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INTRODUCTION GENERALE — RESUME

II'y aenviron 4 décennies que les premieres publications sur la conception assistée par
ordinateur (CAQ) des dispositifs micro-ondes sont apparues dans lalittérature [1], [2].
Depuis, beaucoup daméliorations ont été apportées a l'utilisation itérative de
techniques numérigques pour I'optimisation des circuits et dispositifs micro-ondes. Ces
améliorations ont été basées principalement au départ sur le développement d’ outils
de CAO plus rapides et plus précis. De plus, il y a eu une tendance a développer des
outils relativement généraux s appliquant a des structures arbitraires. Naturellement,
la croissance rapide des moyens informatiques et des techniques de programmation a
eu un r6le majeur dans le succes des outils de CAO dans les secteurs académique puis
industriel.

Une dtratégie classique de CAO pour les dispositifs micro-ondes emploie une
méthode numérique basée par exemple sur les lois de |’ électromagnétisme pour
modéliser son comportement fréquentiel ou temporel. Une fonction d erreur par
rapport a des spécifications électriques peut alors étre calculée (automatiquement ou
manuellement), et I’ utilisateur change les paramétres de conception pour améliorer
I'erreur jusqu'a ce que la valeur désirée soit atteinte. La boucle typique de conception
est décrite dans la Fig. 1. Une fois la structure et les variables initiales (dimensions
géométriques, propriétés des matériaux, etc.) sélectionnées, les variables sont mises a
jour dans la boucle. Les mises a jour sont basées sur le calcul de lafonction d’ erreur.
La fonction d'erreur est généralement une fonction dépendante d'une valeur
caractéristique caculée par la méhode numérique, par exemple du champ
électromagnétique ou des paramétres de répartition. Bien que de nombreuses
techniques différentes aient été développées jusgu'ici, toutes peuvent sadapter a
I'organigramme montré dans la Fig. 1. De plus, la plupart des développements pour
I’ optimisation des circuits et dispositifs micro-ondes ont éé définis dans le cadre de
I'optimisation classique, principalement dans deux voies, les stratégies efficaces de
mise a jour des variables d’ optimisation et I'analyse accélérée du champ par des

techniques souvent approchées.

Les stratégies classiques de mise a jour des dimensions du dispositif ont été basées
principalement sur des méthodes de gradient. Au cours des années, beaucoup de
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variations des techniques de gradient ont été testées, puis durant la derniére décennie
de nouvelles techniques, radicalement différentes, sont apparues et ont révolutionné la
stratégie de mise a jour pour la CAO des circuits. La premiére tendance radicale a été
le développement de technigues évolutionnaires telles que les algorithmes génétiques
(AG) [3]. Une autre étape notable a été I'utilisation de concepts modernes tels que les
réseaux de neurones artificiels ou le Space Mapping [4], [5]. En dépit de tous les
efforts conséguents rapportés dans la littérature, trés peu de travail a éé vraiment
effectué pour modifier la procédure classique d'optimisation impliquant une analyse

électromagnétique a chaque itération.

Le chapitre | propose un examen détaillé des méthodes conventionnelles pour
I'optimisation des dispositifs micro-ondes. Les différentes étapes constituant la boucle
classique d'optimisation (Fig. 1) sont discutées en profondeur. Les éapes specifiques
de la procédure d’ optimisation pour les dispositifs micro-ondes sont la définition de la
fonction objectif et la méhode numérique donnant acces aux valeurs du champ

électromagnétique.

L'analyse numérique du champ électromagnétique est un sujet de recherche tres actif
depuis le début des années 70, arrivant actuellement a maturité, et qui bénéficie des
avancements effectués sur les calculateurs numérigques. Cependant, ['analyse
numeérique n'éant pas le sujet prépondérant du travail effectué, les différentes

méthodes ne sont abordées que succinctement dans ce premier chapitre.

Lafonction objectif (également désignée sous le nom de fonction colt ou de fonction
d’ erreur) définie pour la CAO micro-onde doit s adapter généralement a deux
conditions distinctes, a savoir les caractéristiques désirée (idéale) et actuelle. Cette

guestion est discutée plus en détail dans le chapitre .

Au dela de ces deux sujets, ce chapitre adresse plusieurs techniques d'optimisation

contemporaines.

Le chapitre Il commence par l'introduction des techniques de paramétrisation en
général. Le but de la paramétrisation est d'exprimer les caractéristiques du modéle
numeérique représentant le dispositif en fonction de ses différents paramétres sous une

forme analytique. Normalement la réalisation dun modele ainsi paramétré exige




Introduction générale 5

d obtenir les caractéristiques de dispositif et ses dérivés dans une plage de variation
donnée. Dans le contexte de la CAO des dispositifs micro-ondes, nous montrerons
gue le comportement du modele peut étre caractérisé convenablement en fonction de

deux parametres, la fréquence et la géométrie.

La paramétrisation du champ éectromagnétique en fonction de la fréquence, qui
permet d accélérer I'analyse éectromagnétique dans la boucle doptimisation est

rapportée dans la premiere partie du chapitre 1.

Le corps principal du chapitre Il est consacré a la paramétrisation de la géométrie et a
son application a I’ optimisation des dispositifs micro-ondes. Nous montrerons alors
gu’en utilisant la paramétrisation géométrique, la boucle d'optimisation classique peut
étre fondamentalement modifiée, de sorte a limiter au strict minimum le nombre
d’ analyses électromagnétiques. En effet, une fois, la paramétrisation géométrique du
model e effectuée, les caractéristiques liées aux variables d’ optimisation sont calcul ées
aux itérations suivantes en utilisant le modéle paramété. Ainsi I’ éape la plus colteuse

dans la boucle d'optimisation classique est court-circuitée.

Pour effectuer une analyse éectromagnétique par une méthode numeérique, la
géométrie de la structure doit étre discrétisée. Pour la plupart des méthodes
numeriques, comme par exemple la méthode des & éments finis qui est utilisée dans ce
travail, un maillage est généré de maniére quasi-aléatoire. Les gradients obtenus en
appliquant une telle technique sont alors habituellement discontinus. Ainsi une étape
essentielle pour constituer le modele géomeétriquement paramétré, est d'employer un
maillage paramétré. La méthode classique pour déformer un maillage existant est
basée sur I'analogie au systeme masse-ressort. Cette méthode recele cependant
guelques imperfections. Dans le chapitre 1l de nouvelles méthodes sont étudiées. Tout
d'abord, une méthode dite de coordonnées barycentriques géenéralisées est employée
pour exprimer chaque point intérieur (noeuds du maillage) d'un polygone en fonction
de ses sommets. Une seconde méthode relativement semblable est aussi étudiée dans
ce chapitre et les deux techniques, d§a employées dans le contexte de I'infographie,
permettent de générer un maillage paramétré remplacant sa génération pseudo-
aléatoire a chaque itération ce qui améliore d’ une part les gradients donc I'exactitude
et d'autre part la vitesse de parcours de la boucle. Toutes les améliorations apportées

par les paramétrisations du maillage et de la géométrie sont illustrées par un exemple.
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Un filtre 5 pbles a cavités cylindriques est ensuite optimisé par un modele
géométriquement paramétré avec les outils développés par la société CADOE. Le
code éléments finis développé au laboratoire a été couplé a ce logiciel dans le cadre
d’une action de R& T du CNES. A partir de cet exemple, une stratégie d’ optimisation
utilisant un modéle électromagnétique paramétré géométriquement est développée.
Une initidisation performantes des variables permet d’ utiliser une stratégie classique
basée sur un calcul de gradient. Les résultats obtenus au bout de seulement quelques

itérations sont présentés alafin du chapitre.

Le chapitre Il est consacré a I'application des algorithmes évolutionnaires dans le
cadre de I’ optimisation des circuits micro-ondes. Toutes les stratégies d’ optimisation
conventionnelles mettent a jour les parametres du modéle (paramétré ou non) sur la
base d'un calcul de gradient. Les techniques de gradient dépendant intrinsequement
du point initial choisi, si le point initia devient trés éloigné du point optimal, les
risques de divergence deviennent importants. Les algorithmes évolutionnaires sont
I'une des solutions possibles pour résoudre les problemes d'optimisation quand le
concepteur nN'a que peu voire pas dinformation lui permettant d'initialiser
efficacement son vecteur de parameétres.

Le chapitre débute avec une introduction générale des algorithmes évolutionnaires.
Ces méthodes emploient habituellement |'analogie entre |'espace des paramétres et un
systeme biologique. Elles consistent a sélectionner un individu parmi une population
aléatoirement produite. Les individus dans cette population sont des vecteurs de
parametres et un index de forme physique (fonction objectif) est assigné a chacun des
individus. La méthode évolutionnaire la plus populaire est certainement I'algorithme

génétique (AG) qui est présenté avec ses dérivés dans ce chapitre.

Les agorithmes génétiques ont éé employés pour l'optimisation des structures
électromagnétiques depuis plus d'une décennie. L'inconvénient principal de cet
algorithme est son comportement relativement lent. Afin de maintenir une certaine
généraité, la population témoin doit étre relativement large pour s assurer d avoir
inclus toutes les propriétés que peut incorporer la solution optimale. Toutefois, afin de
générer la population témoin, plusieurs analyses é ectromagnétiques sont nécessaires,

ce qui peut rendre I'éape d'initialisation assez colteuse en temps, et 'agorithme
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évolutionnaire totalement incompatible avec la conception d'antennes ou de

composants micro-ondes.

La technique d'optimisation par « essaims particulaires » (Particle swarm optimization
- PSO) est une technique évolutionnaire plus récente qui fait son apparition dans le
domaine de I'électromagnétisme et les quelques articles disponibles refletent
principalement un travail sur les antennes. La méhode permet de déterminer
I'optimum global. En dépit de sa nature évolutionnaire, la méthode est
considérablement plus rapide gu’ un algorithme génétique et peut étre vue comme un
compromis approprié entre les méthodes de gradient et les algorithmes génétiques.
Quelques exemples illustrent cette méthode. Les résultats montrent une rapidité
d’ exécution supérieure a I’ algorithme génétique, tout en maintenant les performances

globales.

Initial Initial
Wariables mtcture
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Computer
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Fig. 1.Procédure d'optimisation typique pour les dispositifs micro-ondes
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.1 I ntroduction

Choosing the appropriate optimization techniques highly depends on the physics of
the structure to be optimized, the required accuracy and available resources. In fact
without comprehension of the nature of the problem the design process will be
inefficient. Actually no algorithm for optimizing genera functions exists that will
aways find the global optimum for a general minimization problem in a reasonable
amount of time.

This chapter presents a detailed survey of the present work on computer-aided design
of microwave devices and circuits.

It has been tried to provide a platforms for the suggested improvements in the
following chapters (chapters 2 and 3). To completely understand the significance of
the proposed techniques, certain aspects of the optimization procedure should be
discussed in depth.

The chapter starts with explanation of the fundamental concepts in optimization,
followed by description of each block in a classic optimization loop. Some of the
components of the design optimization loop such as update strategy are common in
any design practice. In contrary, some aspects of the optimization exclusively apply to
the optimization in eectromagnetics domain. Among al this microwave-specific
components, defining the objective function is not only distinct for microwave
domain (in comparison to other optimization problems) but aso it varies among
different microwave design problems. Thus the derivation of the objective function in
microwave CAD has been covered in more detail. Numerical analysis of microwave
structures is another aspect which is distinct for microwave engineering, athough
these methods have been deployed for different applications beforehand. Thus The
numerical analysis of the microwave devices has been studied in depth, accordingly.
The issues to be improved in the context of microwave CAD is addressed at the end
of this chapter.

Generalities about EM-based Optimization of Microwave Devices
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.2  Fundamental conceptsin optimization

[.2.1 Fundamental definitions

The problem isto minimize the function T,

T C"R
T=T(p) (-3
and where
p=[p PPy (-2)

T is caled the objective function or error function. The procedure to construct the
objective function is discussed in detail later. p is an N-dimensional vector, caled
the parameter vector. The space including all the parameter vectors is caled
parameter space. The dimensionality of a parameter space is equal to the number of
element of the vector p.

In general the minimization is subject to constraints,

C_:Mxl(r)) S k_)l\/l x1 (I-3)

The constraints are satisfied either during optimization or by the optimum solution.

Any vector which satisfies the constraint is caled feasible The vector

By = [q]T ,b OR, defines the limits or bounds for the constraints.

Fig. I- 1 shows a 2-D contour which illustrates some features encountered in
optimization problems. Hypercontours are described by the relation,
T(p) =const. (1-4)
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A minimum may be located by a point p* on the response hyper-surface generated
by T(p) such that

T =T(p*™) <T(P).0p (1-5)

If we expand T we would have,
T(p+ap) =T(P) +OTT(P).aPr Y)ap Hapt .. (1-6)
where

(1-7)

>
ol
I
FOO0OH
o

o
I O B

and,

BT (p)O (1-8)

is the gradient vector and
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H(P) = HyH,., (1-9)
while,
h = 0°T(P) (1-10)
' dp.dp,

Matrix H(P) is called Hessian matrix. One can conclude that, OT(p® ) Oand
H (p™) is positive definite.
We generally consider families or classes of optimization problems, characterized by
particular forms of the objective and constraint functions. As an important example,
the optimization problem (I-1) is caled a linear problem if the objective and
constraint functions are linear, i.e., satisfy

T(ap+pq)=aT(p) +BT(Q) (I-11)

foral p,gO0RMand a,B0R. If the optimization problem is not linear, it is called a
non-linear problem.
A convex optimization problem is one in which the objective and constraint functions
are convex, which means they satisfy the inequality

T(ap+p09)<aT(p)+BT(Q) (I-12)

with p,gOR", a,B0R, a,820 and a + =1. Comparing (I-12)and (I-11), we
see that convexity is more general than linearity: inequality replaces the more

restrictive equality, and the inequality must hold only for certain values of a andf3.

Since any linear problem is therefore a convex optimization problem, we can consider
convex optimization to be a generalization of linear programming.

1.2.2 Solving optimization problems

A solution method for a class of optimization problems is an algorithm that computes
a solution of the problem (to some given accuracy), given a particular problem from
the class, i.e., an instance of the problem. Since the late 1940s, a large effort has gone
into developing algorithms for solving various classes of optimization problems,
analyzing their properties, and developing appropriate software implementations. The
effectiveness of such an algorithm, i.e., its ability to solve the optimization problem

(I-1), varies considerably, and depends on factors such as the particular forms of the
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objective and constraint functions, how many variables and constraints there are, and
special structure, such as sparsity, when each constraint function depends on only a
small number of the variables. Even when the objective and constraint functions are
smooth (for example, polynomials) the general optimization problem (I-1) is

surprisingly difficult to solve.

1.2.3 L east squar es problems

A least-squares problem is an optimization problem with no constraints (i.e., M =0)

and an objective which is a sum of squares of terms of the form a' p-b :

Minimize  T(p) =|Ap-b]} = i (@ p-h) (1-13)

Here a 'sarerowsof A.

The solution of a least-squares problem (13) can be reduced to solving a set of linear
equations,

(ATAPp=Ab (1-14)

so we have the analytical solution p*™ =(A"A)™*A'b . For least-squares problems

there has been developed several algorithms (and software implementations) for
solving the problem to high accuracy, with very high reliability. A current desktop
computer can solve a least-squares problem with hundreds of variables, and thousands
of terms, in a few seconds, more powerful computers, of course, can solve larger
problems, or the same size problems, faster. Moreover, these solution times will
decrease exponentially in the future, according to Moore's law. Algorithms and
software for solving least-squares problems are reliable enough for embedded
optimization. In many cases we can solve even larger least-squares problems, by
exploiting some special structure in the coefficient matrix A. For extremely large
problems (say, with millions of variables), or for problems with exacting real-time
computing requirements, solving a least-squares problem can be a challenge. But in
the vast mgjority of cases, one can say that existing methods are very effective, and
extremely reliable. Indeed, we can say that solving least-squares problems that are not
on the boundary of what is currently achievable is a mature technology that can be
reliably used by many people who do not know, and do not need to know, the details.
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The least-squares problem is the basis for regression analysis, optimal control, and
many parameter estimation and data fitting methods. It has a number of statistical

interpretations, e.g., as maximum likelihood estimation of a vector p, given linear

measurements corrupted by Gaussian measurement errors. Recognizing an
optimization problem as a least-squares problem is straightforward; we only need to
verify that the objective is a quadratic function (and then test whether the associated
guadratic form is positive semi-definite). While the basic |east-squares problem has a
simple fixed form, several standard techniques are used to increase its flexibility in

applications. In weighted |east-squares, the weighted least-squares cost

N 1-15
W (a p-h)? (-13)

1=1

where w 's are positive, is minimized. (This problem is readily cast and solved as a

standard |east-squares problem).

1.2.4 Linear problems

Another important class of optimization problemsis linear programming, in which the

objective and al constraint functions are linear:
Minimize  T'p (1-16)

Subjectto a'p<h
a,COR" are problem parameters and b specify constraints.

There is no simple analytical formula for the solution of a linear problem (as there is
for a least-squares problem), but there are a variety of very effective methods for
solving them, and the more recent interior point methods described later in this report.
While we cannot give the exact number of arithmetic operations required solving a
linear problem (as we can for least-squares), we can establish rigorous bounds on the
number of operations required to solve alinear problem, to a given accuracy, using an
interior-point method. These algorithms are quite reliable, although perhaps not quite
as reliable as methods for |east-sguares. We can easily solve problems with hundreds
of variables and thousands of constraints on a small desktop computer, in a matter of
seconds. If the problem is sparse, or has some other exploitable structure, we can

often solve problems with tens or hundreds of thousands of variables and constraints.
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As with least-squares problems, it is still a challenge to solve extremely large linear
problem, or to solve linear problem with exacting real-time computing requirements.
But, like least-squares, we can say that solving (most) linear problem is a mature
technology. Linear programming solvers can be (and are) embedded in many tools

and applications.

1.2.5 Convex optimization

A convex optimization problem is one of the form

Minimize T(p) (1-17)

Subjectfo t(p)<b
where pOR"the functions T(p) and ©(p) satisfy convexity conditions stated in (I-
12). The least-squares problem (I-13) and linear problem (I-16) are both special cases
of the general convex optimization problem (I-17).
There is in genera no anaytical formula for the solution of convex optimization
problems, but (as with linear problems) there are very effective methods for solving
them. Interior-point methods work very well in practice and in some cases can be
proved to solve the problem to a specified accuracy with a number of operations that
does not exceed a polynomial of the problem dimensions.
Like methods for solving linear problem, these interior-point methods are quite
reliable. We can easily solve problems with hundreds of variables and thousands of
constraints on a current desktop computer, in at most a few tens of seconds. By
exploiting problem structure (such as sparsity), we can solve far larger problems, with
many thousands of variables and constraints. We cannot yet claim that solving general
convex optimization problems is a mature technology, like solving least-squares or
linear problems. Research on interior-point methods for general non-linear convex
optimization is still a very active research area, and no consensus has emerged yet as
to what the best method or methods are.

1.2.6 L ocal optimization

In local optimization, the compromise is to give up seeking the optimal p, which
minimizes the objective over al feasible points. Instead we seek a point that is only
locally optimal, which means that it minimizes the objective function among feasible
points that are near it, but is not guaranteed to have a lower objective vaue than all
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other feasible points. A large fraction of the research on genera non-linear
optimization problem has focused on methods for local optimization, which as a
consequence are well devel oped.

