
e 5% AT
#E430 L Al #41% Zé;

The mean AROC of a particular circuit parameteyis calculated from (3) over a given frequency

range.
S
H4 190 oL~ KEEUS E HEUS0 E © E 844960 2

In equation (4), #4494 GHQRWHYVY WKH DYHUDJH RI DOO WKH FLUFXL
represents the total number of circuit parameters#ﬁifdi% denotes the mean AROC of th& n

circuit parameter; 4 over the frequency range. A specific valuet# 4%, should be decided to

define the acceptable flatness of the circuit parameters curve.

The above explained AROC analysis of extracted circuit parameter is used as a guideline for
judging the accurate equivalent circuit model of an elementary discontinuity as well as a 3D EM
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structure. The main idea of circuit model decomposition technique is based $# t®g, of all

the circuit parameters those are involved in the equivalent circuit model. The target is to decompose
the primary 6 or e network elements in such a way that all the circuit parameters preserve the
consistency over the wide range of interested frequend@1®), each parameter of a primagy

or enetwork decomposed into another sebair enetwork. This technique is repeatedly applied

until all the extracted circuit parameters are constant over the interested frequency band. In each
decomposition stage, one additional loop is added to the primary equivalent circuit. Fig. 2
illustrates theihal circuit topology afterO ¢0 stage decomposition incase S F6 F6 F ® F

6F67? FéF6F®FéF6?72FéFEéF®FeéFé?and 2F6FeF®F6Fe&?

combinational circuit topology

(@)
(b)
(©)
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Figure8.2 Network topology after0 FDstage decompositid18 (a) 6F6F6 F®F 6 F 6?
(b) 6FeF6F®FeéeF6?c)>FéFéF®FeéFeé?d eF6FeF®F6Fe?

(@)
(b)
(d)

(f) (9)

Figure8.3 Component decomposition (a) ideal component; (b) Series RL combination; (c)
Parallel RL combination; (d) Series RC combination; (e) Parallel RC combinati@er{s
RLC combination; (c) Parallel RLC combination

A single element derived from any decomposed network of Fig. 2 can be represented by a series
or a shunt combination of a reactive element and a resistive element. Alternatively, it can be
formulated as a series or parallel combination of all the three thelpements. Fig. 3(a) illustrates

an ideal component which can be composed of the following combination of a series RL branch,
parallel RL branch, series RC branch, parallel RLC branch, and parallel RLC branch as shown in
Fig. 3(b}Fig. 3(g). In each stag#f the equivalent circuit model development through the model
decomposition process, these branches will be utilized and AROC will be analyzed. Finally, the
circuit that retains minimum#44%%4, -will be finalized to represent the corresponding
discontinuity. By this way, equivalent circuit model is developed for each different discontinuity
that is involved in the complete EM model structure. The next step is to develop the equivalent

circuit mockl for mutual couplings
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8.2.2 Equivalent circuit model of mutual couplings

Mutual coupling or electromagnetic field interactions between different circuit elements can be
represented by a particular impedance/admittance network topology in the equivalent circuit
models. This phenomena leads us to use equivalent circuit modelsrésent both Hine and

cross coupling for multipleoupled circuits. 11217, 6and ésection of networks are utilized to
represent the equivalent circuits of first order and higher order of mutual couplings. In this work,
we have introduced our model decomposition technique to represent the mutual couplings between
the discontinuities od 3D fullwave EM structure. The equivalent circuit development process for
the mutual couplings should be initiated after finding the equivalent circuit model for different
individual elementary discontinuities of a target 3D-fudlve EM structure. 1{217], the modeling
technique of0 Yorder mutual coupling is outlined and demonstrated for a phased array antenna,
a 1Gelement periodic structure and a planar low pass filter. It shows that the first and second order
coupling between the elements are significant while other higher ordplirgsuare negligible

due to the larger physical relative distance between two coupled elements. In this work, we have
considered first and second order mutual coupling between two coupled elements for the ease of
developing the complete equivalent citaumiodel.