Local optimization methods can be fast, can handle large-scale problems, and are
widely applicable, since they only require differentiability of the objective and
constraint functions. As a result, local optimization methods are widely used in
applications where there is value in finding a good point, if not the very best. In an
engineering design application, for example, local optimization can be used to
improve the performance of a design originally obtained by manual, or other, design
methods.

There are several disadvantages of local optimization methods, beyond (possibly) not
finding the true, globally optimal solution. The methods require an initial guess for
the optimization variable. Thisinitial guess or starting point is critical, and can greatly
affect the objective value of the local solution obtained. Little information is provided
about how far from (globally) optimal the local solution is. Local optimization
methods are often sensitive to algorithm parameter values, which may need to be
adjusted for a particular problem, or family of problems.

Using a local optimization method is trickier than solving a least-squares problem,
linear problem, or convex optimization problem. It involves experimenting with the
choice of algorithm, adjusting algorithm parameters, and finding a good enough initial
guess (when one instance is to be solved) or a method for producing a good enough
initial guess (when a family of problems is to be solved). Roughly speaking, local
optimization methods are more art than technology. Local optimization is a well
developed art, and often very effective, but it is nevertheless an art. In contrast, there
is little art involved in solving a least-squares problem or alinear problem (except, of
course, those on the boundary of what is currently possible).

An interesting comparison can be made between local optimization methods for non-
linear programming, and convex optimization. Since differentiability of the objective
and constraint functions is the only requirement for most local optimization methods,
formulating a practical problem as a non-linear optimization problem is relatively
straightforward. The art in local optimization is in solving the problem (in the
weakened sense of finding a locally optimal point), once it is formulated. In convex

optimization these are reversed: The art and challenge is in problem formulation; once
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a problem is formulated as a convex optimization problem, it is relatively
straightforward to solveit.

1.2.7 Global optimization

In global optimization, the true global solution of the optimization problem (I-1) is
found; the compromise is efficiency. The worst-case complexity of global
optimization methods grows exponentially with the problem sizes n and m; the hope
is that in practice, for the particular problem instances encountered, the method is far
faster. While this favorable situation does occur, it is not typical. Even small
problems, with a few tens of variables, can take a very long time (e.g., hours or days)
to solve.

Global optimization is used for problems with a small number of variables, where
computing time is not critical, and the value of finding the true global solution is very
high. One example from engineering design is worst-case analysis or verification of a
high value or safety-critical system. Here the variables represent uncertain parameters
that can vary during manufacturing, or with the environment or operating condition.
The objective function is a utility function, i.e., one for which smaller values are
worse than larger values, and the constraints represent prior knowledge about the
possible parameter values. The optimization problem (I-1) is the problem of finding
the worst-case values of the parameters. If the worst-case value is acceptable, we can
certify the system as safe or reliable (with respect to the parameter variations). A local
optimization method can rapidly find a set of parameter values that is bad, but not
guaranteed to be the absolute worst possible. If a local optimization method finds
parameter values that yield unacceptable performance, it has succeeded in
determining that the system is not reliable. But a local optimization method cannot
certify the system as reliable; it can only fail to find bad parameter values. A global
optimization method, in contrast, wills find the absolute worst values of the
parameters, and if the associated performance is acceptable, can certify the system as
safe. The cost is computation time, which can be very large, even for a relatively

small number of parameters.

1.2.8 Non-convex problems

One obvious use is to convert a non-convex problem in to a convex problem by

combining convex optimization with a local optimization method. Starting with a
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non-convex problem, we first find an approximate, but convex, formulation of the
problem. By solving this approximate problem, which can be done easily and without
an initial guess, we obtain the exact solution to the approximate convex problem. This
point is then used as the starting point for a local optimization method, applied to the
original non-convex problem.

Convex optimization is the basis for several heuristics for solving non-convex
problems. One interesting example we will see is the problem of finding a sparse
vector X (i.e., one with few nonzero entries) that satisfies some constraints. While this
Is a difficult combinatorial problem, there are some simple heuristics, based on
convex optimization, that often find fairly sparse solutions. Another broad example is
given by randomized algorithms, in which an approximate solution to a non-convex
problem is found by drawing some number of candidates from a probability
distribution, and taking the best one found as the approximate solution. Now suppose
the family of distributions from which we will draw the candidates is parameterized,
we can then pose the question: which of these distributions gives us the smallest
expected value of the objective? It turns out that this problem is sometimes a convex

problem, and therefore efficiently solved.
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1.3  Objective function for microwave device optimization

The design of microwave devices is normally accomplished through minimizing the
discrepancy between the actual S-parameters and the ideal S-parameters. Thus the
objective function is defined as a function of the difference of the device
characteristicsin terms of S- parameters with the ideal response at any stage.

The definition of objective function affects the efficiency of optimization procedure.

The reasons behind this are as follows,

1- Convexity of objective function guarantees the convergence of the
optimization procedure.

2- The objective function has to be calculated for several times during the
optimization process, thus the design time directly depends on the

computation cost of the objective function.

In this section different possible formulations of objective will be studied in detail.
The emphasis is on formulations which can allow explicit and implicit constraints.
This is specifically important to microwave device optimization where the range of

permissible parametersis rather narrow.

Let Dij<k> be the difference between the ideal and actual S-parameters in the frequency

f at K'th iteration,

Dij<k>(f 1 E) = i

(P —[s () (1-18)
where S*is the actual, i.e. calculated S-parameter (i,j=1,2), §* (f )is the ideal
characteristic. The vector pis parameter vector. There might be some constraints

appliedonp,

C(p)<b (1-19)

where b is representing constraints. C can be alinear or nonlinear function, but more

commonly it islinear.
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The objective function can be defined as the sum of D; 's over the all the frequencies,
<k> > <k > — (I_ZO)
Tij “ :ZDijk (fs’ p)
Fig. I- 2 illustrates a sample derivation of the function Tifk>. It can be seen that

<k> : . . . ‘. . .
D;*" is negative in some frequencies and positive in some other frequencies. Thus the

errors with different signs cancel out each other. The equation (1-20) is modified as,

D}**(f,. P) = (L., P)| - S/ (1) (-21)
or,
<k> —= <k > = i 2 |‘22
D3 (1, P) = (|5 (1., )| |5 (1) (-22)
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In the last couple of equations, Dif'” is positive. Later we will see this property will
help to construct a positive definite quadratic form. This is one of the conditions that

one can assure convexity of the objective function.
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1.3.1 Minimax optimization [44]- [46]
The objective function at k' th iteration can ideally be expressed as,
<k> =\ —
Tt p) = max {w, ()

-w(f).(

ka>(fﬁr_))‘_‘$lij ﬂd%l(f)‘) (|'23)
s (f,9)|-|s;™= ()|}

where

w, (f)and w (f) are upper and lower weighting factors, respectively.
S 7 (f) isthe desired upper limit of the S-parameters

S 7% () isthe desired lower limit of the S-parameters

The formulation is better understood by referring to Fig. 1- 3.

~ L—idea -
o (f)

i

S-Parameter (Linear Scale)

FI'EqIIJBﬂEﬂj'

Fig. - 3. Different sub-functions of the objective function with minimax
formulation.

The weighting factors are supposed to be non-negative, w,(f)=0, w(f)=0 and

S/ (£)| = [s;7 ()| for £ O[fy,, ] - Under such circumstances both termsin

equation (1-23) will be non-negative. They are equal to zero either when the weighting

factor is zero or the ideal and actual responses are equal. The goal function is,
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therefore, to minimize the maximum possible error that the device can produce. As a
special case, when

Sjij_ideal ( f) = S;_—ideal ( f) — qideal ( f) (|_24)

|

and w, () =w (f) =w(f)

(1-25)
T (f,p)= _max {

fD[ frnin fmax]

w(h)((57°(7, B {5 ()}

A variation of minimax formulation, as addressed in [49] formulates the objective

function in terms of inequality constraints as follows,
Minimize T (f,p) (1-26)
Subject to,

Cm-s ) foR
“(p|-[s=()  fOR

(. p) 2 w(h).(
H
T (1 p) 2 -w( ).

where F and F,are two sub-sets of the range[f,,, f,..] - The subscripts | and u are

brought as a matter of convenience and do not necessarily correspond to upper and
lower part of frequency span. The two sub-sets are not essentially digoint. This way
we have taken into account the requirement for relative amplitude of S-parameters are

different for in- and out-bands.

1.3.2 L east squaresformulation [43]

A very common class of objective function in electromagnetic domain is the least

squares formulation. The last squares formulation can be symbolically shown as,

s 2 (1-27)
T (f,p) = Z\D{“(fs. p)

<k>

where D;*"(f,, p) isintroduced in (I-18). The squared terms are always positive thus

of errors with different signs will not cancel each other when being accumulated. But
the main idea beyond the deployment of the Least Squares was to give a more

emphasize on larger errors than smaller ones. Also within a defined proximity of the
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optimum point (Here we show it as p®™) the rate of convergence is faster than the

linear model.
From an agorithmic point of view, the feature that distinguishes least squares
problems from the general unconstrained optimization problem is the structure of the

Hessian matrix of T*”(f,p). As mentioned earlier, the Least Squares method has

widely been used for the optimization of microwave devices.
Examples

In [9] the generic objective form of

desired]Z (|_28)

was used as objective function. Here, m is an arbitrary performance measure in the
circuit. The same contribution has incorporated a linear term which basically imposes
dimensional constraints to the design for the problem of a waveguide with multilayer

coats,

1) desr "] 1 1 O (1-29)
:_[kI?TI ™ _kim]2 +Z + ]
2 £27-t 20-a,

whereas k.. indicates the attenuation rate, a; andt, are the material property index

and thickness of ith coating layer. In other words the constraints are directly
integrated into the cost (objective) function. This might not be an appropriate
approach in general since we risk moving towards a point in parameter space which
might comply perfectly with boundary conditions while getting further form the
desired characteristic.

In [12] the transfer and reflection characteristics of a filter (S, and S,) are
approximated by rational functions both for ideal case and at each iteration. Then the

cost (objective) function is formed by using the location of zeros and poles of filters

reflection and transfer functions,
M M 1-30)
c=N1z-z+5 |P -p (
ZI | ZI {

where C is the cost (objective) function, N is the number of poles, M is the number of

(prescribed) zeros, P and Z, are poles and zeros of the transfer function. Prime
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superscripts indicate desired values. The authors have also claimed that with this new
formation of the objective function the optimization process converges arbitrarily
regardless of what the initial point has been chosen. Regardless of the validity of the
claim, the fact that the choice of a proper objective function is crucial for a design has
appropriately been addressed. Although the suggested scheme shows superb
performance in comparison with conventional procedures the method has certain
drawbacks such as,
The calculation of poles and zeros imposes an extra computation cost at each step
- One can not avoid the round off and computation errors in computing transfer
and reflection characteristic poles and zeros. These errors together with
computational inaccuracies and optimization procedure errors (such as
gradient approximation) will considerably increase the risk of being lead to a
wrong point in parameter space
- Determining the order and form of the transfer and reflection functionsis not a
trivial issue. It needs a minimum level of priory knowledge which is not
aways available.
In [20] the general problem of multiple coupled resonator filter is approached using

an objective function for as follows,

(1-31)

Errf = i[sﬂ(fi)]z +3 B e -4’

where ¢ and € are the actual and desired scale factors related to pass-band ripple.
Including the ripple scale factor in the objective function is the unique feature
introduced in [20]. Convergence of the optimization does not depend on the initia
point. Asthe authors claim,
“ Convergence of the minimization is very fast and all cases tested are
independent of the initial coupling matrix guess. In contrast, optimization
using an error function based on the difference between the mask and the
response was slow, often did not converge to any acceptable solution and
in all casesrequired an initial coupling matrix guess whose response was
close to the desired response in order to converge.”
However, one can not ignore the fact that such an objective function does not
introduce any criterion for stopping the optimization process. The smallest value that

such an objective function can possess is unclear. When using the error function, there
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Is always a desired value for the error function (ideally zero) which is a function of
the required accuracy. On the other hand, the orders of magnitude for £ and for S-
parameters are not the same and appropriate weighting factors need to be multiplied
by each of the terms of (I-31). Otherwise S-parameters will dominate the variations of
the objective function.

Again, in [26] the least squares of S parameters is utilized for the optimization of a
miter bend with dielectric column,

(1-32)

NP N$

C(m =Y Bl +3HS. (1R
where all the notations of previous formula apply and superscripts p and s indicate
pass-band and stop-band computed performances, respectively. NP and N7 are the
number of frequency points that in pass-band and stop-band that S-parameters are
computed. The function in (15) is distinct from previous ones in that it considers
different S-parameters for pass band and stop-band. In other words, while considering
both absolute values of S, and S, rather than comparing them with a desired
value, it essentially retains the policy to minimize the function for both terms in (I-
32).
The same approach has been used to optimize stop-band planar filtersin [36],

Fy= 3 Bl | ¢ 0-a08 0 20 20d80° (1-33)
ZlD‘O 5dB E =1 35 ( fsb) 0 SZl( fo )0

Here, Xis the parameters vector and subscripts sb and pb represent stop-band and

pass-band, respectively. The optimization would stop once the criterion F(X)<1 is

met. The insertion loss has two different values in the desired stop-band

characteristics.

1.3.3 L east pth approximation ([7], [41], [42])

Another general category of objective is to minimize the sum of the powered

magnitudes of the errors at different frequencies raised to power p,

b (1-34)
T(f,p)= Z\Dd‘)(fs,ﬁ)\
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In fact (1-34) can be considered as a generalization of the Least Squares Method. One
significant feature of this approach is to emphasize or deemphasize on specific parts

of frequency characteristics. While p =1 the equation reduces to simple integration of
the errors in the band. With p =2 the method resembles to least squares. In general
the higher p is, the more emphasize is given to larger errors (See [42], [47]). A

necessary condition for having the least p approximation as efficient as possible is to
having sufficient samples of the calculated objective function or in other words the
number of frequencies in which the objective function is computed should be

sufficiently large. Moreover the larger values of pwill lead to more emphasize on

larger errors. This statement can be proved by representing the error function as,

( D<k> f [ ) == I |:| 1 fmax D<k> .I: =T P df D}Z (|-35)
[fm%ax] ‘ ! (f.p )‘ o plp?oﬁfmax - fmin fr ‘ : (-p )‘ . ﬁ
Thisimplies that the larger pis, the more emphasized will be larger errors.

In .Fig. I- 4 the derivation of least p approximation is illustrated for different integer

values of p. In Fig. |- 5 the least p approximation vs. different number of sample

pointsis presented.
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Fig. I- 4. The derivation of least p approximation
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o o
Frequency

This weighting scheme can be extended to consider the frequency aspect as well: the
power can be a function of the deviation from central frequency. As the frequency
gets further from a specific frequency, the errors are summed up with smaller

exponent.
s p.k(f,f.F) (|-36)
T (f,p) = Z\D{“( f,, )|
while «(f,f,7)is a function that incorporates frequency, into the power.
fz{fv|v:], 2,.,V; f, D[fmm, fmax]} is a vector containing al the frequencies of

interest.

The size of neighborhood around each frequency f, [ f isidentified by 7,07 . Note
that each 7, LT is defined as a subset of the frequency range of interest and they have

to comply with f, -7, 2 f_ and f, +7, < f__ . The problem of optimizing a dual-

band planar antenna seems to be an appropriate example for demonstrating the effects
of vectors f and 7. The ideal return loss and the least pth approximation in an
intermediate stage are shown in Fig. I- 6.
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Fig. |- 6. The formation of objective function in equation (1-36) as. Here, p is
equal to 3 and the function K is shown in the figure. This specific weighting
function is usualy used to mask the effect of transitions which diminish
accuracy by producing big error termsin non-essential regions.

One potential risk of using the Least pth approximation is that the minimum of the
function T in (1-34) does not necessarily correspond to the minimum point of (I-18) .
The Least pth approximation has been used in few problems. In [16] the design of a
Y agi-Yuda array and a rectangular patch antenna [16] are reported. In [38] the Least
pth approximation is used for optimizing circuit performance.
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1.3.4 Constrained problems

In a real world design optimization problem in microwave domain, not all possible
values of the design parameters are acceptable. AlImost all of the problems one has to
deal with for the design of a microwave device or a network are constrained
problems. Constrained optimization problems can either be solved directly with a
constrained technique or converted to an equivalent unconstrained problem. The latter
could either be done through,

- Defining the objective function so that all the constraints are included, or

- Transforming parameters and | eaving the objective function unaltered.
Thefirst approach is reported for example in [9] and also brought here. The latter will

be explained in here, for example consider the constraint,

r)min < r) < pmax (|_37)

Now we can define an unconstrained parameter vector p' in such away that,

r) = r)min +(r)max _pmin)gnz(r)') (|_38)

or

— 1 _ _ 1 -39
p= pmin +7_T(pmax _pmin)COt l(p) ( )

Thisisfurther addressed in [7] and [47].
The next step will be to solve the optimization problem for the unconstrained

parameter p'. Once the optimum vector for p' is determined, it will be easy to
convert it to the original constrained vector p . There are a handful of methods which

have already been used for optimization problems with non-linear constraints. The

reader is encouraged to review, for example [20] and [49]-[55].
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1.3.5 Penalized objectives

Let the inequality constraints of the optimization problem be defined as a function,

CM=[EP &M - . . CuPE (1-40)
The vector C(p) isdefined in such away that,
Cm(p)=20,m=1,..,M. (1-42)
For example the criterion
Prin = P < Prax (1-42)
can be reformulated as,
P-B, 20 (1-43)

Pox — P20
Then to locate an initial point in feasible region, it is enough to deal with the

following problem,
M |-44
Minimize —z w.C.(P) (-44)
m=1
while the weighting factor is zero for any positive vaue of C(p). Now the

constrained domain can be transformed to an unconstrained domain with a penalized

objective function,

M1 (1-45)

T(f,p,0)=T(f,p
(f,p,0)=T( p)+um:Cm(m

while v >0and T(f_, p) can be any of the objective functions introduced so far (see

for example equations (1-23), (I-25)-(1-34)). The late equation defined the feasible

region, astheinterior of,

F={pIC(p) =¢ (1-46)

A sample of this approach is shown in equation (I-29). A critical task in here would
be to choose the value of v. At each step it is tried to reduce the coefficient v that

eventually diminishes the region F. In general, the requirement for convergence of
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T(f,p,v) in (1-45) isthat T(f , p) be convex and C,(P) be concave. In any case the
problem of convergence of the original objective function T(f ,P) till lingers on.

Assuming that T(f ,p)is convex and C..(p)is concave and both are differentiable, a

constrained minimum at the point p™ will satisfy,

M
OT(P™F S cfd C.(P™)
" (1-47)
cC(p™)=0
whereas €=k, .c .c,, H. These relations are proposed by Kuhn-Tucker [51]. They

simply state that the gradient of the objective function is the linear combination of all

constraint functions.

1.3.6 Exponentially penalized objective function

The goal in this section is to introduce an objective function which is as independent
as possible to the initial point in parameter space. This depends on many factors
including the nature of the problem and the polynomial degree of the objective
function.

Moreover, the objective should have a minimum dependence on the way the ideal
function is defined. In other words the tendency should be towards the goal of having
minimum knowledge about the ideal design.

To define the new objective function, we restart from (1-18), and rewrite it for asingle

frequency f as,
S, p|-|5™ (F) f OR, 1-48
Dij<k>(f P = ideal ‘ k>/f = ‘ (49
S™(F)-|s*(f.p)|  fOR

While the same nomenclature as (1-18) is used. The frequency span is subdivided into

two subsets. The subscripts U and L are chosen symbolically and do not necessarily

mean upper and lower bounds. This is solely done to force the Dif'”(f ,p) to be
negative when the conditions are met. For example the insertion loss of a band pass
filter is supposed to be more than a specific value in the pass band and less than a
predetermined value in the stop-band. For the case of other structures such as a

transition [56]or a coupler, one of the subsets F, or F_ can be zero.
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The penalized objective function has been studied in the previous chapter; the scheme
proposed here is to apply the same concept for the error function. Let the objective

function be defined as,

®,, (D(f,p D(f,p)>0 1-49
D D(f,P)<0
Here @, (X)is an arbitrary function of variablex. A discussion similar to that of the

Least pth Approximation is valid here as well to support the idea of using nonlinear

functions. The necessary condition for ®,, (.) is smoothness with respect to design

variables in the feasible subset of the N dimensional parameter space which defines

the(f, p) vector. Asastarting point let @, (.) be defined as an exponential function,
@, (D(f,p) = C (1-50)

where y and a are weighting coefficients to be determined based on the nature of
problem. If we remove the point D(f , p) =0, the derivative of this function will have
the form,

0P, (D(f,p)) _o(ae™" ™) _ aye®(! P, a(D(f ,p)) (1-51)
ap, op ap,

and the second derivative will have the form of,
|-52
0’0, (O(1.B) _ , o 5, 2OV (. ppE (2
=a) D B
op’ on O op H

The term D(f , p) is the difference between two scattering parameters and thus the

derivative can be written as,

nH<k> = n U
0"D; (1, P) :ED on
op 0o Sjb(f,r))‘
o= fOF
0 op,

Here

Sljk>(f,|{—3)‘ is a smooth function of each parameter (p. ). Thus the function

<k>

(f,p) issmooth with respect to p. as well. Thus the nonlinear function defined

in (1-50) will be smooth with respect to any of design parameters.
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The above discussion is not valid for smoothness of the objective function with
respect to frequency but in any case the smoothness and derivability in frequency
domain is out of our focus here because,

- in a gradient based optimization, the sensitivities with respect to design
parameters are considered,

- the objective function for any fixed set of parameters (i.e. any value of
parameter vector) is accumulated and these integrated variations are always
smooth.

To further justify the above claim, a typical frequency-parameter space is depicted in
Fig. I- 7. This figure shows typical variations of a device input characteristics versus
frequency for different parameter value. In a gradient-based optimization the value of
objective function is calculated as the integrated errors between the ideal and actual S-
parameters in adjacent parameter planes.

The nonlinear objective described in (1-41) to (1-45) is basically designated as an
unconstrained function. The approach chosen here to have this objective applicable to

constrained problemsis very similar to the penalized function described in (1-45).
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Fig. 1- 7. A typical objective function with respect to frequency and geometry
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Weighting factor

One major feature which improves the efficiency of the over-all optimization
procedure is the ability to emphasize on specific parts of frequency characteristics.
This can be done through a weighting factor. The weighting factor is a function of
frequency. A very important application of the weighting factor is to mask the
transient regions between pass band and stop band in filtering response for example.
Normally the desired characteristic has a rectangular or trapezoid shape. The actual
frequency response is an irregular curve in borders. The error produced by
differentiating the calculated and desired characteristics will be dominated by the
error produced in transitions. An appropriate weighting function can mask the effect
of the error function. Fig. |- 8 illustrates the effect of weighting factor and the error
that would appear due to the transition otherwise. For the general form of the

objective function in (I-51) the weighting factor can be integrated as,

_OW(1).0, (D(f,P) D(f,7) >0
IR D(f,7) <0

Another application of the weighting factors is when the objective function is formed
of functions with different orders of magnitude. For example the objective function
for the design of a resonator can be composed of its center frequency and quality
factor, while these two numbers have different orders of magnitude; the center
frequency (fc) can be of the order of GHz (10° Hz) when the quality factor (Q) is at
most of the order of tens of thousands (10%) and it's evident that an objective function
in the form of,

T(p)=

calculated ideal calculated ideal
feet 0 4 Q]

Is totally dominated by the frequency error. In such a case the appropriate weighting
factors can be utilized in order to have both measures (frequency and Q) effective in

the objective function. Thus the weighted objective function is written as,

T(p)=a

.I:Ccalculated _ fcideal‘ +ﬁ‘Qcalculated _Qideal‘

for a typical filter or resonator @ and B would have a difference of (10* — 10°) in

orders of magnitude.

(1-54)

(1-55)

(1-56)
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(a) the error caused by transitions and (b) weighting factor used for
masking the errors
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A problem encountered when using mathematical functions for

modeling the ideal (desired) characteristics. In (@) absolute error is shown. In
(b) the same idea function is applied, but due to very small change in
dimensions, the filter is detuned for about 0.0001 of the central frequency. A

significant change can be seen in error function, resulting the gradients being
compl etely meaningless.
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.3.7 |deal characteristic

The ideal characteristic of a microwave device is usually defined based on a specific
mathematical function. More specifically filters have classically been designed based
on known filtering functions such as Chebyshev functions, Butterworth functions,
Elliptic functions, etc.[57]. For each of these functions there are very accurate
equivalent circuit models which are both mathematically and physically feasible.
There are established building blocks for each of these functions with given orders.
With an optimization procedure that utilizes circuit analogy, defining the initial
structure can be achieved through finding the appropriate microwave passive structure
which corresponds to that equivalent circuit topology. An example of this procedure
is explained symbolically in Fig. I- 10.

1

1] f f
EH'B
=
)
'_@ 0.6
3 —— |deal Characteristic
= —=— |nitial Response
= 0.4} —/ Modified Response
E crrar{lritial)
] — Ermon{maodified)
2 |
p 0.2 -"n
@ I /
\ !
0 wmj =itirm irrni It
fmin frnax

Frequency

Fig.1-10.  The gradients when detuning is considerable. Note that absolute error
(which could be a base for calculating the objective function) does not change
and thus the gradient is zero. Although the device characteristic in (b) shows a
considerable improvement, the improvement is not reflected in the error

function.

Such an approach has been used in [18],[28],[45] and [56]-[58].
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The above-mentioned approach has some prerequisites,

The choice of appropriate function is very critical. Such a decision appears as
an obstacle in automation of the optimization procedure. In other words, the
procedure always needs an operator to choose the appropriate function which
best fits the desired characteristic.

Mathematical functions have their own limitations. Sometimes none of the
conventional mathematical functions are not capable of matching the desired
characteristics. For example, some non-ideal filtering factors such as ripple or
bandwidth-loss trade off affect the overall convergence of optimization.
Defining ideal characteristic in some few points in frequency domain, on the
other hand, has its own drawbacks. A little discrepancy between poles and
Zzeros may generates big error terms. Fig. I- 9 illustrates a typical problem
occurred when using a pseudo-€lliptic ideal characteristic. It can be viewed
that initial response has to have the same central frequency in order to have the
optimization converged. Thus appropriate choice of initial response is crucial
when using mathematical functions.
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Fig.1-11.  Theerror produced using different scenarios

The alternative method, which is ssimpler, is to define the virtual barriers, so that the

frequency response is upper(or Lower) than this barrier in all frequencies. In other

words, the desired characteristics can be defined as a set of smple linear borders in
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whole frequency range of concern. In Fig. I- 11 the ideal characteristics defined with
linear borders is illustrated. Using this method, the optimization procedure is less
dependent upon an operator for finding a mathematical pattern.

Two discussed methods of defining objective functions can function appropriately
when the initial response is reasonably close to the ideal characteristic. Otherwise the
calculated error(difference) is very small and the gradients obtained in this way are
not meaningful. By meaningful we intend the gradients which really show the
direction of the change in parameter vector. When the detuning is quite considerable,
in such a way that the ideal and actual pass-bands have no or a very small overlap.
Such an ideal response is utilizable as long as the initial response has a considerable
overlap with this rectangular region. What happens in a real design practice is
somehow different. Normally the detuning is quite considerable in such away that the
ideal and actual pass-bands have no or a very small overlap. This would make
gradients approximated through Finite differencing meaningless. As a possible way,
the proposed ideal response is dightly modified so that the gradient can be obtained
when ideal and actua functions have no overlap; e.g. when a filter is strongly
detuned. The modified ideal function can be expressed as,

ED.Tk)(fs. P a-epn ;BW/ 2 2 +BWI2 (1-57)
0 0
sjm>(f):§ Sl |f =f,|<BW/2
D —
éb”.(b(fs, E).(l—ap%,ftzimlzg f<f -BW/2

where D;**(f, ) isdefinedin (I-18).
The modified ideal response is shown in Fig. I- 12. Using this ideal response, the
gradients are less precise or better to say less sensitive to variations of the dimensions.

This is because when integrating the error between the actual and ideal s, the area

under the ideal response is relatively larger and the error produced in this way is less
sensitive to variations of the dimensions. On the other hand, using a bigger ¢ would
guarantee catching a more exaggerated detuning; i.e. when the initial working band is

very far from the desired characteristic.
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Fig.1-12.  The modified idea response and calculated error T, (f). It can be

noticed that moving the central frequency (beteen the positions shown in (a)
and (b)) could be detected in the objective function.
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So, there should be a trade-off between sensitivity and frequency span. Let the index
n be defined as,

n=n(fu-1.J) (1-58)

which is a measure of precision. Apparently 77 is afunction of detuning (fse and f; are
frequencies of detuned and ideal responses) and  in (I-57). To model such a trade off
a numerical experiment has been conducted using a sample detuned S;; and different
values of {. Then the error function is calculated with respect to different fge and C. In
Fig. I- 13 variations of normalized 17 versus different parameters is demonstrated. Fig.
I- 14 shows a normalized contour of the gradients of the objective function with
respect to ( and fqe FOr a given fge .the chosen value of ( is the point where the
gradient of error function has it's minimum acceptable value (this is a function of

precision of numerical method chosen and the required design precision as well).
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The feasible region is chosen on the basis of design tolerances and accuracy of

the EM solver.
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.4  Search strategies

Perhaps the core step in computer-aided design (CAD) of microwave component
design agorithm is the optimum search process. Once an appropriate objective
function is defined, an efficient search strategy must be utilized to update the
dimensions in the optimization cycle until the required criterion are met.
Optimization, as an independent research area, has been established since long time
ago. A wide variety of optimization algorithms have been offered by researchers of
this area, from purely random procedures to very deterministic methods. Each of these
methods has its own advantages and drawbacks. Obviously, judging about the
viability of a technigue depends on the application and also the metrics we are trying
the method with. Relatively long computation time of an electromagnetic field solver
Is the major bottleneck that every designer has to deal with. While atypical objective
function calculation in other disciplines (e.g. economy, management, operational
research) can take less than a second, every calculation of objective function in
microwave domain might take a few hours to few days. This in turn limits both
parameter space dimensionality and number of iterations. In other words, a proper
candidate for search algorithm in CAD of microwave components should be a method
which minimizes (or maximizes) the objective function in a parameter space of small

dimensionality in the least possible iterations.

The previous work on CAD of microwave devices and circuits can be categorized into
three main groups, namely, stochastic methods such as Genetic Algorithms (GA) and
Design of Experiments (DoE), indirect optimization methods such as Neura
Networks (NN) and Gradient Optimization (GO). Among all the methods, Gradient
Optimization method is the oldest and still the most practical method for optimization
because of its efficiency and consistence. Comparing to two other methods, gradient
methods require much fewer number of iteration until they converge to the desired
solution. Moreover gradient methods are less dependent on the problem than other
two categories. What made researchers to look for alternatives for GO is the fact that
these methods are inherently local methods. In other words the success of
optimization depends on the initial set of parameters chosen to start the optimization.
All that a GO can do is to find the closest minimum (maximum) to the initial point in

the parameter space. Thus there is always a risk of failure by being trapped in a local
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minimum. The other shortcoming of GO’s is that they need precise calculation of
gradients at every step. Calculating gradients is computationally an expensive task.
Evolutionary algorithms (EA) on the other hand, are stochastic methods which reach
to an optimum by evolving a randomly initiated population (a group of parameter
vectors in feasible region) into minimum (maximum). Evolutionary agorithms are
global methods, and as long as the initial population is large enough, the success of
the optimization does not depend on the appropriate choice of initia point.

A typical microwave design problem has to deal with a multidimensional parameter.
The dimensionality of space usually does not exceed 20-30, and it is often smaller, but
anyways the search algorithm should be chosen considering such a dimensionality.
Thus most of this chapter is devoted to the introduction of multidimensional search
algorithms which fit more to microwave design applications. The rational method to
pursue such a design problem is to use multidimensional search, but in some cases it
IS possible to use several uni-dimensiona agorithms to optimize different

dimensions.
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.5  Direct search methods [59]

Direct methods form a minor branch of search strategies. At each step, direct search
methods decide the next trial solution based on the experience from past steps. Unlike
gradient optimization techniques, these methods only rely on evaluation of value of
the function for deciding the search direction. Although the direct methods have not
been used as widely as gradient methods, they are addressed in detail since the
understanding the methods used later in this dissertation require priori knowledge of
direct methods. One major advantage of direct methods in microwave domain is when
a commercial package is used as the EM solver and only absolute field values are
available. Computing derivatives at each point requires an extra cost of multiple
calculations which diminishes the efficiency of the algorithms. A direct agorithm
then becomes very instrumental.

1.5.1 Patter n search [68],[69]

Pattern search attempts to find the direction of search along the valley. Since this
method attempts to follow the pattern drawn by hyper contours, it performs very well
in narrow valleys. The method is explained in Fig. I- 15. The method starts with
comparing two adjacent points which are aligned with one of coordinates. After
finding the right direction of declining towards the minimum, the same procedure
repeats with other coordinates. Once the decline direction with a complete set of
coordinates is identified, a vector addition of all the decline directions is composed

and the next point is decided based on this vector.

1.5.2 Simplex optimization [18]-[21]

The simplex methods are based on an initial design of k+1 trials, where k is the
number of variables. A k+1 geometric figure in a k-dimensional space is caled a
simplex. The corners of this figure are caled vertices. Fig. |- 16 shows a simplex in
two dimensional parameter space.

With two variables the first smplex design is based on three trials, for three variables
it isfour trials, etc. This number of trias is also the minimum for defining a direction
of improvement. Therefore, it is a timesaving and economica way to start an
optimization project.
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After the initial trials the ssimplex process is sequential, with the addition and
evaluation of one new trial at atime. The smplex searches systematically for the best
levels of the design parameters. The optimization process ends when the optimization

objective is reached or when the responses cannot be improved further.

T T = T e T

F2

Fig. |- 15. Pattern search method
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Fig. |- 16. Simplex in two and three dimensional parameter spaces
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1.5.2.1 Basic simplex method

The basic simplex method is easy to understand and apply. The optimization begins
with the initial trials. The trial conditions are spread out efficiently. The number of
initial trials is equal to the number of design parameters plus one. These initial trials
form the first simplex. The shapes of the simplex in a one, atwo and a three variable
search space, are a line, a triangle or a tetrahedron. A geometric interpretation is
difficult with more variables, but the basic mathematical approach outlined below can

handle the search for optimum conditions.
The basic simplex algorithm consists of afew rules,

Thefirst ruleisto rgect the trial with the least favorable response value in the
current simplex.

A new set of design parameter levels is calculated, by reflection into the design
parameter space opposite the undesirable result. This new trial replaces the least
favorable tria in the ssimplex. This leads to a new least favorable response in the
simplex that, in turn, leads to another new trial, and so on. At each step you move
away from the least favorable conditions. By that the simplex will move steadily
towards more favorable conditions.

The second ruleis never to return to design parameter levels that have just been
regected.

The calculated reflection in the design parameters can also produce a least favorable
result. Without this second rule the simplex would just oscillate between the two
design parameter levels. This problem is nicely avoided by choosing the second least
favorable condition and moving away from it. (Fig. I- 17)

Besides the two main rules, two more rules are al'so used :

— Trials retained in the simplex for a specified number of steps are reevaluated.
The reevaluation rule avoids the ssmplex to be stuck around a false favorable
response.

— Calculated trials outside the effective boundaries of the design parameters are
not made. Instead a very unfavorable response is applied, forcing the smplex

to move away from the boundary.

Generalities about EM-based Optimization of Microwave Devices



Chapter | 50

Fig. - 17. Simplex method.

1.5.2.2 Modified simplex method

The modified simplex method has much in common with the basic method, but can
adjust its shape and size depending of the response in each step. This method is also
called the variable-size simplex method. Several new rules are added to the basic
simplex rules. These new rules make the simplex:

— expand in adirection of more favorable conditions, or

- contract if amove was taken in adirection of less favorable conditions.
The procedures for expansion and contraction enable the modified simplex both to
accelerate along a successful track of improvement and to home in on the optimum
conditions. Therefore the modified ssimplex will usually reach the optimum region
quicker than with the basic method and pinpoint the optimum levels more closely.
The degree of contraction depends on how unfavorable the new responseis. Fig. I- 18

illustrates the different moves with the modified simplex method.
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Fig. |- 18. Modified Simplex method

For each simplex the following labels are used: W for the least favorable tria or the
trial being regected, B for the most favorable trial and N,, for the second least
favorabletria (i.e. next-to-the worst).

The different projections away from the rejected trial are calculated according to the

following formulas:

=C+a(C-W) (1-59)

*=C+p*(C-W)
where

W istherejected trial,

Cisthe centroid of the remaining face/hyperface, i.e. the average levels for the
remaining trials,

a isthereflection coefficient,

yisthe expansion coefficient,

[* isthe positive or negative contraction coefficient.

Simplex method has rarely been used to optimize microwave devices and networks.
In fact the method does not offer any specific advantages over other contemporary

methods. Example applications of simplex method can be found in [74]and [75].
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|.6 Gradient search methods

Gradient methods include all the methods that utilize partial derivatives of objective
function at each step to find the next step. Despite shortcomings of these methods
reported, gradient methods are still found to be the most viable techniques in
microwave domain. The fact that these methods are very efficient has encouraged
research to overcome their drawbacks. Here the major gradient methods are
described. In practice, more sophisticated methods are used to meet requirements of
complex problems. These sophisticated methods are combination of basic methods
described in here.

In the following chapters, it has been tried to follow a simple to complicated trend in

explaining the gradient methods.

1.6.1 Notations
A microwave optimization problem can be defined as,
F//?d E<optimum>’ SOI‘haf T(r)<optimum>) — ml n{T(r))} (| _60)
where T is the error function.
The procedure to construct the objective function was discussed in detail before.

p= [ P, P, ...pN]T is an N-dimensional vector, called the parameter vector. The space

including all the parameter vectors is called parameter space. The dimensionality of a

parameter spaceis equal to the number of element of the vector p.