The first step towards the equivalent circuit model development of mutual couplings is to derive
the first order mutual coupling between any two coupled discontinuities. Firstly, we need to cascade
the developed equivalent circuit model of the consecinidiwidual discontinuity around the’'l

order mutual coupling network as shown Higure 84(a). The equivalent circuit model
development technique for individual discontinuity is explained in section Il.A. In the first
iteration, the conventionador ésection of network should be considered as the equivalent section
for the representation oftbrder mutual coupling. Then the fullave EM model should be setup
where the two discontinuities are connected with a piece of transmission line. The calibrated EM
model simulated S parameters should be utilized to extract the circuit model parameters and

#4484, should be calculated from all the extracted circuit parameters. If the desired value of
#4848 is not achieved]s! stage decomposed circuit topology should be carried out fdfthe

order mutual coupling networkom the o stage decomposed circuit topology shawgure
8.2. As the2" order mutual coupling network introduces more degree of freedom, we limit the
circuit decomposition procedure for mutual coupling networks till thetdge.
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The equivalent circuit fort®* order mutual coupling should be introduced if ts& Stage
decomposed networks f@® &rder mutual coupling can not achietie desired value of¢4%,

for the complete EM model of the target structurBirstly, asFigure 84 illustrates, three
consecutive elementary discontinuities are cascaded alongsfitinder mutual coupling while

the conventional6or &section of network is considered as the equivalent circuit model¥or

order mutual couplinglf the topology is still unable to achieve the desired valust@{%y.
s®stage decomposed circuit topology should be carried out fot #i@rder mutual coupling
networkfrom the 0%V stage decomposed circuit topology shdwgure 82. As it is mentioned
previously that the network decomposition approach is limited'torder decomposed network

due to enough degree of freedom for the complete equivalent circuit model. If the derived complete
equivalent circuit cannot achieve the desitté 4% ,we can proceed with the development of
higher order mutual coupling network. However, in our experiments on different structures for sub
THz applications, all the extracted circuit parameters are stabilized at this stage of the equivalent
circuit model @velopment. These equivalent circuit model development steps will be illustrated in
the flowchart ofFigure 84.

(a) (b)

Figure8.4 Mutual coupling between discontinuities (&)drder mutual coupling in two
discontinuity scenario (b)*and 29 order mutual coupling in three discontinuity scenario

8.3 ANN model and hybrid optimization algorithm
8.3.1 ANN model

In this work, a widely utilized neural network architecture, multilayer perceptron (MLP), is applied
for ANN model development where neurons are arranged in different layers. The input and output
layers are placed at the first and last layers of the nktwhile other layers are considered as
hidden layers. The connection between neurons of adjacent layer is assigned with a weight and

each neuron is fed with a biasing value. The inputs to the input layer are presented in a vector form
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which are calculated along the layers by a feedforward computation. In this work, we use the
transmission line impedance equation inspired feedforward computational equation which is

numerically efficient for microwave probleni82]. Here, S¥ denotes the weighted connection
between GYneuron of : HF s;%layer and B neuron of ¥ layer. Bias is denoted asffor FY
neuron in thel-qUIayer while :'érefers to the activation of th&Y neuron in theHOIayer. The

intermediate quantity i8% The \fand =;are formulated as

~ & >:He0ad 4 ] .
A .

-5 . —qf’ -
, =¥5 EEHP =
HLel am—— S”’B | E ; 1 2;
SE:EH=""HP=3¢;

Here, Erefers to the imaginary unit an® = denotes the trigonometric tangent operator. The
sigmoid function,&is used as the activation function in the hidden neurons whilear activation

function is used in the output layafrthe ANN models in this work.

The ANN model developed in this work deals with equivalent circuit parameters in its input and
geometric parameters of a fullave EM model structure in its output. Such geometric dimensions
and equivalent circuit parameters vary by many orders of magsitukhe sigmoid activation
function gets saturated as the derivatives of large input numeric values are close to 0 which slow
downs the ANN model training. We preprocess all the input and output variables in the range of
>F sd& s7n order to accelerate the model training. Finally, the scaled model input value will be
mapped back to the original val[&l]. LevenbergODUTXDUGW YV D Q168 I3 bstdkiP /0$
this work for training the target ANN model as a fast and efficient algorithm for -sinadl
networks.The adjustment of weight and bias matrix of the ANN model during the training session
has been computed through the error backpropagation algorithm as out[iB&d in

8.3.2 Hybrid optimization algorithm

In this work, optimization procedure will be first applied to the complete equivalent circuit model
to achieve the desired circuit performance. From the optimized circuit parameters, the ANN model
will be used to find the associated geometric parametdfsrént types of optimization algorithms

are available in the commercial circuit simulators. However, lots of advanced optimization

algorithms are recently reported for different types of optimization problerf¥l]irwe proposed
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a hybrid optimization technique which solves the microwave engineering specific optimization
problems fast and accurately. This hybrid optimization technique compares the minimized cost
function between Grey wolf optimizer (GW{¥9] andnonlinear adaptive weight and golden sine
operator (NGSNOA) based WOANGS'WOA) [175 and finally proceed with the optimizer that
minimizes the cost function better. These optimized parameters are considered as initial solution
during the consecutive homotopy optimization process. Finally, the optimized parameters are
provided by the algathm. In this work, we use this hybrid optimization algorithm for the

equivalent circuit optimization.
8.4 ANN model development and mapping technique

In this section, we explain the complete sgpstep process of equivalent circuit parameters to
critical geometric parameters mapping for the desired performance ofveaftdl EM structure.

This process starts with the equivalent circuit model developfmem a fullwave EM model of

a structure. The ANN model training data is collected from suchwfaMe EM simulation and
corresponding equivalent circuit parameter extraction. Once the data generation is completed, the
ANN model is trained. Afterwardshe equivalent circuit parameters are optimized according to
the desired performance. Finally, map these optimized equivalent circuit parameters to the
geometric parameters and wgrthe EM simulation resultsThe stegby-step procedure is

explained below and the workflow is illustratedrigure 85.
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. Indicate different discontinuities associated with the target EM structure. Start with one of
the discontinuities and setup a fulave EM model with arbitrary geometric parameters in

a commercial software package such as CST, HFSS etc.

. Simulate the selected elementary discontinuity in the frequency range of interest.
Numerically calibrate the parameters such as [S], [Y] and [Z]. In this work, SOT calibration
technique is used.

. Develop the equivalent circuit model of the discontinuity under consider&ibract the

circuit parameters of therimary 6or &network and analyze th&#44%4 ;Decompose

the circuit parameters according to the technique outlined in section II.A to meet the desired
value of #4484 for stable circuit parameters.

. Develop equivalent circuit model of all the elementary discontinuities in the target EM
structure. Save these equivalent circuits for the later part of the process.

. At this stage, the mutual couplings should be modeled. Therder mutual coupling
between successive discontinuities should be considered first. The pioagnetwork

for the inline couplings may not achieve the desired valust@4®¢ yIn that case, the

1%t order element decomposition technique should be apatiekplained in section I1.B.

If the #44% is not satisfied, the"@ordermutual coupling should be considered.

. Usually, the ¥ order decomposed network fdl'®arder mutual coupling circuit meets the
desired value of #4484 If not, higher ordemutual coupling circuits can be developed

in similar way.

. After developing equivalent circuits of all the elementary discontinuities and mutual
couplings, the complete equivalent circuit of the target EM structure can be developed. As
the desired value off'£4% is met for the whole circuit model, the developed equivalent
circuit model will be accurate enough to represent thewailte EM model of the target
structure.

. After the successful development of equivalent circuit model of aviadle EM structure,

the ANN model training data should be generated. Such training data should be prepared
by simulating the EM model of the structure for different geometric parantetdzigation

and extracting the circuit parameters from the calibrated S parameters. The geometric
parameters will be uniformly distributed based on a rough idea on EM model performance

against the variation of geometric parameters.
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9. The EM model is simulated against each set of geometric parameters. The numerical SOT
calibration technique is employed to the EM model calculated S parameters. The equivalent
circuit parameters will be extracted from the calibrated performance paranidtese
geometric parameters and equivalent circuit parameters will be considered as the input and
output data of the target ANN model, respectively.

10.The ANN model will be trained with the generated data from the previous step. The ANN
model accuracy will be determined from the testing data set.

11. After the ANN model is successfully developed, the complete equivalent circuit model will
be optimized by the hybrid optimization model as explained in section 1ll.B. The cost
function will be carefully formulated in order to meet the desired performanmeethe EM
model of the target structure.

12.The optimized circuit parameters from the hybrid optimization model will be fed to the
trained ANN model. The ANN model will provide the geometric parameters against the
optimized equivalent circuit parameters. Finally, the ANN model provided geometric
parameters will be utilized to design the target structure. The EM model simulated S

parameters will be compared with the desired performance.

8.5 lllustrative Examples

In this section, two examples of ndEM mode structures are demonstrated to validate the
proposed equivalent circuit model development and ANN model mapping approach. Firstly, an
accurate equivalent circuit model of a dbahd rectangular waveguide filtevith resonant

apertures (RA9R23 structure is derived and ANN model is used to find out the critical geometric
parameters from optimized equivalent circuit model parameters. Secondly;caugded third

order NRD waveguide filtgi224] structure is optimized by equivalent circuit model to field model
SDUDPHWHUVY PDSSLQJ ,Q ERWK WKH FDVHV HTXLYDOHQW F
compared.

8.5.1 Dual-band resonantaperture (RA) filter

The classic capacitive and inductive microwave filters are designed based on coupled half
wavelength resonators through thick capacitive and inductive irises, respectively. The capacitive
and inductive irises are considered as equivalent to a shunt ocamadiiductor, respectively. In

[223, both capacitive and inductive characteristics are represented by RAs with a single aperture.
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Fig. 6 shows the RA structure as a main resonant structure of the target filter. Fig. 6 illustrates the
dimensions of the RA as width (w), height (h) and thickness (t) with rectangular waveguide

dimensions a and bx(P .