In general the minimization is subject to constraints,

Cua(P)<byq (I-61)

The objective function can be expanded with Taylor series as,

T(p+2p) =T(p) +[TT(P)]'A pr %A PTH (TP P .. (1-62)
The vector
= 3T(E ~ (1-63)
ST DT OT(D) OT(R)]

0op  0p,  Opy O
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is called the gradient vector. The vector containing the second order derivatives is
caled Hessian Matrix,

5°T(p) 0°T(P)

0o opop,

DT(P)

0p.,0

HT(P)=F
O
O

%W@
EPpnop,

or it can be represented as,

<

_|
—~~
el
N

k]
(3]
o
z

(1-64)

<
= .
—~
kel
N

(o

(3]
i®)
zZN

. 0°T(p (1-65)
H;; (T( p)) = ﬁ

op,op,
In the following chapter, the classical gradient-based methods are discussed. In
practice, very often different variations of these methods or combination of different

methods are used to fit the specific applications of interest.

1.6.2 Steepest descent method [76]-[77]

The core idea of the steegpest descent method is to use the derivatives of the objective
function to find the stationary point. More physically speaking, if one triesto follow a
path towards the lowest point of the valley, the smplest possible path will be to find
the steepest path at each point.

The left hand side of (1-62) can be re-written as,

T(p+4p) =T(p) +AT(p) (1-66)

Considering only first two terms of right hand side of (3) would yield a linear

approximation,

AT(p) =[OT(P)]'A P (1-67)

which means that the gradient vector coincides with the direction of fastest move
towards minimum or maximum change. The steepest descent strategy is based on

moving backwards this gradient vector at each step, to find out the normalized vector
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which shows the direction of steepest descent, the normalized gradient vector is
written as,

OT(p) (1-68)

S =
[oT (P

Thus at each iteration, the steepest descent update strategy will be,

—<k+1> — Aw<k> _p kg k> (|'69)

P ] W"'Ss

Whereas superscripts k shows the iteration number, and w™”is a positive scalar called
weighting factor which can be chosen adaptively. When the initial point is very far
from the local maximum, taking long steps (bigger values of w™*) accelerated the
convergence. On the other hand at vicinity of the optimum point, smaller steps should
be taken to avoid skipping the local minimum. Fig. I- 19 shows the concept of the

steepest descent in atwo-dimensional parameter space.

Objective Function

Fig. |- 19. Steepest descent method

The steepest descent method and its variation is one the most frequently used
techniques in optimization. The method is very easy to implement and flexible
enough to be integrated to other techniques in a hybrid algorithm. Despite these
advantages, the method suffers from extremely slow convergence. Moreover, as any
other gradient methods the steepest descent method is a local method and the success
of the search severely depends on the initia point.
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1.6.3 Newton’s method

As mentioned above the steepest descent method suffers from slow convergence. This
is a normal consequence of using a linear function as update strategy. One possible
way of improving the convergence speed is thus using quadratic schemes. A family of
optimization techniques which use the information of second order derivatives for
parameter update is called Newton’s method. Given that in the minimum point the

objective function is stationary,

OT(P*™ ) 0 (1-70)

or in other words,
T(p+4p) =T(p)
while p*”is the point at which optimum solution occurs. Now considering three

termsin right hand side of (1-62), would yield,
OT(py HOT(PMR A O (1-71)

The step to be taken to reach the minimum (maximum) point is

8p - [HT )] 'O T(P) (72

thus the update equation would have the following form,

P =p*+ap =p* -w*[H(T(p))] .0 (P) (-73)

Again W™ is a positive scalar which defines the step size. An example of Newton's
method is illustrated in Fig. I- 20. Despite the advantages of Newton's method over
steepest descent, The Newton's method is prone to diverge because of a poor initia
point. This risk diminishes when the objective function is convex, i.e. the matrix
H(T(P)) issymmetric positive definite.

Newton's method is extensively used for inverse scattering applications, such as

image reconstruction, and tomography [83]-[87].
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When using Newton's method, the risk of diverging from the optimum increases as
the initial point gets far from the fina answer. Usually, a combination of steepest
descent or other stable methods in first steps followed by Newton’s method at the
proximity of the response gives the optimum result [88].

The update equation (I-73) required computing and inversion of the Hessian matrix
which is computationally expensive. There are a handful of techniques to compute the
second order derivatives, both analytically and numerically. When using full-wave
EM solvers, the derivatives should be calculated numericaly (i.e. by finite
differencing), which is very cumbersome. Hessian matrix, on the other hand, carries
the risk of being ill-conditioned, which in turn increases the risk of failure in
optimization. Different variations have been suggested in order to improve this aspect
of Newton’s method. Some of these techniques have been addressed here.

Newton methods include several classes, including discrete Newton, quasi Newton
(QN) (also termed variable metric), and truncated Newton (TN). Historically, the

O(n?) memory requirements and O(n®) computation associated with solving a linear

system directly have restricted Newton methods only: (1) to small problems, (2) to
problems with special sparsity patterns, or (3) near a solution, after a gradient method
has been applied. Fortunately, advances in computing technology and software are
making the Newton approach feasible for awide range of problems. Particularly, with
advances in automatic differentiation as in [89], [90] the appeal of these methods
should increase further. Extensive treatments of Newton methods can be found in the

literature ([91], [92] for example) and only general concepts will be outlined here.

Generalities about EM-based Optimization of Microwave Devices



57

Chapter |

e
uogound aaposalgo

Newton’s Method in two dimensional parameter space

Fig. 1- 20.
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Comparison between steepest descent and Newton's method.

Fig. I- 21.
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1.6.4 Quasi Newton methods

A major problem with all the “Newton type” methods is that inversion of the Hessian
matrix is very time consuming. The central idea underlying quasi-Newton methods is
to use an approximation of the inverse Hessian. Quasi Newton methods are ssimply
those groups of methods which approximate the Hessian matrix in order to avoid the
inversion of the Hessian matrix. Quasi-Newton or variable metric methods can be
used when the Hessian matrix is difficult or time-consuming to evaluate. Instead of
obtaining an estimate of the Hessian matrix at a single point, these methods gradually
build up an approximate Hessian matrix by using gradient information from some or
all of the previous iterates.

The quasi-Newton methods that build up an approximation of the inverse Hessian are
often regarded as the most sophisticated for solving unconstrained problems. The
update equation for Newton's and Steepest Descent methods can be written in a
general form,

p<k+1> — r)<k> +A‘—) — r)<k> _W<k >S<k>D-|-(ﬁ) (|_74)

For steepest descent method Sis the identity matrix S =1 while for Newton's
method the matrix S*is the inverse Hessian matrix S* = [H(T(p))] . Actualy there

could be defined several different methods in between Steepest Descent and
Newton’s, for example,

Sk — H_I (T(F_)<O>))H_l (|-75)

This means for all the updates, only the inverse of the Hessian at the first iteration is
used. Obviously this scheme is not as precise as “pure’” Newton's method but
however has the advantage of avoiding multiple inversions of the Hessian matrix.

<0>

In quasi-Newton methods, instead of the true Hessian, an initial matrix H IS

chosen (usualy H<®(T(p)) =1 where | is identity matrix) which is subsequently
updated by an update formula,

H <k+1> - H <k > + Hu<k> (|_76)

Generalities about EM-based Optimization of Microwave Devices



Chapter | 59

<k>
u

whereas H ™ is the update matrix. This update can also be done with the inverse of

the Hessian matrix,

(H —1)<k+l> _ (H —l)<k> + (H _1)4(> (|_77)

For an easier follow up, B is introduced as an intermediate function,

k>

B = (H )", B* = (H*)" And (1-77) will have the form,

B<k+1> — B<k> + Bu<k> (|_78)

The Hessian matrix can be considered as the derivative of the gradient matrix,

H (T(ﬁ<k>)).Ap<k> - DT(ﬁ«+l>)' 0 T(p« >) (|-79)

where Ap™is calculated through forward-differencingAp™ = p**> - p*~. If the

Hessian is constant, then the following condition would hold as well,

B HIT(P ™)y O T(p*)EA P*° 4 1.k (1-80)

This is called the quasi-Newton condition. Now, substituting (I-78)into (1-80) would
yield,

(B +B).HIT(P* O T(p*)EA P*  F 1.k (1-81)
Again for simplification, we introduce a new variablee, q% as
OT(p“*y 0 T(p°3 q°”.Then (1-81) will take the brief form of,

(B*+B*)q* =0p"", i =1,....k (1-82)

The equation (1-82) identifies the update steps, or Ap“~but there is still an unknown

element in the formula: B™>

u

or the update inverse Hessian is not known yet!

Actually a unique solution for Hessian update does not exist, a general form can be

written as,
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B> = a,<k>u<k>_(u<k>)T AR >.(V & >)T (1-83)

u

<k> <k>

where g™ and B are scalars and the vectors u™” and v~ should be computed so
that they can fit in (1-82). As mentioned before (1-83) is ageneral form and the second
term in the right hand side can be omitted. The choice of 8 determines the rank of the
update. Quasi-Newton methods that take [ = 0are using rank one updates while the
Quasi-Newton methods that take [ #0are using rank two updates. Note that
B # 0provides more flexibility. There are many update schemes suggested so far,
among them al, we present two of them which are more frequently
addressed[93],[94],
 Davidson -Fletcher-Powell (DFP) formula

* Broyden-Fletcher-Gol dfarb-Shanno (BFGS) formula.

Fig.1-22.  The quasi-Newton method isillustrated by the solution path

1.6.4.1 Davidson-Fletcher-Powell formula

Earliest (and one of the most clever) schemes for constructing the inverse Hessian
was originaly proposed by Davidson (1959) and later developed by Fletcher and
Powell (1963).
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It has the interesting property that, for a quadratic objective, it simultaneously
generates the directions of the conjugate gradient method while constructing the
inverse Hessian.

The method is also referred to as the variable metric method (originally suggested by
Davidson). Substituting the update term in the equation (1-83) into (1-82) would give,

(B<k> +a<k>u<k>.(u<k>)T +B % * >.(V x >)T)_(TI = pp < i =1..k (1-84)
Now setting
u<k> = Ar)<k> (|‘85)
V<k> - B<k>C_]<k>

<k> T=<k> _ l

a=u'qg

ﬁ<k>VTq<k> - _1

will determinethe o> and <. The resulting update formulawill be,

Ar)<k> (Af)<k>)T B<k>q<k >(q « >)T B¥> (1-86)
(Aﬁ<k>)T q<|<> B (C—]«>)T B«ﬁ«>

B<k+1> = B<k> +

1.6.4.2 Broyden—Fletcher—Goldfarb—Shanno formula

<k>

Any update formulafor B can be transformed into a corresponding complimentary
formulafor H<* by interchanging the roles of B> and H<*> and of p andq. The
reverseisalso true.

Broyden—Fletcher—Goldfarb—Shanno formula update of H<*> is obtained by taking

the complimentary formula of the Davidson-Fletcher-Powel formula,

g (q<k>)T i H <1<>Ar)<k>(Ar)<k>)T H <> (1-87)

H <k+1> _— H <k> +
(q<k>)T Ar)<|<> (Ar)do)T H <k>Ar)<k >
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Taking the inverse, the Broyden—Fletcher—Goldfarb—Shanno update formula

for B>, would result,

B = g 4 ( 1+ (q<k>)::: B¥g*> | Aﬁ«>(AP<k>)T (1-88)
(q<k>) Ar)<k> (Af_fb) q<k>
_ Ar—)<k> (q<k>)T B + B<k>q<k> (Ar)<k >)T
(q<k>)T Ar)<k>

It can be noticed that Broyden—Fletcher—Goldfarb—Shanno formula is more
complicated than Davidson-Fletcher-Powell (DFP), but it is straightforward to apply.
Both DFP and BFGS updates have symmetric rank two corrections that are

—<k>

constructed from the vectors Ap™” andB*°g<>. Weighted combinations of these

formulae will therefore also have the same properties. The availability of quasi-
Newton methods renders steepest-descent methods obsolete. Both types of algorithms
require only first derivatives, and both require a line search. The quasi-Newton
algorithms require slightly more operations to calculate iteration and somewhat more
storage, but in amost al cases, these additional costs are outweighed by the
advantage of superior convergence. At first glance, quasi-Newton methods may seem
unsuitable for large problems because the approximate Hessian matrices and inverse
Hessian matrices are generally dense. But the method pays off because of a saving the

time required for calculating Hessian matrix.

1.6.5 Conjugate gradient method

The problem with the steepest descent method is that the method performs many
small steps in going down a long, narrow valley, even if the valley is a perfect
guadratic form. The optimistic hope is that, for example, in two dimensions, the first
step would take to the valley floor, the second step directly down the long axis; but
the new gradient at the minimum point of any line minimization is perpendicular to
the direction just traversed. Therefore, with the steepest descent method, the
consecutive updates must make a right angle turn, which does not, in general, provide
the shortest path to the minimum. (See Fig. |- 24).

The conjugate gradient method (also known as Powell’ s method) is based on the idea

that the convergence to the solution could be accelerated if we minimize T(p) over

the hyperplane that contains all previous search directions, instead of minimizing
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—=<k+1>

T(p) over just the line that points down gradient. To determine p~™™" we minimize
T(p) over

P =P Has +a)S 40,5+ a5 (1-89)
where s, =Ap™ =p™ -p*™” represent previous search directions. The scaar

productsa, are of fundamental importance for such an update and will be discussed
in detail later. An added advantage to this approach is that, if we can select the S, ’s
to be linearly independent, then the dimenson of the hyperplane

—<k+1>

P

iteration of the conjugate gradient method. This would imply that (assuming infinite

=p +a,5 +a§ +a,5 +. 4, S will grow one dimension with each

precision arithmetic) the in the worst case the optimization will end up in N iterations.
Ideally the conjugate gradient method is applied when the objective function can be
convertible to a quadratic form in terms of the parameter vector

T(P)=5P Ap-P'b (-9

N[~

where A isasymmetric positive definite matrix and

b isan N-dimensional column vector.

Subsequently, these relations will hold true:
OT(pF Ap- b and H(p)=A

we aso define T such that T(p) = Ap-b .

Definition- For a given symmetric positive definite matrix A we say that two vectors
r and S are A-conjugate if

STAr=0 (1-91)
Since A is symmetric and positive definite, the left-hand side defines an inner product

3,70,=S5 Ar (1-92)

So, two vectors are conjugate if they are orthogonal with respect to thisinner product.

Generalities about EM-based Optimization of Microwave Devices



Chapter | 64

Fig. I- 23 illustrates the conjugate directions in two dimensional Cartesian

coordinates. If {{,,...,0,} is any set of non-zero conjugate directions in R", then

Gy, ..., G, are linearly independent. Also @, ...,G,, span R" if and only if M=N.

p2

Fig. |- 23. Conjugate directions
Theorem 1.
If A is positive definite symmetric, and if Ap=b and {d,,...,(,} isaset of non-zero

conjugate directions, then

M gh . (1-93)
Uy =P~ 2.6 AG U
is conjugate to each of Q,...,Q,, .
Theorem 2.
If Ais positive definite symmetric,
~N_ 1 4. [-94
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for some b OR"and {d,...,U,} is a set of non-zero conjugate directions, then the
M

minimum of T(p)in the space spanned by {{,,...,G,} occurs at the point Z,Bil]i
1=1

where

(' Bb (1-95)
B ===
u’ Au,

Theorem 3.
With the notation of Theorem 2., a fixed j satisfying 1<j<M and fixed

Q05 0 (50 the minimum of,

qJ(aJ.) :Tﬁiaiaiﬁ (1-9)

occursat a; = ;.

The above theorem simply means that the minimum of a quadratic function can be
found by M one dimensional minimizations along nonzero conjugate directions

A~

d,..,4,, and the order in which one-dimensional minimizations are done is

irrelevant. In order to use this result, we need to be able to create quadratic form.
Apart from practical application which is being discussed here, this conclusion is
important because it shows that computing partial derivatives is not essential for a
quadratic problem.

Let P be an initial point in the parameter space. For the first search direction the

conventional steepest descent approach is taken,

F—)<1> — F—)<0> +a0§<0> (|_97)
whereas
s =0T(pVF Ap®= b= 1" (1-98)
§<0>T§<()>
From the discussion of the method of steepest descent, a, = TS a5 Also it
S

worth’s to mention that in the steepest descent method the two consecutive update
vectors were orthogonal,
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§<k+1>T§<k> — 0 (|_99)

This means if we follow the same trend in here,

gPTg0> - (1-100)

Rather than try to establish the above orthogonality relationships with a calculation,

—=<1>

use the following calculus argument. By definition, S is the gradient of T at p=~,

where p<isthe conjugate gradient estimate to follow the initial guessp=*.

The conjugate gradient method calls for defining successive approximates by

r)<k+1> — r)<k> +ak§<k> (|-101)

§<k> :r—<k—l> +ﬁk-1§<k_1> (l-lOZ)

where s and ' are A-conjugates,

' AS =0 (1-103)

The calculation of a, and S, areto be discussed shortly. The things to keep in mind
when choosing a, and S, are:

1. We want the span of the search directions to fill the space we are searching as
the number of iterations increases;

2. Searching down A-gradients was basically a good idea. But, to guarantee
linearly independent successive search directions, we generally need to choose
conjugate gradient search directions to be perturbations of steepest descent
search directions.

It was already mentioned that the first update is taken through steepest descent
method and thus the vectors p=>,5,and p= are known.
To take the next step using the conjugate gradient method, we must determine values

>

for a, and B so that we can caculate p™ andS. Then we will see a pattern

emerge.
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In taking this next step in the conjugate gradient method we are seeking to minimize
T(p) over the plane

—=<0>

P~ +span(s,,s) (1-104)

This means that the residual T, will have to be orthogonal to both §,ands .
From the requirement that s,7; = 0, it follows that the search direction S must be A-

conjugate to the search directions,. We can now set 3, as follows,

S =L +A% (1-105)
implies

AS = AT + A5, (1-106)

Now considering the fact that S and’s are conjugate, or s,As, = 0,hence,

SAS =S A +B,5As =0 (1-107)

Thiswill lead to the calculation of S, as,

B =- SAL _ _ LA, (1-108)
0

5AS $A5

—=<1> =<2>

Having decided to proceed from p~ to p

along the search direction defined by

S =T, + 3,5, the same calculus argument used to determine gives

rs (1-109)

a, =L
SAS

so a step of the conjugate gradient method is complete.

The reader is referred to [61]-[63] for further explanations of the method. Also the
application of Powell’s method is reported in [62]-[67].

Generalities about EM-based Optimization of Microwave Devices



Chapter |

68

Fig. I- 24.

P
In steepest descent method all the paths are normal to each other

Fig. I- 25.

Conjugate gradient convergence.
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.7  Numerical analysis of microwave devices

1.7.1 Introduction

An EM solver typically accepts a geometric description of the microwave device
along with materia properties for metal and dielectrics, and develops highly accurate
electrical response models in the form of S-, Y-, Z-parameters or an extracted model
in SPICE format. Today’s high frequency EM simulators can provide results that are
very accurate-often S-parameters with bounded error.
A numerical technique is the only stand-alone and most critical part of a design loop.
The bulk of the time needed for a device design is typically spent for electromagnetic
analysis. Due to such significance, numerical analysis of microwave devices and
antennas has become one of the main stream research areas in electromagnetics.
Different commercial field solvers are available in the market, each using one or more
numerical technique or their hybrids. There different factors in considering a
numerical techniques, namely:

— nature of the problem,

— computational time,

— accuracy,

- stability.
Of course, these factors are not absolute and each technique might feature of or two
depending on the conditions. Despite the amount of ongoing research, the numerical
methods in electromagnetics are an established domain. Most of the techniques are
now available in the textbooks and being taught in courses. However the numerical
techniques in electromegnetics are not the main focus of this dissertation and will not
be discussed in detail. For a detailed explanation of these methods the reader is
encouraged to refer to the available literature like [95]-[100] along with other
publications that will be addressed in this section. In this section a brief categorization
of methods will be addressed. Only methods which are more utilized in during the
present work will be covered more in more elaboration.
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1.7.2 Classification of electromagnetic problems[95]

Classifying EM problems helps to answer the question of what method is best for
solving a given problem. Continuum problems are categorized differently depending
on the particular item of interest, which could be one of these,

(2) the solution region of the problem,

(2) the nature of the equation describing the problem

(3) the associated boundary conditions.