In this work, we target to design a ddmnd RA filter operating in subHz frequency range.
According to[223, the second passband of such filter topology demonstrates one more pole than
its first passband. Therefore, three cavity resonators will demonstrate three poles and four poles in
the first and second passband, respectively. Fig. 7 shows the EM model of the targehd A

filter. It indicates six design variables as, W, hi, h, |1 and b. We use the standard WR5.1
rectangular waveguide as we are designing-lbabd filter. Due to fabrication tolerance, the
thickness of the RAs is chosen as 0.15 mm (5.9 mil). As we measure the fabricated prototype
without any transitions, the first and I&4 should be located 4mm (160 mil) far from the headers

of the extension module.

m 4

_Ln

I

Figure8.6 Resonant aperture in a rectangular waveguide

Figure8.7 EM model of a duaband RA filter structure

The equivalent circuit model of tlouatband RA filter from[223 is shown inFigure 88(a). In

order to achieve the desired response from the equivalent circuit model, we use the hybrid
optimization algorithm which is described in Section I1I.B. The cost function is defined in terms
of return loss in the passband and insertion loss in tigband.Such a cost function is

mathematically formulated as

5 L .féc'SEﬁ51E»é:4gE.f§CS:351E» a:4gES L,\J.'(:§>%5'I>>é:+’) Z@('
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where the firsppassbandRB;) is between the edge frequenciBsand B, the second passband

(PB) is between the edge frequenci®and B, the stopband3B) is between the edge frequencies

are, Band B. For the target duddand RA filter, the passband return loss IdRkeis prescribed at

20 dB and the stopband insertion loss Iéle$ fixed at 20dBw refers to the balancing coefficient
between stopband insertion loss and passband return loss which is set at 0.2 in this work. The
parameters in the cost function (7) are

5LBBBERBBB? ‘za;
In this example,:£130, =150, §=170, =230, $=150 and §&=170; where all the frequencies are

in GHz. There are eight optimization variables in the conventional equivalent circuit model shown
in Figure 88(a). Theoptimized circuit parameters areis2.37, lr=0.2, L-=1.48, L,=5.8, Gr1=6,
Cr2=5.1, G=0.42, G=0.1, where all the capacitances and inductances are measured in fF and nH.
Fig. 9(a) illustrates the S parameters generated by the optimized equivalent circuit model. Even
though the conventional equivalent circuit model represents the low frequernsyviidk, Figure

8.9(a) shows that the S parameters from this equivalent circuit model with optimized circuit
parameters cannot achieve the desiredopmance. Parasitic effects and different mutual

couplings between the RAs should be considered in order to meet the desired circuit performance.

wsn L4
C14+ +Cl4
Ly 23 - Ly
Ca La Cb Lb a _Ilmm _L _L _L I’m]__’__
Cref Lry CrIT RQCRzT RQCRJ Clzl_ CII CZT Cg{ Clzl_ CIEE
C L C2 L, C, L L

H i T
TE cA- e 3 o B

(@) (b)

Figure8.8 Equivalent circuit model (a) Conventional mo{223; (b) Proposed circuit model

To find the accurate equivalent circuit model of the targetdaatl RA filter, the proposed circuit
model development technique is applied. The desired valééit R is set tot Hs r’°for the

stable extracted circuit parameters over the complebarid. In order to derive the complete
lumped element equivalent circuit model from the field model, we have to follow the steps outlined

in Section Ill. Firstly, we have to start with settimgan elementary discontinuity EM model which
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is a RA in this case. Then the HFSS simulated S parameters are numerically calibrated. The circuit
parameters are extracted from this numerically calibrated results. Primarily, the conventional T or
E QHWZRUN LV FRQVLGHUHG | Rob. IWwdfddr 16 Irddt ¥k désited i@ df WH U |
#4498 ywe decompose the primary network as it is illustrated in Fig. 2. After finding the
appropriate network for the RA, we cascade two RAs connected by a piece of transmission line to
find the first order mutual coupling between two discontinuities. Equivakemvorks for the first

order mutual couplings are derived in similar manner. Similarly, multiple RAs are connected
through a piece of transmission line to derive the equivalent networks of higher order mutual
couplings. Finally, the complete equivalemtcuit model is developed that satisfies the desired
value of #4434 yFig. 8(b) illustrates the final equivalent circuit model of target-thaad RA

filter. There are fifteen optimization variables in threposecequivalent circuit modelThe same
optimization condition is applied here and the optimized circuit parameters=atet] L>=0.6,

Lrn=0.6, L»=0.12, L1>=1.5, 1»5=0.55, 114=0.17, Lv=0.08, G=0.3, G=1, G1=0.03, G>=6, G>=3.2,

C23=3.4, G4=12 where all the capacitances and inductances are measured in fF and nH. S
parameters response from the optimized circaitshown inFigure 89(b) which clearly

demonstrates better results as compared to its conventional counterpart.

(a) (b)
Figure8.9 S parameters generated from; (a) Conventional equivalent circuit modelpfosed

equivalent circuit model

Figure8.10 ANN model for geometric variables calculation against circuit model parameters



193

Figure8.11 Simulated and measured performance of the designedddnd|RA filter

After the successful development of an equivalent circuit model of the targeted field model of the

filter structure, we start to collect the training data for the target ANN model. The training data
JHQHUDWLRQ KDV EHHQ GRQH LQwIROPRZLAQAINVKD QRAHUV S PE IDQ™
hy, hp ” PLO ZLWK PLO VSDiFILQJ PQOG ZLRAKO "PQAO VSDFLQJ 7Kt
set of training data is generated in 68 h of HFSS simulation time. Circuit parameters of the proposed
equivalent cirait model should be extracted from each HFSS simulation results. These extracted
equivalent circuit parameters should be recorded against each combination of the geometric
variables. During the ANN model training, we use these circuit model parametemutsand

geometric variables of the field model as outputs. As Fig. 10 illustrates that the target ANN model

is developed with 1%60-60-6 neurons. The ANN model achieves an average error of aTe

1.9¢’ for training and testing sets, respectively.

Once the ANN model is trained, we recall the optimized circuit parameter values for the desired
response. These equivalent circuit parameters are fed to the developed ANN model. The geometric
parameters calculated by the ANN model against given circuiehpatameters are as follows:
w1=6.7, w=8.8, h=2.9, h=5.2, k= 52 and 4= 57 where all the length are measured in mil. A
prototype is fabricated in order to validate the simulation redthts Sparameters were measured

on a THz vector networinalyze with E8257DV05 (from Virginia Diodes Iné.VDI) frequency
extension module for WR5.1 where the operating frequency range is 135823%2GHz The

short, open, line and thru (SOLT) WR5.1 calibration kit was used-tardeed the measurement
system at two reference planBgyure 811 illustrates that both the simulated and measured results
meet the desired filter performance. A slight discrepancy is observed duectiiltihation issues

and dimensional tolerance.
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8.5.2 Three-pole bandpass NRD filter

Nonradiative dielectric waveguide (NRD) based filter circuits are promising due to their
applications in millimetewave (mmW) integrated circuits. Such NRD waveguide circuits have
not been studied in terms of their equivalent circuit in the literaturhigrwork, a mmw gap
coupled thregole bandpass NRD filter is studied which was designed and measiand
theoretically analyzed if225. Fig. 12(a) illustrates a EM model of gap coupled third order NRD
BPF. Teflon strips {=2.04) are used (a=2.7 mm and b=3.5 mm) to form the NRD filter. The gap
lengths between three dielectric blocks,(D2) and resonator lengths (Ll ») are considered as

design variables. Our goal is develop an ANN model to calculate these variables against its

equivalent circuit model parameters.

@) (b) (©

L,

Figure8.12 Third order NRD BPF (a) EM mod§224]; (b) Conventional equivalent circuit

model; (¢) Proposed equivalent circuit model

The conventional equivalent circuit model of such-gappled circuit is shown iRigure 812(b)

where the resonators are formed as a parallel LC brunch and gap coupling is represented by an
inverter model (electric/magnetic/mixed coupling). This conventional equivalent circuit model has
five optimization variables. We use the same hybrid ogmas previous example to get the
optimized circuit parameter§he cost function is defined in same manner wigaghathematically

formulated as

oL e f&5 e, &4 .2ESUI=TS5, &+ 72 24
where the passbanBB) lies between the frequenci&and B; the stopband3B edge frequencies
are, Band Bwith B OB OB O B For the target NRD filter, the target passband return loss
level RL and the stopband insertion loss leNels prescribed at 15 dB and 20dB, respectively.
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is set to be 0.2 as same as the previous example. The parameters in the cost function (7) are

2 LRBBBR? Z& T,

In this example,F48, =49, £=50, 4=51; where all the frequencies are in GBptimized circuit
parameters are fi=2, Lr2=0.1, G=200, G=47, G=33; where all the capacitances and
inductances are measured in fF and nH. The calculated S parameters from optimized circuit model
cannot achieve the desired stopband insertion loss. Therefore, we proceed to develop the accurate
equivalent circuit modelrdm the field model of the target NRD filter according to our proposed
approachFigure 812(b) illustrates the derived equivalent circuit model from the field model of

the target NRD filter that satisfiéise desired value o448 gst H s r?°. The optimized circuit
parameters of the proposed circuit model ageOl27, L1=0.03, L»>=0.8, 11=0.37, L1>=0.18,
L13=0.52, G1=232, G,=32.7, G=17.92, G»=13.38, G3=17.03; where all the capacitances and
inductances are measured in fF and nH. S parameters calculated from the conventional and
proposed equivalent circuit model are plottefigure 813. The proposed circuit model generated

S parameters meet the desired filter performance better than the conventional circuit model.