1.7.2.1 Classification of solution regions

In terms of the solution region or problem domain, the problem could be an interior
problem, also variably called an inner, closed, or bounded problem, or an exterior
problem, also variably called an outer, open, or unbounded problem.

Consider the solution region R with boundary S, as shown in Fig. I- 26. If part or all
of 0Qisat infinity, Q is exterior/open, otherwise Q isinterior/closed. For example,
wave propagation in a waveguide is an interior problem, whereas while wave
propagation in free space, scattering of EM waves by raindrops and radiation from a

dipole antenna are exterior problems.

C)

Fig. |- 26. Description of solution regions

A problem can aso be classified in terms of the eectrica, constitutive
properties(o, €, i) of the solution region. The solution region could be linear (or
nonlinear), homogeneous (or inhomogeneous), and isotropic (or anisotropic). We
shall be concerned, for the most part, with linear, homogeneous, isotropic media in
this text.
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Classification of differential equations
EM problems are classified in terms of the equations describing them. The equations
could be differential or integral or both. Most EM problems can be stated in terms of

an operator equation

Ld=g (1-110)

where L is an operator (differential, integral, or integro-differential), g is the known

excitation or source, and @ isthe unknown function to be determined.

Generally speaking, electromagnetic problems involve linear, second-order
differential equations. The generic form of a second-order partial differential equation

(PDE) in 2 dimensional spaceis given by

’d  *d 9*d 0P 0P _ (I-111)
a—+b +c——+d—+e—+fd=g
ox oxdy  dy ox oy

The coefficients, a, b and ¢ in genera are functions of x and y; they may aso depend
on® itself, in which case the PDE is said to be nonlinear. A PDE in which g(X, y) in
equation (I1-111) equals zero is termed homogeneous; it is inhomogeneous if it does
not.

Notice that (I-111) has the same form as Eq. (1-110) where L is now a differential

operator given by,

0’ 0’ 0 .0 . 0 (1-112)
L=a_—+b +C— +d— +e— +f
ox oxdy oy ox oy

A PDE in general can have both boundary values and initial values. PDES whose
boundary conditions are specified are called steady-state equations. If only initial
values are specified, they are called transient equations.

Any linear second-order PDE can be classified as elliptic, hyperbolic, or parabolic
depending on the coefficients a, b, ¢, d and e. Assuming A =b* -4ac, equation (I-
111) is,

dliptic if A< O (1-113)
parabolic if A=0
hyperbolic  if A>0
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Elliptic PDEs are associated with steady-state phenomena, i.e., boundary-value
problems. Typical examples of this type of PDE include Helmholtz equation for

eectric field in two dimensional Cartesian coordinatesin free space,

2 2 1-114
a_|§+a_|§+k02|5:o ( )
ox- oy

where E is the electric field vector and k, is the propagation constant in free space, a
=c=1landb=0.

An éliptic PDE usually models an interior problem, and hence the solution region is
usually closed or bounded.

Hyperbolic PDEs arise in propagation problems. The solution region is usualy open
so that a solution advances outward indefinitely from initial conditions while always

satisfying specified boundary conditions. A typical example of hyperbolic PDE is the

wave equation in one dimension,

0’0 _ 1 %0 (1-115)

ox*  u® ot?

wherea=u®,b=0,c=-1.

Parabolic PDEs are generaly associated with problems in which the quantity of
interest varies slowly in comparison with the random motions which produce the
variations. The most common parabolic PDE is the diffusion (or heat) equation in one

dimension,

o’P _ K 0P (1-116)
ox? ot

wherea=1,b=0=c.

Like hyperbolic PDE, the solution region for parabolic PDE is usualy open. The
initial and boundary conditions typically associated with parabolic equations resemble
those for hyperbolic problems except that only one initial condition at t = 0 is
necessary since (5) is only first order in time. Also, parabolic and hyperbolic
equations are solved using similar techniques, whereas dlliptic equations are usually
more difficult and require different techniques.

The discussion above has been summarized in the table 1.
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Type of Sign of A Application Solution
PDE region
Elliptic Negative | Poissons equation Closed/Bounded
0°E, 0°E, 0°E
BE= + + = p(x, Y,z
x> oy* 07 p(x.y.2)
Helmholtz forE equation in free
space
2 2 2
0 E+aE+aE+k§E:O
x> oy* 0z
Hyperbolic | Positive | Wave equation Open
0’¢ _ 10’0
x> u® ot
Parabolic Zero Diffusion Open
0’® _ 0P
2 =k—
0x ot

Table 1. Classification of PDE

|.7.2.2 Classification of boundary conditions

In addition to satisfying the equation (1) certain condition should be imposed on the

borders.
1- Dirichlet boundary condition

®(r) =0 (1-117)

2- Neumann boundary condition

dd(r) _ (1-118)

3- Mixed boundary condition:

1), i) =0 (1-119)

—
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0d(r)

3 is the directional derivative of ®(r) along
A

where h(r) is a known function and

the outward normal to the boundary.

Classification of Numerical Techniques

Numerical techniques can be categorized based on different view points, such as
solution domain (time- vs. frequency-domain) and the type of equations (integral vs.
differential equations). The general categories of the numerical techniques, based on
the solution approach are as follows,

Differential equation methods
— Finite Difference Frequency Domain method (FD)
— Finite Difference Time Domain method (FDTD)
— Transmission Line Matrix (TLM)
— Finite Element method (FEM)

Integral equation methods
— Method of Moments (MOM)
— Generalized Multipole Technique
— Boundary Element Method

Mode Matching (MM)

Numerical methods based on asymptotic approximations
— Ray tracing (geometrical optics)

— Angular Spectrum

A few numbers of so called techniques have been of use within the framework of this
dissertation. Some of these techniques such as Finite Element method, Method of
Lines and Finite-Difference Time Domain method have been developed in IRCOM
Laboratory, while some others such as the Method of Moments are obtained through
commercia software.

In the following sections, some of the methods which are used within this dissertation

will be explained briefly.
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1.7.3 Finite element method (FEM)

Until recently the Finite Element method has been the dominant and the most
frequency utilized technique in microwave domain. The systematic generality of the
method makes it possible to construct general -purpose computer programs for solving
a wide range of problems. Consequently, programs developed for a particular
discipline have been applied successfully to solve problems in a different field with
little or no modification. The finite element analysis of any problem involves
basically four steps[101], [102]:

— discretizing the solution region into a finite number of sub regions or

elements,

— deriving governing equations for atypical element,

— assembling of al elementsin the solution region, and

— solving the system of equations obtained.
There are different variations of the finite element method. Here, we briefly present
the FEM developed in IRCOM Laboratory [103]. This method has been utilized in
some of the 3D examples in the following chapters. The finite elements method
developed at IRCOM can analyze three dimensional microwave devices of arbitrary
shapes and material distribution. Mixed boundaries are also implementable with the
developed software, i.e. electric magnetic walls, high impedance surfaces, and
absorbing conditions (PML) making the solution of open problems possible.
The structure to be analyzed into 2- or 3-dimensions can be made up of
inhomogeneous, anisotropic, lossy media. This method can be applied to the
calculation of the coupling between elements, and to the characterization of devices
complex, passive microwaves or passive-credits by the introduction of local accesses.
A variety of applications of the present software can be found in [104]-[110].
The approximation of the finite elements consists in discretizing the field to be
studied in under fields. The geometric standards of reference used for the grid of the
structure can be into 1 dimension (segments), 2-D (triangles or quadrangles), in 3-D
(tetrahedrons, pentahedrons or hexahedrons).
Before the resolution of the problem, these elements can be deformed to take into
account the curved elements of the studied structure. Moreover, geometrical
symmetries of the structure can be taken into account, thus reducing volume to be
netted. Applying the finite element method, Maxwell’s equations are solved element
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by element in order to determine the electric field or the magnetic field. Applying an
electric formulation, the € ectric field is the solution of:

115, (447'rotE).rotg dV —k? [If, (6B)-@av (1-120)
= —ja)%iﬂspk J.9dSp, -] a),giﬁp I o

with: ko’ = aféolh,

V: volume of the structure,

E: electric field,

¢ test function,

n: number of modes in distributed accesses,
Sok: surface of the distributed access,

Ji : current surface distribution,

m: number of localized access,

lo: contour of the localized access,

I'p: line distribution of the current

Two possible classes of solutions are available through the present software, namely
forced and free oscillations modes.

In free oscillation mode, the terms related to the excitations are cancelled by shorting
the ports. The outcome of the equations will be resonant characteristics of the
structure such as cut-off frequency of different modes and quality factor. In forced
oscillation mode, the excitations within a given frequency band are imposed and a
modal decomposition on the ports outcomes the propagation and evanescent modes

frequencies along with field distributions.

1.7.4 Finite-difference time domain (FDTD) [112]

Finite-difference time domain technique, was originally developed by Kane S. Yeein
1966, but did not attract any attention till ten years later, when Taflove discovered the
potentials of the technique [114], [115]. Despite discovering its viability, the FDTD
method did not become popular until late 90’s. The reason was the FDTD method was

computationally expensive method and alternative techniques were still ahead of
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FDTD regarding the computational resources. With the advent of fast commercia
PC’sthen FDTD started to become widely used since mid-1990's.
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Fig. - 27. FDTD cell-1

There are different variations of FDTD method; herein the original scheme proposed
by Yee will be presented in brief. Despite its simplicity and straightforwardness,
Yee's algorithm is still a valid and viable technique for electromagnetic scattering

problems. The utilization of FDTD for microwave planar devices was first reported in

[117].
In an isotropic medium, Maxwell’ s curl equations can be written as
_ oH (1-121)
'y
- ~ = [-122
X H= oE& £%—It5 ( )

Decomposing (I-121) and (I-122) into their components will lead to a system of six
scalar equations. Following Yee's notation, we define a grid point in the solution

region as

Generalities about EM-based Optimization of Microwave Devices



Chapter | 78

oH__0OE, OE, (1-123)

oH, 0E, OE,

oH, OE OE,

OE, oH, OH, (1-124)

and any function of space and time as

F"(i, j,k) = F(id, | 3,k J, nAt) (1-125)

where 0 = Ax = Ay = /7 is the space increment in Cartesian coordinate, and At isthe

time increment, while i, j, k, and n are integers. Using central finite difference

approximation for space and time derivatives that are second-order accurate,

ﬂ f(X+4Ax/2,t) - f(x—DXx/2,t) (1-126)
[1)4 AX
ﬂ f(x,t+At/2)—f(x,t-At/2) (1-127)
ot At

In applying (I-126)and (1-125) to all the space and time derivativesin Eq. (1-127), Yee
positions the components of E and H about a unit cell of the lattice as shown in Fig. |-

27. To incorporate , the components of E and H are evaluated at aternate haftime

. oH, _OE, oE .
steps. For example equation (u—=* = ——=2) will be expanded as,
ot Jz oy

H, (%, ¥ 3 thyn) —HL (X0 Y0 20t s) (1-128)
At
Ey()g ! yi,zi+112’tn) - Ey()g ! yi,Zi—lIZ'tn) _ Ez()ﬂ ’ yi+1/2,zi ’tn) - Ez(x ! yi—l/Z,Z ’tn)
Az Ay

U
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Then the update equation will have the form,

n+l/2 _ g n= At n n At n n (|-129)
Hxi?;i—Hxi}fi +E( yi,j,k+1_Eyi,j,k)_w(Ezi,jﬂ,k _Ezi,j,k)
L B
E | Hy
|_|I1._-|'.'I~ | III‘I.JI.L-&
| E. E:
| ey [i+E, j+1.k)
= - 4
] i _ +—% E.
ll-'..';i—].i H H'- | 1. k+]1
H._ | L} i, itk
B H o
| ) '
|
E: ¢ /J_{___i_.i:_“__
o # H 1]
)‘{ : &} E X, ik}
..-’j (i.j.k) i, j+1.k) "" i
£ > .

Fig.1-28.  Yee'scdl

The second and third equations can be expanded in the same manner. Similarly the
equation (1-124),
0E, _oH, OH, (1-130)

E—X=—>=%- -OE,
ot oy 0z

will result,

_[l-oMt/2e0_, (1-131)

n+l
Exi,j,k - WHEXi,j,k +

1 DAt n+. n+ At n+ n+
Trontize Teay Mk ™ a0 = 2 (VT ~HT )

O

It should be noted from (I-129)and (I-131) that the components of Eand H are
interlaced within the unit cell and are evaluated at alternate half-time steps. All the
field components are present in a quarter of a unit cell (known as Yee's cell) as shown
inFig. 1- 28.
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After individual cells are formed, the entire computational domain is formed by
stacking up theses rectangular (cubic) cells into the rectangular volume. One
important issue which should be addressed here is the treatment of anisotropic
material distribution. In such a case, after discretization, a dielectric constant is
assigned to each cell asin Fig. I- 29. Then the dielectric constants of different cells
will be averaged,

£ = E(é:1+‘°:2 +£3 +£4) (I-132)
4

Fig. |- 29. Dielectric borders

Accuracy and stability

To obtain sufficiently accurate results, the spatial increment ¢ must be small
compared to the wavelength (usualy < A/10) or minimum dimension of the scatterer.
This amounts to having 10 or more cells per wavelength. To ensure the stability of the
finite difference scheme, the time increment must comply with the stability criterion
as follows,

o1 1 10 (1-133)

+ +
%sz Ay* A7 E

(cat)’ <

where c is the wave phase velocity.
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Thetypical algorithm implementation for FDTD method is as presented below:
—  Set-up the geometry,
— Set nomina value of al thefiled to zero
— Repeat the following procedure until the response is zero:

Impose the Gaussian excitation

Calculate H™"?

Calculate E™?

Set tangentia E to zero on conductors

Savefield values

n- n+l

O O O O O o

The FDTD method is still a subject of ongoing research. There are a handful of topics
which are not discussed here as a matter of brevity. These topicsinclude:

— FDTD in curvilinear coordinates

— Equivalent circuit parameter extraction

— Different types of Absorbing boundary conditions

— Multi-grid FDTD agorithms

.75 The method of moments

The method owes its name to the process of taking moments by
multiplying with appropriate weighting functions and integrating. The
method of moments (MoM) was first introduced to the western society by R. F.
Harrington in earlyl960’s. But actually the method has originated by two Russian
scientists [119]and [120].

In the method of moments, prior to the discretization, Maxwell’s electromagnetic
equations are transformed into integral equations. These follow from the definition of
suitable electric and magnetic Green’s functions in the multilayered substrate. This
formulation expresses the electric and magnetic field as a combination of a vector and
a scalar potential. The unknowns are the electric and magnetic surface currents

flowing in segments.
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.8 Conclusion

Different stages of the computer-aided design (CAD) of microwave devices is
discussed in this chapter. The design procedure consists in a design loop that updates
dimensions of a structure in order to minimize a cost function based on the
electromagnetic analysis of the device performance (with different metrics such as S
parameters, impedance, etc). Different elements of such a design loop are discussed in
detail. Many significant attempts to improve the speed and the accuracy of microwave
CAD have been reported. In the previous work the emphasis has been mostly to
improve the efficiency of individual elements of a design loop, more notably,

- The speed and accuracy of EM solvers has been a matter of academic and
industrial research,

- The update techniques have been improved continuously.

Since the above mentioned techniques have been conducted within the framework of
the conventional optimization procedure their overall effect had some extents. There
are two inherent problems of a classical technique which have not been addressed in
the literature:

- All the methods reported in the literature, require multiple EM analysis of the
structure. Even though using more intelligent update techniques reduces the
number of simulations per design, but time overhead of EM analysisis still an
obstacle which keeps the design time in the order of hours.

- Both convergence and the duration of these methods highly depend on the
choice of initial point in parameter space.

The following chapters addresses some solutions for the two above mentioned issues.
One possible solution to avoid multiple simulations is to create a parameterized model
of the device. Such a model can be derived with a single EM analysis of the device.
Consequent calculations of the objective function can be calculated using this
parameterized model which takes several times less than performing afull analysis. In
Chapter Il derivation of a geometrically parameterized model is presented. The
optimization procedure should be adopted to be used with this parameterized model.
One of the required modifications to deploy the parameterized model is mesh
parameterization. Mesh deformation and parameterization is normally studied in the

context of computer graphics and aso structural analysis (mechanical engineering).
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The issue of mesh parameterization in EM analysis is also investigated in chapter I1.
This will lead to fully incorporating the parameterized model into an optimization
procedure.

Genetic algorithm (GA) has long been in practice because of their being relatively
independent of initial point. This property is of specific interest when thereis no or a
little knowledge about the initial structure. The main drawback with GA is that the
method requires many evaluations of the objective function at each iteration. Thus the
method lacks speed. Particle swarm optimization (PSO) is a novel evolutionary
method that starts with a randomly generated initial population similar to GA, but the
evolution is faster. This method is described in chapter 111 followed by its application
to device design.

The common aspect of the described chapters is the attempt to grant more autonomy

and robustness to the conventional optimization algorithms.
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[1.1. Introduction

The classical approach for design of microwave circuits and devices was explained in

Chapter I. It can be concluded:

» The most time consuming part of a design loop is the Electromagnetic
analysis.

» Calculating gradients requires multiple computations of the objective
function.

» The mesh generated at each step is not usable in the next step. Even a slight
perturbation might end to atotally different mesh.

The update strategies should adaptively be changed. In order to obtain the system
responses within the frequency range of interest, it is a common practice to solve the
system equation directly at many frequencies. Subsequently, the results are
interpolated to form a continuous curve. However, with the increasing size of the
system, solving this system of equations at many discrete frequency points can be
very time consuming. Especially when the system possesses frequency range, it may
be necessary to solve hundreds of solutions to obtain the desired resolution in the
spectrum.

This chapter presents the efforts towards accelerating the optimization procedure
through parameterization results. The core idea behind parameterization is to obtain a
mathematical model of the response in a design problem, by only one calculation. To
achieve a fully parameterized model, final response (e.g. frequency response) and
intermediate functions (e.g. structure meshing) are tried to be expressed in terms of
polynomials, so that re-calculation of these functions with perturbed parameter space
will require much less resources.

But beyond saving sometime in aclassical design loop (as shown in Fig. 1 of Chapter
1), using a parameterized model enables us to redefine the design procedure in such a
way that the parameter updates will be carried through a shorter path.

Fig. I1.1 illustrates the modified design flow graph with parameterized model. The
parameterization has been done in different stages are, mesh parameterization,

frequency parameterization, geometrical parameterization.
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In practice some or all of these techniques may apply to a specific problem. The major
focus in this chapter has been on frequency domain electromagnetic field solvers but

the method can be applied to time domain techniques with slight modifications.

Initial Initial
Variables —> Structure

v

Computer
interface
Mesh Mesh
Generation > Parameterization

v

Electromagnetic
Field Anaysis

v

Geometry
Parameterization

v

Parameterized 1 .

Model
Variables P :
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Error
Minimized?