(a) (b)
Figure8.13 Performance comparison between conventional circuit model, proposed circuit model
and EM model. (a) &; (b) S1

Once the equivalent circuit model is developed, we prepare to gather the target ANN model training
GDWD 7KH WUDLQLQJ GDWD JHQHUDWLRQ KDV EPFHQWEROUULH:!
PP VSDFLQJ 2"PPPP'ZLWK PP VSDFLQLDQ®P EBEWK PP
spacing. In total, 256 EM simulations were carried out in the range of 47GHz and 52GHz. The total
HFSS simulation time was measured as 8.5 hours. The equivalent circuit parameters of the
proposed model are extracted in each HF8failsition. The extracted circuit parameters should be
QRWHG DJDLQVW HDFK JHRPHWULF YDULDEOHVY FRPELQDWLR

variables of the field model are used as inputs and outputs during the ANN model training,
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respectively.Figure 814 illustrates that the target ANN model is developed wittb@G50-4
neurons. The ANN model demonstrates an average error ¢f@n8e2.7¢ for training and testing

sets, respectively. After the ANN model is successfully developed, the optimized equivalent circuit
model parameters are considered as the inputs of the trained ANN model. The ANN model provides
us with following geometric variabs: D=1.58mm, D=3.6mm, L=2.7mm and k= 2.75mm. The

EM model simulated S parameters witlese geometric parameters are plotted and compared with
conventional and proposed circuit model generated performances in Fig. 13. The proposed circuit

model and EM model generated filter performances are close to the measured filter performance

and thecetical filter performance demonstrated #24| and|22Y, respectively.

Figure8.14 ANN model for geometric variables calculation against circuit model parameters

These two examples of ddadnd RA filter and NRD filter demonstrates the proposed circuit model
development technique and ANN model development approach sequentially. The proposed
equivalent circuit model provides pretty identical performance to therfiettel. Such an accurate
equivalent circuit model allows us to find the geometric parameters of the field model through the

ANN model easily.
8.6 Discussions

Our proposed circuit models of designed examples consist of bothlthe gouplings and cross
FRXSOLQJV EHWZHHQ FDVFDGHG GLVFRQWLQXLWLHYV LQ LWV{
equivalent circuit model cannot match the field model resparsle the stegby-step introduction

of different mutual couplings improves the circuit response gradu@tiyre 815 illustrates the

gradual improvement of transmission loss in case of two design examples. Optimized circuit
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parameters at different stage of circuit modelling for two examples are given8rabled Table

8.2 respectively.

(a) (b)

Figure8.15 Transmission loss characteristics in primary circuit model, proposed circuit model
with in-line coupling only, and proposed circuit model witHime and cross coupling. (a) RA

filter example; (b) NRD filter example

Table8.1 Circuit parameters at different model development stages (RA filter example)

Ly L, L L L1z La3 Lig C C Cu Co Ci Cos Cua
- 0.42 0.1 6 51 - - -

5.8 2.37 0.2 - -
0.65 | 012 | 152 | 054 - 032 | 322 | 007 | 6.01 | 322 | 34

Circuit Lo
Primary - 1.48
Proposed | 0.39 | 4.53 | 0.89
(in-line
coupling)

Proposed | 0.08 | 4.4 0.6 0.6 0.12 15 055 | 0.17 | 0.3 1 0.03
(in-line
and cross
couplings)

Table8.2 Circuit parameters at different model development stages (NRD filter example)
Circuit Lo Li L L2 L1z L1z C Cu Ce Ci Cis
Primary - 2 0.1 - - 33 200 a7 -
Proposed 0.39 0.35 0.024 2.57 0.15 19.75 265 34 14.13
(in-line

coupling)

32.7 13.38 17.03

Proposed 0.27 0.37 0.03 0.8 0.18 0.52 17.92 232
(in-line
and cross
couplings)

Figure 815(a) shows that the primary circuit model cannot preserve the return loss in any of the
passband. After introducing the-line couplings between RA structures, the second passband
starts achieving desired return loss. Finally, simultaneous applicatiofirod @nd cross couplings
in the final proposed circuit model achieves target return loss in both the passbands3 Figb)
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illustrates that the primary circuit response cannot achieve prescribed stopband insertion loss. The
in-line couplings between dielectric gaps start pushing the insertion loss down. Finally, both the
in-line and cross couplings achieves the desired stobliasertion loss. Therefore, mutual

couplings plays a vital role to achieve desired circuit performance.

In the demonstrated examples, we did not consider different losses as a part of equivalent circuit
to minimize the number of variables. If the resistances are considered at different branches of the
equivalent circuit model, the target ANN model size shoslthbger which will augment the data
generation period as well as the model training time significantly. This is the primary reason for a
slight deviation of equivalent circuit model response from the EM model response. In addition,
higherorder modes écome prominent in high frequency applications. The proposed equivalent
circuit model development technique cannot introduce such multimode effects. To consider the
higherorder modes, a multiport equivalent circuit model is necessary to find the gertefaliz
parameters. A twort equivalent circuit is only capable of describing the fundamental mode
behavior of the circuit. This is one of the main reasons for having more poles in the EM model
response of the second passband of the RA filter example. iBBass will be studied further in

future for a better matching of EM model response and equivalent circuit model response
8.7 Conclusion

This paper presents systematic equivalent circuit model development technique from the field
model of a target structure. Such a circuit model is set to provide stable circuit parameters over a
wide range of frequency band. We have considered mutual couplings as a pgetadaivalent

circuit model as our goal is to characterize Higilguency structures. In our experiments, we have
demonstrated filter examples of rectangular waveguide and NRD waveguide structures. Finally,
we have developed ANN moden both cases for the mapping of equivalent circuit model
parameters and field model geometric parameters. In both examples, equivalent circuit model
responses are wetbmpared with field model responses and measured results
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CHAPTER 9 GENERAL DISCUSSIONS

This thesis introduces a pioneering technique for optimizing the design structure of various passive
circuit structures. Our approach leverages a specialized artificial neural network (ANN) model and
equivalent circuit model, adifferent fromthe conventional ANN model and space mapping

technique traditionally employed in the design optimization of passive structures.

The primary objective of our research was to establish a methodology that effectively optimizes
the desired design structure. To accomplish this objecfiva]y, we introduced a novel
feedforward computational formulation specialized for microwave structures in the development
of our ANN model. This specialized ANN model demonstrates superior efficiency in solving
microwave structureelated problems compared toneentional approachesSecondly, we
introducel a hybrid optimization technique that comtsnine accuracy of metaheuristizased

global optimization technique with the speed of mathemdatsed local optimization technique.
This hybrid optimizer demonstrates exceptional efficiency in handling a significant number of
optimization variables ass@ated with complex microwave structures, including higher order
tunable filters Thirdly, we presented numerical deembedding technique designed to mitigate port
errors inherent in electromagnetic (EM) simulated results. The deembedded resuhisnare
employed to meticulously develop an accurate equivalent circuit model of the target structure
through a systematic stdyy-step circuit model decomposition proceBkis proposed technique

was implemented to create a precise cirocoddel for the target structur&ubsequently, the
developed hybrid optimizer was utilized to optimize the equivalent circuit parameters in order to
attain the desired performance objectives. Finally, the optimized circuit parameters were mapped
back to geometric parameters by éoypg our proposed ANN model.

The objective of optimizing the design structure has traditionally been addressed through the
widely known space mapping optimization technique, as discussed in the literature review.
However, this technique relies on a coarse model's performance agsenggtion of the target

fine model (EM model), which is inherently inaccurate for Higiguency applications.
Furthermore, neurspace mapping techniques have also been extensively explored in the
literature, but the neural models developed are basegkoaric mathematical models. In our
proposed solution, we modify the ANN model to specifically cater to microwave applications.



200

Additionally, instead of employing an inaccurate coarse model, we utilize an accurate equivalent

circuit model for mapping between circuit model parameters and EM model parameters.

The fabrication and measurement resekbibit a remarkable concurrence with the theoretical
foundations and simulations, thus affirming the validity of the proposed method. Consequently, we
assert that we have successfully formulated, developed, and demonstrated a comprehensive
framework for he efficient and robust optimization of circuit structures in accordance with the

desired performance criteria.

In the case of sulfHz example structures this thesissome discrepancies are notable between
the measurement and simulated results. Dielectric and conductordessese much pronounced

at subTHz frequencies and would contribute to the measurement of the fabricated SIW cruciform
coupler.In addition, surface roughnesmyalsohavea significantissue forsuch ahigh frequency
application.Therefore, to enhance the accuracy of the proposed mapping techigamsses

should be considered during teguivalent circuit model development stage.