Design
Finalized!

Fig. 11.1. The design flowgraph using the parameterized model
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[1.2. Parameterization

Any design procedure consists of functionals to be optimized (objective function) and
design variables (parameters).

In the context of microwave engineering, the objective function is normally a function
of electromagnetic fields quantity, impedance, or related parameters such as S
parameters.

Design variables can be geometric variables like dimensions of a physical structure,
material properties, or a physical quantity such as frequency or amplitude of input
signal of a system or input electromagnetic fields of a two-port microwave network.

The numerical procedure in adesign problem can be symbolically written as,

F(p.V(9)=0 (- 1)

where @ is the parameter vector (dimensions, material properties, etc) and V(@) is an
arbitrary function representing a physical quantity (i.e. electric field, power, etc).
The goa of parameterization is to construct a continuous function V(@) that

approximates the discrete solution of V(g) in the whole parameter space. In practice

it is not possible to find an appropriate function which is valid in the whole parameter
space. The mathematical functions used for parameterization can only apply in a

limited region, thus to span the whole feasible region in an optimization one should
parameterize the function V(@) in several pointsin parameter space.

The mathematical functions used for parameterization vary depending on the behavior
of every function with respect to different parameters. For example in order to
parameterize the field quantity within a microwave device, the utilized parameterizing
function should be arational function to appropriately fit the poles and zeros.

In the following sections, the parameterization with respect to geometry and
frequency are discussed in detail. Consecutively, an optimization technique which
deploys this parameterized model is presented. Finally examples of the
parameterization will be demonstrated.
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[1.3. Literaturesurvey

A number of model reduction technigues have been successfully developed for
simulating transient responses in circuit analyses [2] finding poles to determine the
stability condition in feedback control process [4],and fast frequency-sweep
techniques for EM devices modeling [6]. Among them, the asymptotic waveform
evauation (AWE) method? was originally developed for timing analysis of high-
speed circuits. Through explicit moment matching, the AWE technique approximates
the transient response of a circuit by reducing the problem to a low-order model. The
poles of the reduced model are good approximations of the dominant poles of the
original system. However, one maor problem of the AWE technique is that it does
not provide an accurate approximation (even with many moments) when the
expansion point is very close to a pole (resonance of transfer function). More stable
model reduction approaches (using variants of Krylov subspace methods) are
proposed by Gallivan [4]. Furthermore, a Lanczos algorithm with an implicit restart
process is proposed in [6], which ensures the reduced model always produces a stable
approximation, and a rational Lanczos algorithm is presented in [7] which extracts
information from multiple points and, therefore, provides improvements in the rate of
convergence. These methods are usualy very efficient and numerically stable.
However, for Maxwell’s equations, particularly with losses presented by lossy
dispersive materials, as well as radiation boundary conditions, one has to extend the
required Krylov subspaces to general matrix polynomials. In contrast, the explicit
AWE can always be applied to realize a Padé approximation. The recently published
complex frequency hopping (CFH) technique [7] for EM application is an AWE-
based multipoint moment-matching method. It exploited a binary search scheme to
match all dominant poles in a systematic manner. This CFH algorithm has been
applied to the scalar finite-element formulation of a Helmholtz equation in two
dimensions. To the best of our knowledge, it has neither been applied to three-
dimensional (3-D) EM problems, nor used with vector finite-element formulations.
Moreover, the conventional AWE method chooses the expansion point on the rea
frequency axis. It is known that the convergence radius of a Taylor expansion is equal
to the distance from the expansion point to the nearest singularity (pole). By using
only the power series expansion for the transfer function, this typically results in a
very small convergence radius. One fact exploited by the AWE method is that the
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solution is analytic at the expansion point, and the partia realization, being a Padé
approximation, is able to approximate pole behaviors much better than the power
series. Nonetheless, when the expansion point is very close to a pole, the calculation
of the moments will become increasingly inaccurate. Consequently, the Padé
approximation will be polluted due to this inaccuracy of the moment computations, as
well as the ill-conditioned matrix that is used to compute the Padé coefficients. To
overcome this difficulty, various approaches such as the multipoint Padé
approximation, CFH scheme, and rational Lanczos agorithm are proposed in the
literature. They avoid extracting information from remote poles by catching multiple
poles at multiple points.
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I1.4. Frequency parameterization

[1.4.1. Formulation

The numerical technique ends up solving a matrix equation of the form of the
equation (11- 1). To be more specific, a dight change in the notation (11- 1) can be re-

written as,

AT, p)e(f, p) =B(f) (1-2)

where A(f,p) is a complex symmetric matrix, e(f,p) is a vector whose entries
represent the solution of unknown field, and B(f)is an excitation vector. Equation

(11- 1) istypically solved for the unknown vector at a set of discrete frequencies using
either a direct method or an iterative matrix solver. As functions of

frequency A(f, p),B(f) and ¢(f, p) can be assembled through the FEM or any other

numerical technique for each specified frequency. For an efficient spectral response

evaluation, we need to express A(f,p)andB(f) as explicit functions of frequency.

One straightforward way is to construct them through a polynomial interpolation, i.e.,

to expand and as

_ M _ Il-3
A(f;ﬁ)=;an(ﬁ)-fm (-9

o (II- 4)
B(f):qu.fq

where f =(f =1f,)/(fya — fun) is the normalized frequency, and f_is the central

frequency. This normalization maps the frequency band [fmm,fmax] onto

interval [-11], where f,, f,. are the lowest and highest frequencies of interest,

respectively. The orders of polynomialsin (I1- 3) and (I1- 4) should be determined by
the characteristics of the real problem.

If the underlying functions are nearly quadratic, so we choose. To minimize the
numerical error and obtain stable interpolation, Chebyshev nodes can be utilized as

the sampling points.
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11.4.2. Moment matching
LikeA(f,p)and B(f), solution e(f,p) is aso a function of frequency and is

approximated by

M _ -5
qf,ﬁ):;em(ﬁ)fm (-9

Substituting (II- 3)-(I1- 5) into (II- 2) and matching the coefficients with the

assumptionM = Q, we end up with the following system of linear equations,
2(P)&(P) =hy (11-6)
3(P)&,(P) +a(P)&(P) =h
3(P)&,(P) +a,(P)&(P) +,(P)-&(P) =b,
3 (P)£o(P) +2,(P) &54(P) +a,(P) &(P)-- =hy
8, (P)€4.1(P) +8,(P) &, (P) +8,(P) €54(P) +... =0

3 (P)ey (P) +a,(P)ey(P) +a,(p)ey—.(P) =0

Subsequently, the power series coefficients of the solution, or the moments, can be

obtained recursively by
&(P) = (P) @ -7
e.(P) =a,"(P)-Fh —a (P& (PF (b)

In modeling passive microwave components, we are usually most interested in the S-
parameters. The actual parameter calculated using a numerical method such as Finite
Elements Method is the field quantity. Thus the parameterization should be done over
the field quantities,
_ Mo - 8
E(f,p=Ye,f" (11-8)

The number of moments is adaptively determined by the convergence behavior of the
expansion, and ultimately depends on the complexity of the system of equation.
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11.4.3. Padéapproximation

It is known that the power series of (11- 5) or (lI- 8) aways has, unfortunately, afinite
radius of convergence in the presence of poles. The Padé approximation is able to
approximate the function beyond the convergent region of its power series.
After obtaining (I1- 8), we will force it to agree with a Padé approximate of the
electric fields. The idea of Padé approximation is to replace the polynomial with a
rational polynomial, which is good at catching poles. The processis letting

R ~ I1-9

T L0l (-9
o(f. )=y e, (p)fm =T
1y s ()"

where T + R = M. A different combination of T and R will produce the Padé table.
This Padé approximation is a partia realization of the original system. The details of

computing the Padé coefficients can be found in [5].

11.4.4. Calculating Padé approximants

There are two methods to calculate the coefficients of the Padé approximant of

electric fields which will be discussed in this section. The procedure is explained for

eectric fields, but it can be similarly used for any other parameters in frequency

domain.

Consider the Taylor series of the electric fields,
1P, =Y (P, (110" (110

Provided that S;(f, p)isanalyticat f = f;. The coefficients can be written as,

m - 11
NG (-1
_ of " o
e.(P),., = , ° B(f)
° m!
The first coefficient can be easily found as,
& ()], =A™ (f,, P)-B(fo) (I1- 12)

It can be shown that the rest of coefficients are calculated recursively as,

Optimization using Parameterized EM-Models



Chapter I1 105

9 (- 13)

ena(f =10, P) =-A"(f,, D). =
k=1

Now back to equation (lI- 9), there are two methods to find the coefficients of the
Padé approximation provided the Taylor coefficients are available. The first method
uses a set of linear equations to obtain coefficients directly. The second method

calculates the Padé approximation recursively.

11.4.5. Computing Padé approximants using point matching
technique

Equation (I1- 9) can be expanded as,
M i em . e . P (- 14)
Zlem(p)f =&(p)+e(p) " +e,(p)f~ +... +e, (P) f
_a@+a@f +ap)f?+..+a, (@) f"
1+b(p) f +b,(P) f* +... +b (P) F"

Multiplying the denominator polynomial with right hand sidein (I1- 14) and equating
the coefficients of the identical powers of f gives,
&(P) =a,(P) (I1- 15)
& (P) +&(P)b(P) =a(p)
&,(P) +&.(P)B(P) +€,(P)b,(P) =a,(P)-

ey (P) +ey4(P)bi(p) +... +&(P).b, (P) =a, (P)

€1 (P) t ey (P)(P) +... +&(P).by .. (P) =0

€. (P) + €.y 4(P)B(P) +... +€,(P).0s. (P) =0
Solving these eguations would give the coefficients a and b of the Padé approximant.
To Solve these eguations one has to start with the last P+N-M equations (which are
homogenous) and then solve the rest of M equations. Note that M, N and P are

number of summation termsin (11- 14).
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11.4.6. Recursive calculation of Padé approximants

Alternatively, the coefficients of the rational function can be found by means of a
recursive computation scheme starting from a polynomia which interpolates the
given data set.

This method corresponds to the computation of a cross-diagonal sequence in Padé
table [18].

11.4.7. Selection of frequency points

Selection of frequency points is very important both for computational efficiency and
accuracy. One possible approach in this regard is to use the ideal characteristic to find
the critical points and calculate these points for matching the coefficients. These
critical points can be for instance the poles and zeros of ideal characteristics. In order
to calculate the approximation with a minimum number of points sufficient enough to
approximate the frequency characteristic. The procedure starts with one point
expansion at two ends of frequency range of interest, namely f_, , f ... The poles are
calculated distinctly at these points, if there exists a common pole, and then the
calculation will be terminated. Otherwise a different point is chosen in the half way
between the two poles computed in the last two stages and the above mentioned
criteria will be examined until the poles calculated between every two frequency
points are the same. This “binary” search helps to minimize the number of frequency

points to be calculated in order to obtain an accurate Padé approximant.

11.4.8. Cauchy method

Cauchy method is an alternative way of approximating a function (that has poles)
with arational function. Although the resulting rational form is very similar to Padé,
the derivation method is very different. Here Cauchy method is brought as a matter of
compl eteness.

Thefield quantities can be described in the following form,

RO (I1- 16)
ﬁ y A a(pf
«(f.p=>%e(Pf"="——
" 1+Zh(r>)f‘

It is essentia that the function is calculated in T+R+1 points. This way up, a set of

linear equations are formed (similar to Padé approximation).
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An dternative algorithm is suggested by Stoer and Burlisch [19]. This method
performs the interpolation on tabulated data in a recursive procedure and thus does
not require matrix inversion which was essential when finding coefficients through
linear set of equations. Fig. 11.2 illustrates the Stoer and Burlisch method for recursive

computation of Cauchy approximants.

Let S, =e(f,,p) bethevaueat fi of the unique rational function of degree zero (i.e.,
a constant) passing through the point (f,,e(f,,P)). Now let S, be the rational
polynomial of degree one passing through both (f.e(f.,P)) and (f,e(f,P)).
Similarly, for higher order polynomias up to S,,; ., Which is the value of the

unique interpolating polynomial through all k points, i.e., the desired answer. The
various S’sform atableau with ancestors on the left leading to a single descendant at

the extreme right. An exampleis shown in Fig. 11.2.

f

. P S(f) =5,
\ S12 \
f2 ’ S(fz):SZ < S123
Sas < ) S
/

fy o S(f;)=5; <
Sy

f, » S(f,)=S, /V
Fig. 11.2. Recursive Cauchy method

The Burlisch-Stoer algorithm is a recurrent way of filling in the numbers in the
tableau one column at atime. It is based on the relationship between a child and its
parents [21] by

S =S S(k+1) (k+q) ~Se_kran (1-17)
k(k+1)..(k+q) — (k+1)...(k+q) _s 0
k+l) (k+q) K...(k+q-1)
k+q % S(k+1) (k+q) (k+l)...(k+q—l)ﬁ

It produces the so-called diagonal rational function, with the degree of the numerator
and denominator equal (if is odd) or with the degree of the denominator larger by one
(if iseven).
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11.4.9. Multidimensional Cauchy method

The rationa-function interpolation can be extended to the interpolation of
multidimensional functions. Two new approaches are shown here: a multidimensional
recursive Cauchy method and a multidimensional rational-function expansion.

The recursive method solves the multidimensional interpolation using a recursive
algorithm. The algorithm itself performs a 1-D Cauchy interpolation as described
before. Let the set & be put together by the pairs of « sampling points f, to f, and

their function values (f,,e(f,, p))to (f,.e(f,,P)). Thus, & can be written as

6 ={(f.e(f,1).(f,.&(f,., 0).... (f..&(f,. D)} (I1- 18)

The algorithm can be defined as a function G, which yields the interpolated response

A for using the samples

6(1.8)={r{(fe(tu ). (et D) (foelf, D} ) - AH (1719

Using these definitions, the algorithm can now be extended to multidimensional
interpolation. For this purpose, the set of sample points must be extended from the 1-

D sample point set to a multidimensional sample-point array.

11.4.10. Application to microwave device design

As mentioned before, using frequency parameterization through Padé approximations,
will considerably accelerate the design cost. Lately, a frequency parameterization
package which works as an add-on module to EMXD electromagnetic field solver
package is developed by CADOE company. EMXD is a software package originally
developed by IRCOM laboratory which uses Finite Elements Method (FEM) as its
computational core. The developed FEM-based frequency parameterization technique
is applied to the design of several devices such as the one reported in [83]. The project
was conducted in the framework of a scientific collaboration between IRCOM,
CADOE and CNES (French Space Agency- Centre Nationa d’ Etudes Spatiales).
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1.5, Geometry parameterization

In the previous sections of this chapter parameterization of microwave device
characteristic using a rational approximant was explained. Through a frequency
parameterization, one can get the device frequency characteristics in a shorter time
and this way the design lead time is shortened. But the nature of the obtained results
has nothing more than if one had to pursue a classical optimization. Thus the
optimization process using a frequency parameterized model does not have any
fundamental difference with the classical optimization procedure.

This section presents geometrical parameterization of microwave devices. In order to
reduce the optimization time, sole frequency parameterization does not drastically
help. The objective function is usualy a function of frequency and an N-dimensional
geometrical parameter vector and parameterizing the objective function with respect
to N-dimensional parameter vector will accelerate the optimization process more
efficiently than sole parameterization with respect to frequency. Among the few
works reported in this context, the work done by Gati et al is more prominent and at
the same time relevant to the present study [20].

The geometrically parameterized model outcomes curves which represent the phase
and amplitude of electromagnetic fields versus a given range of geometry variations at
a given frequency. Normally a parameterized model is valid within a domain inside
the whole parameter space. Once a parameterized model is generated, it can be used
in different iterations until the updated parameter exits the parameterization validity
domain. Through such a practice multiple computations can be avoided. The
difference between the form of the outcomes of a geometrically parameterized model
and a classical numerical model leads to need for a fundamental difference in
optimization procedure.

Mathematically, parameterizing a device characteristic with respect to geometrical
parameters has a radical difference with frequency parameterization. Here, we do not
expect to have poles and zeros when depicting the variations of field quantities with
respect to geometrical variation. Thus, the resulting function will be a smooth
function and a function different from a rational function, as was used for frequency

parameterization.
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[1.5.1. Mathematical formulation

Consider the response as,
e=¢e(f,p) (11- 20)

Whereas e is the response (Electric Field in our application), resulting from
simulations, f is the real frequency and Py, =[P, P, Ps--py]  is an N-dimensional
parameter vector. e can be derived through alinear or nonlinear equation,

A(f,p)e(f,p)=B(f,p) (1-21)

Usually the objective function in frequency domain is expressed in terms of S
parameters, so eventually any field quantity should be converted to S-parameters as
the intermediate parameter between the objective function and the field quantities,

S =S, (e(f,p))=S,(f.p). i,j=12.,J (1- 22)

whereas J isthe number of device ports.

A step-by-step procedure will be followed to explain the derivation of a fully
parameterized model. At the very first step the parameterization with respect to a
single parameter at a fixed frequency will be developed. Such a technique can then be
extended to a parameter vector if arbitrary dimension. Finally, the obtained model will

be parameterized with respect to frequency.
Assuming that only one parameter p, varies at any time in a given frequency, the

parameter vector can be mentioned as,

Pua =[Py PPy Py] (11- 23)

Then electric field is afunction of frequency and dimensions of the structure,

e=¢e(f;p,), i,j=12..J (11- 24)

while the only varying parameter is p,. For a variation Ap, of the parameter p,the

solution of the equation

A(f,p,+4p,)e(f, p, +0p,) =B(f, p, +p,) (II-25)

can be determined using the Taylor Series,
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ae(f R) 19%(f;p,) (I1- 26)

AP TR

1 0"(f;p)
M-1! o'

e(f1r)fix; pv+Apv) e(f pv)+ (Ap)

(8p)" T+ R,

where R, is the remainder of the series and tends to zero when M tends to infinity for

any convergent series.
The equation (I1- 26) can lead to a parameterized model with respect to the parameter

p,. In fact, with one calculation of the S and its derivatives in any point in the

parameter space, the values of € around that point can be calculated using this
parameterized model.

11.5.2.  Domain of validity

The parametric expression is (II- 26) can not be used in the whole parameter span.
The domain of validity can be defined as,

:{I0| Pymin S P = pvmax’hlﬂimo(RM(p)):(} (- 27)
where,
_ 1 9"(f;p) hoym (II- 28)
Ru (p) = MIT(Ap)

11.5.3. Calculation of the higher order derivatives

At a first glance deriving the parameterized model seems to be as complicated as
doing multiple computations through different iterations of optimization procedure.
This is not true because of the fact that the derivatives of the function S can be
computed iteratively.
Thefirst derivatives of (11- 25) can be taken as,

AT, p)e?(f,p)+AY(f, p)e(f,p) =B (f, D) (@ (Il-29)
or

AT, p)e?(f,p)=BY(f, p)-A”(f, p)e(f, ) (b)
Here the superscripts in the parentheses show the order of the derivatives. Taking the
second derivative of (11- 29) would thusyield,

AT, p)e?(f, p)+ AY(f, )" (f,p) = @ (11- 30)

B (f,p)-AY(f, pe(f,p)-AY(f,p)e”(f,P)
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A(T,p)€e?(f,p)=
B (f,p)-AY(f,p)e(f, p)-2A(f, p)e” (f,P)

And for the Mth derivative we would have,

(b)

m . . - 31

A(f,p)e™(f, p)=B™(f,P) —ZC{”A‘”(f PV (F,p) (130
£

Equation (I1- 31) can now be used to calculate m'th derivative through successive

iterations.

Severa techniques have been reported for automatic computation of the derivatives.

The reader is encouraged to view to [22]-[37].

11.5.4. Parameterization with respect to two or more
geometrical parameters

The parameterization concept can be extended for two or more geometric parameters.
To this end the field quantity should be expressed using a multi-dimensional Taylor

Series. As an example, to parameterize the function e with respect to two parameters

p,and p,,

Prot =[Pree-Pyere Py Py (I1- 32)

With the unchanged parameter vector defined as,
T (11- 33)
(

N=1)d

r)fiX(N—l)xl = [ PreePBya Pusg - Pua Pu-s pN]

And thus the argument of e is redefined,
e=e(f;p,, p,), i,j=12..,J (11- 34)

Now ecan be expanded with the two dimensional Taylor series,

oe(fip,, p)
op,

v

11-35)

e(f;pv+Apv’pu+Apu) :e(f;pvlpu)+ 'Mv-‘-

%e(1ip,.p)
ap, ’
1 [o%e(f; p,. p,) 2, ,0%(f;p,.p,) o’e(f; p,. p,) 0
+7 vV u . A +2 V u . + \% u . +...

or in short form,
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e(f;p, +4p,, p, +24p,) =e(f;p,, p,) + (I1- 36)
M-1 m m .

i a e(.': ' pv'_ipu) Ap\I,ApL:n_I + RM
S4Gm dp,op,
This formulation can be extended to all N dimensions of the parameter space. In

practice the cross term errors appear as an obstacle for arbitrarily increasing
parameterization dimensionality.

The technique is applied to Finite Elements Method by CADOE. To this end, the
FEM technique developed by IRCOM laboratory is used as the field solver. The
project was sponsored by CNES (Centre National d' Etudes Spatiales).

Optimization using Parameterized EM-Models



Chapter I1 114

[1.6. Mesh parameterization

Every time the structure dimensions are updated, the conventional optimization loop
requires regenerating meshes. The meshes are generated through pseudo random
methods. Any given structure can be discretized into a mesh grid in infinite different
combinations through any given method. This affects the efficiency of optimization in
different ways, namely it causes discontinuous gradients and after all it is a time-
consuming procedure. Fig. 11.3 shows the flowchart of the gradient computation
through finite differencing.

The gradients of the objective function with respect to geometric parameters are
normally obtained through finite differencing of the value of objective function for
dlightly perturbed geometry and its initial geometry. A totally brand new mesh should
be generated for a dlightly perturbed geometry. This “new” mesh is different both in
number of nodes and their relation. On the other hand, the accuracy of any numerical
method relies on the quality of the discretization. However, the quality of generated
meshes varies each time, resulting some changes in the result accuracy. This altered
accuracy is not considerable, of course, but can mask the changes due to dlight
perturbation. In other words gradients obtained through finite differencing of

regenerated meshes are inaccurate.

 Mesh M=M@G)
initialization

|

EM | _____ - —
Analysis F=1M)=TM(©S)

|

Geometry -
Perturbation [~~~ G-G=G+dG

|

Mesh
Regeneration

|

EM F
Analysis

Finite
Differencing

Initiadl Geometry
Initial mesh
Perturbed Geometry
Perturbed mesh
Field Quantity

Field Quantity for the perturbed geometry
f Gradient Vector

O+~ »Z 20

Fig. 11.3. Calculating gradient through finite differencing
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An appropriate solution would be to express mesh nodes as a function of structure
geometry. Such afunction should be smooth so that first and second order derivatives
exist.

Once a mesh is generated, automatically or manually, the location of nodes can be
parameterized with respect to geometry borders. Then the same mesh can be
deformed to accommodate any perturbed geometry.

Another advantage of mesh parameterization is the time efficiency. The time
consumed for mesh generation is usually a considerable portion of calculation through
Finite-Elements methods or any numerical technique. By parameterizing meshes the
mesh generation time reduced to the time required for evaluation of an algebraic
expression.

Some promising works have been done and reported in the fluid mechanics discipline.
But no effort has been reported in electromagnetic domain to extent of authors
knowledge. The following section explains some conventional methods used for mesh

deformation.

11.6.1. Mesh deformation techniques[38]

Most of the already developed methods for mesh deformation are based on real world
physical approaches such a network of springs, linear solid elastic body and so on.
Actually there exists simpler techniques but these trivial techniques are just applicable
to structured grid, while generating structures meshes for complex geometric domains
israther atedious task.

Here the methods are described for two-dimensional case, where they can be easily
extended to the three-dimensional case without loss of generality.

Referring to Fig. 11.4 let’s name the original geometry in two dimensions D, and the
deformed geometry D’. Our aim would be to find the proper displacement vector
which maps the mesh on D to a valid mesh on D’. Let also the point a(x,y) on D be
mapped to the point &' (X',y’) on D’. As a result we will have the point deformation

updates via the equation,

!

X0 | (n-37)
oY

oo

ket

[
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Fig. 11.4. Thetypical geometry used for mesh deformation

11.6.1.1 Spring analogy approach
In this approach the mesh is modeled as a network of springs. When a cell edge is
displaced, a force is induced in the spring assigned to this edge. The strain energy
contained in the spring system is given by a sum over the set of edges,

H = ;kpq gup ~U )2 +(Vp _VQ)ZE p,q UD(K) (11-38)

where k. is the spring stiffnessand k, =1.7". | ,, is assumed to be the length of the

edge connecting node i and j and m is set to be one for small and simple networks
[41]. For large deformation m should be set to larger values to avoid nodes being
crossed cell edges. In (11- 38) E is the set of edges and D(k) is the set of points
defining the edge k. Obtaining the gradient of energy function is extremely crucia for
an efficient solution,

oH _ B (I1- 39)
a_\Ni_J%i)k”(\Nl W) By

where V is the set containing all the vertices and N(i) is the set of immediate
neighbors of the vertex i. For minimization of H a preconditioned conjugate gradient
technique, provided by MATLAB™ optimization toolbox was utilized.

As mentioned earlier, the main disadvantage of this method appears when the border
deformations or displacements are of greater value than the actual size of the origina

geometry. In other words as it really happens to the real-world case of a spring grid,
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when a border is too radically stretched, it could cause a relocation of other borders
whom are supposed to hold their original position after all transformations. To treat
this problem, as mentioned in [42] one can increase the spring stiffness to solidify the
grid to prohibit far grids movements. However this issue should be taken into account
for a class of problems when on dimension of the structure is drastically larger than
the other, e.g. when meshing the substrate thickness of a planar structure with
relatively big plate areas and very thin substrate.

The very important feature of the approach is its comprehensibility through a clear
physical interpretation, which in turn, leads to simpler and error-free numerical
manipulation. A sample of the mesh modified through spring analogy is shown in Fig.
[1.5. Therigidity factor mis set to unity in this example.

== [leformed kech

— Deformed Polygon
Qnginal Mesh
Qiriginal Payvgon

]

X

Fig. 11.5. Anexample of amesh deformed through spring analogy, origina
(grey) and deformed (black) meshes
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11.6.1.2 Harmonic equations

Harmonic equations are a classical approach used to deform an already generated
mesh with deformed borders. A non-coupled system of Laplacian equations,

0% 0 (a) (11- 40)

0% 0 (b)
can be considered as the governing equation for deformation of a grid. The idea
comes from a conventional technique of using partial differential equations (PDE’S)
for generating a grid inside a structure [43].Since the Laplacian is a linear operator,
the original and renewed meshes and their difference, the vector (u,v) should comply
with this equation. Regardless of the technique used to generate the primary grid, one
can expect that this idea will accommodate the mesh deformation. The main
disadvantage of the Laplace equation or its variants is the lack of any coupling
between different components of the displacement. If the borders move in a direction
paralel to only one direction, say X, the coordinate of mesh points in y direction
remain unchanged [44].
Another variation of this method is reported in [45]. The pair of biharmonic equations
has been used to finely model mesh deformations in a two dimensional space. The
method is capable of applying two different conditions at each geometry border which
gives arelative degree of liberty.

11.6.1.3 Solid body elasticity model

The solid body elasticity method for mesh deformation was first introduced in [46]
about two decades ago, and has been extensively used in aerodynamics. The
technigue models the grid as the particles of a linear elasticity solid body. In the
absence of any prescribed forces on the body the motion of the grid points comply

with the strain energy functional,

F=Y A“'lj f dxdy (11- 41)
! A
where
62u Ll @) 9% (II-42)
dy o0x
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[1.6.2. Deformation measure

Defining a measure for quantifying the overall relocation of vertices or the
accumulative effect of changes in angles of the mesh could be a proper measure to
learn about the grid deformations. A very successful measure, introduced by Baker
[44] is used here to quantify the grid deformation. Specifically speaking in two

dimensions, with triangular elements an edge matrix T, can be defined as,

T, = (-D)" (W, ~W,, W,,, ~W,) (Il- 43)

1 P n+2 n

where W, =(x,,Y,)" ae the associate positions of vertices associated with very

triangle. A smple mathematical manipulation would show that T is a two times the

area of atriangle formed by w_,w_,.,w .. Accordingly, the edge matrix, associated

n?! "n+l? "Th+2 "

to the deformed mesh is defined in asimilar manner, let this matrix be named T. . The
deformation matrix, B, is defined in such a way that it links the original and

deformed matices,
T =BT (11- 44)

n n*'n

As proven in [44] the matrix B, does not depend on the choice of the vertices and
could be calculated without any ambiguity. B, can be decomposed as B =PU where

P is a positive definite matrix and U is an identity matrix. The elements of P
correspond to the modes of distortion. An eigenvalue bigger than unity corresponds to
stretching along with the eigenvector and similarly eigenvalues less than unity
represent compression. The eigenvalues of the matrix P are singular values of the
matrix B and can be easily found by using Matlab software. For the case of pure
rotation minimum and maximum singular values of B are both equal to unity and for
the case of uniform linear scaling by afactor of k both eigenvalues will be equal to the
scaling factor.

The difference between edge angles can provide another basis or quantifying the grid
deformation,

M=Y (88) (1-49)

Here AB represents the difference between the angles of the deformed and initial

grids both corresponding to the i’ th node.
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11.6.3. Mesh parameterization

11.6.3.1 Mesh parameterization barycentric coordinates

All of the methods introduced so far have been relying on a sort of analogy to
physical problems. This approach, athough very easy to implement, but has
shortcomings which have been addressed when explaining methods. Thus the search
has been directed towards finding a pure mathematic scheme which can accommodate
the need for a parameterization technique.

Barycentric coordinates, known for centuries, have been used by the computer
engineers at early ages for interpolation purposes, ray tracing, and surface smoothing.
Because of their linear accuracy, barycentric coordinates can also be found in Finite-
Elements literature [47].

11.6.3.2 Barycentric coordinates

Barycentric coordinates are triplets of numbers (W, w,,W,) corresponding to masses
placed at the vertices of a reference triangle 29,9,0, (see Fig. 11.6). These masses

then determine a point P, which is the geometric centroid of the three masses, and is

identified with coordinates (w,,w,,w,). The vertices of the triangle are given by

(1,0,0), (0,1,0), and (0,0,1). Barycentric coordinates were discovered by Maobius in

1827.
A
/ n \
3 14 3 14 3

A

I~
A, 7

4+ 5
F
T
I
&,

Fig. 11.6. Barycentric coordinates - Classical definition

A

To find the barycentric coordinates for an arbitrary point a, find w,and w;from the
point Q at the intersection of the line g,a with the side g,9,, and then determine w,

as the mass at g, that will balance a mass w, +w, at Q, thus making P the centroid
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(Fig. 11.6). Furthermore, the areas of the triangles 2g,0.,a, 20,0;a, and ag,g.,a are
proportional to the barycentric coordinates w;, w,, and w; of a.
Barycentric coordinates are homogeneous, so

(W, Wy, W5) = (LW, LW, , LW;) (11- 46)

foru#0.

Barycentric coordinates which are normalized so that they become the actual areas of
the sub-triangles are called homogeneous barycentric coordinates, and barycentric
coordinates normalized as

W +w, +w, =1 (- 47)

so that the coordinates give the areas of the subtriangles normalized by the area of the
original triangle are called areal coordinates.
In barycentric coordinates, aline has alinear homogeneous equation. In particular, the

linejoining points (r,,r,,r;) and (s,s,,s,) hasequation

Lor,or (11- 48)
s s (=0
Vvl W2 W3

If the vertices a, of atriangle aaa,a, have barycentric coordinates(x,y:,z), then
the area of thetriangleis

X V. z (II- 49).
28, 3,8; = 1% Y, 24]a0,0,0;5
X5 Y 4

11.6.4. Mesh deformation using generalized barycentric

coordinates

11.6.4.1 Generalized barycentric coordinates

Barycentric coordinates has the potential of being used for mesh parameterization. It
basically provides a function that expresses any point inside a triangle so that if the

vertices of the triangle are displaced, that internal point will move accordingly.
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The only problem with using the barycentric coordinates is that these coordinates are
used only to parameterize a triangle and can not accommodate complicated
geometries of actual structures. Obviously the geometries of microwave devices are,
more complicated than to be represented by simple triangles. The origina form of the

barycentric coordinate which was explained earlier can not be extended to polygons.

[1.6.4.2 Notations

Due to wide variety of applications of grid parameterization techniques different
notations have been used for mesh generation, deformation and relevant topics. It
necessitates us to define a concise notation before we proceed developing
formulation.

Referring to Fig. 1.7, let 9,,9,,....0;,-.9, be N vertices of the polygon ' (with

N = 3) in two dimensiona Cartesian coordinates, where

(9,0 (11- 50)
g = 0
vill
As a matter of convenience we have picked x-y plane as our reference plane. Also let
the vector,
9=[9,, 949 Ger- O]’ (-51)
represents the vertices of the polygon. The edges are numbered as,
€ =0.70 (11- 52)

and obviously e, =9, -0, -
Now let a,a,,..,a;,.a, be a set of arbitrary points inside the polygon I". The

internal points are also referred to in a vector format,

— T - 53
a=Hya,..a,34a, . .a,H ( )

Each of these interna points forms a triangle with a couple of vertices. The triangle

formed between three points a, , g;and g;,, isnamed 7;:

aly =20,09,49, (11-54)
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This is a general trend for naming the internal triangles, for example the points a,,

gy and g, isnamed 7,,. The interna angles formed inside triangles are named as

follows,
Ha=0 ga,0.,, @ (I1- 55)
Oy=0 2,99, (0)
0670 99,3, ©

The original concept of barycentric coordinates was explained earlier. The aim of this

section is to extend the barycentric coordinate concept to a polygon.

0.
=i+l

Fig. 11.7. Description of the geometry used for generalized barycentric
coordinate and relevant notations.

To this end, the properties of generalized barycentric coordinates of

r . .
a=fya,.a,aa., . .a,d withrespectto g=[g,0,.-9.,0, g...-9y] isany setof
real coefficients w; = H;...w ELN .nsuch away that:

1- Theinterior points can be expressed as an affine combination of vertices as,

2 =iwugi (I1- 56)
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whereas
N _ (- 57)
ZV\/”.:], j=1..,M.
1=1
The equation (I1- 56) can also be written as,
N (11- 58)
W (9, _aj) =0
1=1
2- The combination much be convex, or,
w, >0, i=1..,N,j=1..M. (11- 59)

3- The elements of w; :B/vlj...wNjalN should be infinitely differentiable with

respect to a; and g;. This ensures smoothness in the variation of the coefficients

] when we move any vertex.

11.6.4.3 Literature survey

Severa researchers have attempted to generalize barycentric coordinates to arbitrary
n-gons. Due to the relevance of this extension in CAD, many authors have proposed
or used a generalization for regular n-sided polygons [55], [54], [56]. Their
expressions nicely extend the well-known formulato find barycentric coordinatesin a
triangle, Unfortunately, none of the proposed affine combinations leads to the desired
properties for irregular polygons. However, Loop and DeRose [55] note in their
conclusion that barycentric coordinates defined over arbitrary convex polygons would
open many extensions to their work.
Pinkall and Polthier [57][57], and later Eck et al [51], presented a conformal
parameterization for a triangulated surface by solving a system of linear equations
relating the positions of each point p to the positions of itsfirst ring of neighbors

> B (1) + o4, )G, -a,) =0 (169
where the angles are defined in Fig. 11.7. As Desbrun et al. showed in [50], this
formula expresses the gradient of area of the 1-ring with respect to p, therefore
smoothness is immediately satisfied. The only problem is that the weights can be
negative which means that the combinations can not be convex. This alters the second

property (convexity).
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Floater [52], [53] aso attempted to solve the problem of creating a parameterization
for a surface by solving linear equations. However, in 1975, Wachpress proposed a
construction of rational basis functions over polygons that leads to the appropriate

properties.

11.6.4.4 Computation of generalized barycentric coordinates

The same concept as in original barycentric coordinates can be used to derive the
extended version which is applicable to any convex irregular polygon.
Following the same procedure as original barycentric coordinates, in order to find the

coefficient w. , the weights of the polynomial can be defined as the area of the two

1j !

triangles which share the line segment between the vertex g, and internal point a, ,

w = Ne8.9.0.,) (I1- 61)
LATGL)AT)

Here W, isthe non-normalized weight. This can be later normalized as,

(II- 62)

In equation (I1- 61) A represents the area of the triangle. The denominator in (I1- 61)

provides a measure of proximity, in other words, the closer the internal point a is to
the vertex g, , the smaller becomes the denominator. On the other hand, the nominator
is ameasure of proximity of the vertex g, to its adjacent vertices g,_, and g;,,, aswell
astheangle [g;. The closer the point a; gets to the vertex g;, the larger becomes W; .
Once the point a; falsinsideag,_,g,9;,, , the W, becomes greater than unity. Equation

(11- 61) can now be extended as,

o sin(0g,) e e | (I1- 63)
" sin@) e o -a | e -siny)
sn(tg;)

o —a, | sin(@_,) sin(y)
Therefore, using trigonometric identities
sin(dg ¥ sin(@.#+ y) sin(g,)cos(y) cos( §,)sin( y) (11- 64)

would yield,

Optimization using Parameterized EM-Models



Chapter I1 126

tan™(6,) +tan™(y) (11- 65)

o -2

J

Using (I1- 65), the required information are only the vertex g, and angles

08_andy . . In amesh parameterization practice, such afeature is quite significant:
It gives the flexibility of parameterizing anode locally, with respect to one, or few
vertices, without a need for going through the whole structure. However, for star-
shaped polygons the coordinate in (11- 65) can be inconsistent, and, in fact, will be so
precisely when Og> 7.