For extreme higlirequency applications, structures become exceptiosatigll Machiring or
mechanicatolerancemay causesome visibledeviaion in measurement results from expected or
simulated results. Such tolerance issues can be minirthizeagh aprior knowledge during the
manufacturing procesklowever high precisiormanufacturing techniques suchaatvancedCNC

or EDM machining can only bring down the tolerance value to the minimum but cannot make it to
absolute zero. Therefore, such toleramseies aresomewhat beyond our control during the

manufacturing process.

In this thesis, electromagnetic simulations were conducted using HFSS and CST Microwave
Studio. The numerical coding was implemented through MATLAB software, amiftih@ model
simulations along witiPCB drawings wereonductedusing ADS software. All fabrication and

measurement processes were executed within theegaibped laboratories of Pelyrames.
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CHAPTER 10 CONCLUSION AND RECOMME NDATIONS

10.1 Conclusion

This thesis aims to develop a novel methodology for the optimization of a target stfutiilve

wave electromagnetic modello accomplish this taskye developed a framework of mapping
EHWZHHQ WDUJHW VWUXFWXUHYYV JHRPHWULF SDUDPHWHUYV
framework consists of novel ANN model, numerical calibration technique, circuit model
development method, parameter extractiathod and optimization algorithm. Based on the
proposed frameworkye proposed unprecedented and fresh insights revealing new and far more
efficient methodologies to deal witlesign optimization problemssociated with passive circuits.

We envision that this new methodology would light the path for future research to expand this
solution and employur framework todesign passive structures foew radio 5G and future

wireless systems.

In this Ph.D. thesis, we have accomplisfma objectives prior to achieve the final goal that was
defined at the beginningf our research journeyVe developed daransmission line impedance
equationrbased feedforward ANN model that generalizes the microwave problems efficiently as
compared to conventional ANN modétschapter3. Second, in chaptet, we developda hybrid
optimization modeby the help of metaheuristic antathematic$asedoptimizersthat does the
efficient optimization of highkdimensonal microwave structure$hird, in chapter 5, we outlined

a mapping technique between equivalent circuit model and physical field model for tunable
bandpass filter, specifically. Finally, in chapters 6 and 7, we proposed a methodology of developing
accurate equivalent circuit mddeom the field model design of a target structcoasidering the
deembedded circuit parameters. This complete equivalent circuit model considers all the
elementary transmissidme discontinuities and mutual couplings offdient orderTheseANN

model development technique, optimization algorithm, equivalent circuit model development
strategy and field to circuit model parameter mapping method allow us to build the final framework
IRU WKH VXFFHVVIXO RSWLPL]DW L& Qar&trietévdDHe SirhWatadVend X FW X U |

measured results of illustrated examples validate the proposed framework.
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10.2 Recommendations

Efforts have been invested into this Ph.D. thesis to provide the most promising techniques for the

microwave applicatiofbased ANN modeloptimization framework equivalent circuit model

development strategy and mapping between physical field model and equivalent circuit model

However, more research work is still required, which can be summarized below:

£

Y

Y

Y

In most of our formulations, dembedding techniques, and illustrative examples, we
primarily focused on twaport circuits. However, it's crucial to acknowledge the
significance of multiport devices like couplers and dividers in communication systems.
Hene, themethods developed in this Ph.D. thesis caexpendedo characterize multiport
devices accurately.

In this Ph.D. thesis, a strategy for developing equivalent circuit models for elementary
microstrip discontinuities, such as gaps, steps, and via holes, is proposed. However, further
research is required to explore the characterization of different wakeedisicontinuities,

such as those found in conventional waveguides and NRD waveguides, for more accurate
high-frequency analysis.

In the modeling of multport circuits, losses of various types are frequently disregarded.
Nevertheless, losses assume significance in-tneffuency applications, particularly in
millimeter-wave and suiHz frequency applications. Losses such as radidtes and
dielectric loss become extremely critical at these frequencies. In our equivalent circuit
models, we did not account for losses. In the future, the scope of developing such equivalent
circuit models lies in considering lossy structures, suchdiating dielectric waveguides.
Antennas play a crucial role as radiating structures in RF-&odhtcircuits, making them

one of the most widely utilized components. To achieve improved characterization, it is
essential to develop equivalent circuit models for various types of ant@imeastilization

of our proposed technique for developing equivalent circuit mad#lbe able tooffer a
promising approach for antenna characterization. By employing this technique, significant
advancements can be made in addressing antenna anatyes®. The potential impact

of employing our approaclwill be enhancing the understanding and optimization of

antenna performance in diverse applications.
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