[1.6.5. Mean value coordinates

The equation (I1- 65) solely depends on the angles seen from vertex. An alternative
formulation, often called mean value coordinates uses the harmonic mapping concepts
to derive the weights as follows,

tan(a,_,; /2) +tan(a, ; 1 2) (11- 66)

W, =
lov-ai]

The main feature of the equation is that it only depends on the angles seen from the
interior pointa, . These weights can be derived from an application of the mean value
theorem for harmonic functions, which suggests calling them mean value coordinates.
Not only are these coordinates positive, but we can bound them away from zero. The

lower and upper bounds of the coefficient W, can be found as,

tan(min{a,_,,a} /2)
max{[g, -,

tan(max{a,_,.a } /2) (I1- 67)

min{lg, -a;}

11.6.6. Threedimensional generalized barycentric coordinates

<V, <2

Mean value coordinates were introduced as away of expressing a point in the kernel

of an arbitrary polygon as a convex combination of the vertices. These coordinates
can be successfully used to compute good parameterizations for surfaces represented
as triangular meshes. Since these coordinates already have severa concrete
applications, it seems worthwhile generalizing these coordinates to three dimensions.
The notation used for the two dimensional case is extended to three dimensions. The

N vertices of polyhedron I are named g0,,0,,...,0;,-9, (With N=4) in three

dimensional Cartesian coordinates, where
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@,0 (I1- 68)
9 =i
H.H
A vertex g, issimpleif g, istheintersection of h half-spaces, i.e. k exactly containsh
indices. A polygone I is simple if every vertex of I' is smple. Note that convex
polygons are aways simple while only a subset of convex polyhedra are smple. For
example, tetrahedrons, cubes and triangular prisms are simple while square pyramids
and octahedrons are not. A complete definition of geometrical terms is presented in
Appendix C.
Referring to Fig. 11.7, assume that « is the set of al the facets (lines) in three (two)

dimensionsthat contains g .

The g, is simple if it is the intersection of h half-spaces, i.e. « exactly contains h
indices. A,’s are the normal vectors to the facets (edges) k. The matrix containing all
the normal vectors of the facets which form the polyhedron. Also let [/\K]hxh
correspond to the sub-matrix of A whose rows are the vectors A, where kO« . For a
given point a; strictly inside the polyhedron, as suggested in [70], one can write,

_|Det(A,)) (I1- 69)

h

DOM (&)

where d,(a;) is the distance between internal point a; and every facet (edge). In

W, (%)

particular, the determinant in the numerator corresponds to the volume (area) of the
parallelepiped spanned by the outward normal vectors A, associated with the facets
incident ong; . The discussion will be continued with a couple of examples on finding

the barycentric coordinates with the mentioned method.

11.6.7. Algorithmsimplementation

Following the same nomenclature as addressed above, the barycentric and mean value
coefficients can be derived through computing intermediate variables.
It will be tried to explain the algorithm in brief. The polygon sides are defined in

vector form as,

9=[0,-9 9:-9,-- In T9na 0, —9u] (11- 70)
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and also the matrix F as,

Egl_ai g, . . 0,7, B (”- 71)

%2_3’1 ) g, ay 0

F=0 B

0 O

I . . 0

%N_ai . - gN—aMB

Let matrix a be defined as,
a :w (11-72)
' ‘Fi,j‘ Fi+1,j

So the elements of a reflect the angles between rays connecting an interior point and

two consecutive vertices.

Theangles y; and 6, are computed with asimilar approach,

’ (9.7 (I1-73)
"R e gl

and
6 =n-y-q (I1- 74)

Now to compute the Barycentric and mean value coordinates will be straightforward
using (I1- 65) and (11- 66), respectively.
Consequently, having the coordinates of the (already generated) mesh nodes and

polygon vertex, a matrix describing the mesh edgesis formed as follows,

N meshnodes polygonvetrex 0 (| |- 75)
Ded ) 10 O
0 1 [l
T 00 o110 o
0 0 0
Uedge2 -
9ee 0
0 0
L= 0
0 0
0 0
0 O 0
redgem(] O
O O O
0 0
[l [l
| 8
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Where L isamatrix that specifies the mesh edges. Every couple of consecutive rows
show two ends of an edge. Thus the coordinates of the endpoints of the edges can be
derived as,

K =L.[aig] (11- 76)

The matrix L isthe only components which is constant during the procedure. While
deforming a polygon and its internal mesh points, all the coordinates will change, but
the nodes and vertex forming mesh edges will remain unchanged. Thus after

deformation, by multiplying the deformed coordinatesto L would yield the new grid.
11.6.8. Mesh deformation examples

11.6.8.1 Scaling

The implemented algorithm for mesh deformation has been tried on few meshes. As
the first example, consider arectangle as shown in Fig. 11.8. A very plain meshis
demonstrated as a matter of simplicity of the demonstration.

Therectangle g with the vertices at the point (0,0), (2,0), (2,1) and (0,1) is

represented in matrix form as,

S
NS
[ fmy ]

The rectangle is segmented with a simple mesh with three nodes represented by a,

1.7000 0.20000]
a= El.oooo 0.6000 E
F0.5000 0.4000
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Fig. 11.8. Example demonstration of the implementation of mean value

coordinate.

Now the rectangle is scaled in it both dimensionsto yield,

M 0O
iy
D 3

The goal isto find the coordinates of the new mesh nodes named a’ .

Using the same notations as in the section Il. 6.4. the internal angles will be as

follows,
139.6001  118.0725  126.4088]
~ %03.1340 527652  36.7328 g,
[85.3549  136.3972  108.00420
319110 527652  88.8542 [
[6.7008 30.9638  38.65980
_[563099 590362 7506867,
" [69.4440 218014  21.80140
47989 681986  39.80567
and
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(336901  30.9638  14.9314(
_ 905560 681986  68.19861:
252011 218014 5019440
832002 500362 5134021

angles are al in degrees.
The normalized Mean value coordinates are computed as,

[0.1098 0.6902 0.1598 0.0402]
w= %).2000 0.2000 0.3000 0.30008'
FD.4538 0.1462 0.1038 0.2962

Now using the matrix w, the deformed mesh nodes can be computed,

[(8.4000 0.60000

a =[2.0000 1.8000

(.0000 1.2000H

a isthe coordinates of the mesh nodes belonging to the scaled geometry.

11.6.8.2 Moving vertices inward and outward

As a second mesh parameterization example consider the original geometry I, and
deformed geometries (I",,I;) are shown in Fig. 11.9 for this example the mesh

morphing for inward and outward movements of the vertices are to be examined.

Intentionally the geometry is not convex.

7L | — Inifa Geometry B _
= Maouwng one verexirmmrd -
— rmoung b wertices oubward = - JII
__,_o—"’
1 -
£s 185 |
Sl :J ‘|| |
| i
41 : III |
= gg g? F I:’.- Fl I||
1 o e i
rr "'\-\.\_H
a g-’-l e
2- ERTE e R gg_
1- -
o 31 gz_
u] 1 2 = 4 L L .

=

Fig. 11.9. Example: the original and deformed geometries.
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The polygon I, isrepresented in matrix form as,

0o 0O
40000 0 [
(55000 0 O

0000 0 .

H 0 3.0000%

The rectangle is segmented with a simple mesh with three nodes represented by a, ,

The mesh is parameterized through mean value coordinates as

The polygon I, is deformed by moving one vertex (g, ) inward as shown here,

0o 0 O
#0000 0 g
55000 0 O
40000 0 o

_7.0000 20000 O
% =158000 1.70007
gs.oooo 6.0000 E
[B.0000 6.0000 [
130000 30000

0
5 0 30000 f

matrix a, now is calculated as,

[2.0024 1.1329]
. :%.9373 0.4843-
> 56759 1.14620
%4.2470 4.71115

Fig. 11.10 shows the deformed geometry I, with one inward moved vertex g,. The

whole grid, even those points which are affected by deformation. When moving the
points towards the interior of polygon, there is always arisk for having some nodes of

Optimization using Parameterized EM-Models



Chapter I1 133

the deformed geometry moved out of the geometry borders. One approach to avoid
such a scenario isto split a polygon to a number of convex shapes.

Now the original polygon [, is deformed by moving two vertices (g,andg;)
outward,

0o 0 O
40000 0 f
(5000 0 O
70000 0

_Gr0000 20000 ©

%= %5000 3.00000
%.oooo 7.00005
[3.0000 6.0000 0O
130000 30000

H 0 30000 {

the new deformed mesh is calculated as follows,

(20962 1.21107]
. :%1.0400 0.5661-
° [6.0014 1.39940

5.0658 5.46320

]
-

Fig. 11.10. Moving one vertex inward (the original and deformed geometries)
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Fig. 11.11. Moving two vertices outward (the original and deformed geometries)
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[1.7. Design example— Optimization of a dual-mode cavity
filter

So far the different aspect of optimization of microwave structures have been studied
extensively. Despite the fact that the proposed techniques are well established in
mathematics, there are many detail which are specifically important in a microwave
engineering point of view. To further clarify this, the efforts to use the aready
discussed method for optimizing a relatively complicated microwave device is

presented in detail.

11.7.1. Description of the structure

Despite their being in use for many decades, microwave filters that manipulate the
Chebyshev filtering functions are of great interest. Their being highly selective, gives
an acceptable compromise between lowest signal degradation and highest
noise/interference rejection. In the applications where filters are used for channeling,
very high close-to-band rejections are required to prevent interference to or from
closely neighboring channels; at the same time, the incompatible requirements of in-
band group-delay and amplitude flatness and symmetry are demanded to minimize
signal degradation.

A 5th order filter is designed that provides a band-pass pseudo elliptic transfer
function, with 23dB return loss and 2 symmetrical transmission zeros at + 1.435. The
objective is a flat 37.5MHz pass-band centered at 12.35GHz. The structure is
described in Fig. 11.12. The filter works on its TE;13 dual-mode: 2 polarizations are
coupled in the two first cavities and only one polarization is coupled in the last one.

Theideal scattering parameters are presented in Fig. 11.13.

11.7.1.1 The design parameters

The twelve design variables as shown in Fig. 11.12 are:
— 5tuning screws, each to tune one resonant frequency,
— 2 coupling screws for the adjustment of coupling within dual mode cavities,
— 3 coupling irises, for coupling between adjacent cavities,

— 2 excitation irises, for input/output coupling.
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These parameters form a sophisticated parameter space which could assure having

embraced the desired filtering response.

-10

-20

dB(S11), dB(S21)

-30f

-40F

-50F

-60F

-70L

-
-
-
-
_————"_‘-
———

kg
s
4

12.3 12.31 12.32 12.33 12.34 12.35 12.36 12.37 12.38 12.39 12.4
frequency(GHz)

Fig. 11.13. Theideal transfer function

The initial dimensions are computed using an electromagnetic synthesis [83]. Each
distributed element is analyzed individually. The dimensions of the cavities may be
computed applying analytical formulas. The input/output iris dimensions are then
determined by analyzing a cavity coupled to the standard waveguide through a
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rectangular iris. Then, the coupling iris dimensions are determined by analyzing two
cavities coupled through a rectangular iris. The initial dimensions of the structure are
shownin Tables| and Il

Dimension Value (mm)
Height of cavity 1 42.2
Height of cavity 2 42.6
Height of cavity 3 42.2

Diameter of cavities 27
Width of 1/O irises 2

Width of coupling irises| 1
Thickness of irises 1.02

Tablel. Fix dimensions

Parameter Vaue (mm)
Length of input iris |9.25

Lengthof iris1-2 |7.25
Lengthof iris2-5 |54

Lengthof iris3-4 7.1

Length of output iris|9.25
Length of screw 1-1 | 2.15
Length of screw 2-2 | 2.15
Length of screw 3-3 | 2.15
Length of screw 4-4 | 2.60
Length of screw 5-5 | 1.50
Length of screw 2-3 | 0.75
Length of screw 4-5 | 1.25

Tablell. Initial design parameters

11.7.1.2 Geometrical parameterization

The structure was parameterized with respect to all the twelve geometrical parameters
mentioned. The details of the parameterization procedure developed by CADOE are
discussed beforein 11.5.

The resulting polynomial is used to calculate the electric field within the structure.
The parameterized model is expressed only in terms of one parameter at a single
frequency. Parameterizing both with respect to frequency [82] and geometry or
parameterizing with respect to more than one geometrical parameter at a time would

result in approximate cross terms that aggrandize the error values accumulatively. As
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a consequence, the electric field, the scattering parameters and all related functions
are defined as functions of only one parameter pm, m [/ [2, ..., M], a a single
frequency fs.

The parameterization has been done in 19 frequency points. The choice of appropriate
frequency pointsis very critical. With an intelligent choice of frequency point one can
skip calculating the objective function in for too many times which makes the
optimization more cost efficient.

Table Il shows the exact frequency points chosen for this optimization practice.

No Frequency (GH2) No Frequency (GH2z)
1 12.3170 11 12.3560
2 12.3230 12 12.3610
3 12.3240 13 12.3660
4 12.3280 14 12.3680
5 12.3300 15 12.3680
6 12.3321 16 12.3710
7 12.3340 17 12.3750
8 12.3381 18 12.3760
9 12.3430 19 12.3820

10 12.3500

Table Ill. The frequencies in which the electric fields are parameterized with respect

to geometrical parameters

11.7.2. Interpolating discrete frequency characteristic

The geometrical parameterization ends up with a set of resultsin the form of

S =s(f.p.) (II- 77)

where f is the vector including al the frequency points where the field is
parameterized versus frequency f ={ fl, fo fo}
P, is the parameter vector with the n'th element p, being varied in a range

By =[P Poeo[Pase-Pon 1 Py] - While other parameters are constant.
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Fig. 11.14 shows this parameterized vector versus the frequency. As can be seen at
each frequency point, the values of S-parameters are given while one parameter is
varying.

The calculated S-parameter in discrete frequency point is not appropriate for
calculating errors. The error calculated by connecting these points is too imprecise to
be a basis for integrating errors. Thisis further clarified in Fig. 11.14. Please note that
in order to calculate gradients, we will need to track the variations of S-parameter due
to fine variations. To this end, we will need to interpolate the S-parameter versus
frequency to be able to express it as a continuous function. Such an interpolating
function should be able to precisely comply with specific features of a frequency
characteristic such as poles and zeros.

Different interpolating functions have been used to interpolate the discrete

characteristic. The results are presented in this section.

el . :
+ *e s S21(dB)

* . + | & S11(dB) ||

S11(dB) and S521{dB)
E 3

dE i i i i i
fﬁ.:]'l 1232 1233 1234 1235 1238 1237 1238 1238 124
Fraquency|{GHZ)

Fig. 11.14. The explanation of S, = S(f, p,) .Connecting the discrete frequency

points to obtain a continuous characteristic of S-parameters does not

give precise results
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11.7.2.1 Curvefitting by least squares method

The method of least squares assumes that the best-fit curve of a given type is the
curve that has the minimal sum of the deviations squared (least square error) from a

given set of data.

The fitting curve S(f,p,) has the deviation (error) d from each frequency point, i.e.,

dl = S( fl’f)n) _é(fl’ﬁn) ) dz = S(fz’ﬁn) _é(fz’ﬁn) y de = S(fo ’ﬁn) _é( fo’ﬁn)'

According to the method of least squares, the best fitting curve has the property that:

NF Nf _ _ o2 (11-78)
d? +d? +d? +...+d :Z d? :z BB(f, P,) —S(f1, P
1=1 1=1
IS minimum.
To fit apolynomial of degree M such as,
S(f,, ) =a, +a f +..+a, f" (11-79)

to the data points that we have cal culated through parameterization, we would have to
substitute the equation (I1- 79) into (l1- 78) such that,
N . 2 (11- 80)
n= Z Ha, +af, +..+a, ") -S(f. )5
iIsminimal.
To obtain the least square error, the unknown coefficients a, to a,, must yield zero

first derivatives

%: 2Nf f"Hay +af, +..+a, t") -S(f, B)H =0 (I-81)
The unknown coefficients will thus be calculated through the linear system of
equations.
The results of fitting the curve through least squares is presented in Fig. 11.15.
Different degrees of polynomial have been tried ranging from 4 to 19 (the maximum
possible through least squares method). Noting that the time for calculating
coefficients increases almost linearly with the polynomia degree. In practice it was
seen that increasing the degree of polynomial more than 8 was not affecting the

results.
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Fig. 11.15. The interpolated results through the least squares method

11.7.2.2 Interpolation using Padé approximants

As mentioned earlier, rational functions are usualy used to comply the filtering
characteristics. The derivation of Padé approximant has been discussed in detail when
explaining frequency parameterization. Here, a dightly different scheme has been
utilized to fit Nf points of parameterized S-parameters with respect to frequency.
Assuming that the resultant interpolation function has the form,

e =y taf . ta,ff (II- 82)
S—S(f,pn)_ 1+blf +...+beQ

The equation (I1- 82) can be re-written as,
S =S(f.B,) =8 +af +.. +a,f" b, b,f2. 4, f° (11-83)
The resulting equation can be represented as in matrix form as,
s=[x].A (11-84)
where

S= ES(f, P) S(f,, P)---S(fi s E)ET

A= a.a,.3 bbb hH
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o f, f2 .. f° -S(f,p).f, -S(fupP).f2 . . -=S(f,p).f2
a f, f2 .. £ =S(f,p).f, -S(f,p).f7 . . -S(f, p).f2
O

X =0
[
S L e . . .
E— fo fl\?f fNF; _S(fo1|_3)-fo _S(fo:r))-frjf .o ‘S(fo,TJ)-ffﬁ?\

If Nf =P+Q the solution of (I1- 84)is simply calculated by inversion of X.
A=[X]".S ifNf=P+Q (Il- 85)

A=OX] [QHTA"S ifNF>P+Q

For the case Nf < P+Q, the system of equations will be under-determined and

solution will not be precise. The agorithm is implemented with MATLAB. The

interpolated function is shown in Fig. 11.16.

To have amore preciseresult it is essentia that complex values of S at sampling

points be utilized for interpolation. This significantly ameliorates accuracy.

Although the Padé approximant showed a better accuracy than the least squares, but

anyways it is still nowhere near an acceptable range to follow up the small

perturbation.

= Oiiginal Data
Pade Approximant

0.8

0.6

511 (dB)

0.4
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Fregquency (GHEZ]

Fig. 11.16. The S-parameter interpolated using Padé approximants
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11.7.2.3 Interpolation by splines

The goal of cubic spline interpolation is to get an interpolation formula that is smooth
in the first derivative, and continuous in the second derivative, both within an interval
and at its boundaries. Using spline interpolation, a set on Nf piecewise polynomials
can be computed. There is a polynomia for each interval, each with its own
coefficients,

S :S(fi’f’n):ai(f _fi)2 +ha1'(f _fi)3 +C|(f _fi) +di’ fi <f Sfi+1 (”_86)

Since there are Nf -1 intervals and four coefficients for each we require atotal of 4(Nf-
1) parameters to define the spline. In other words 4(Nf-1) independent conditions are
needed to compute al the coefficients. It is aready known that 2(Nf-1) of these

conditions come from matching the beginning and the end of each interval,

S =S(f,P,), Su=S(f...0,) (11- 87)

There are still 2(Nf-1) more conditions needed. Since we would like to make the
interpolation as smooth as possible, we require that the first and second derivatives

also be continuous,

dg| ds, (11- 88)
df |,_, df |._,
and
d2$| :d23+l
df 2 | df? |

The boundary conditions mentioned above will furnish 4Nf-2 condition. The
remaining two conditions should be provided through setting the second derivatives
zero at the start and the end of the whole domain,

d’S(f,,B,) _ (11- 89)
df 2

d*Sy (fur, Pn)

@z 0

These terminating conditions are called natural in the literature.
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Fig. 11.17. The discrete frequency characteristic is interpolated through splines

Now solving this set of linear equations will give a smooth curve as can bee seen, for
example, in Fig. 11.17. The curve is sdatisfactorily and follows the probable
characteristic of afiltering characteristic.

[1.7.3. Datastructure

The parameterization with respect to geometrical parameters is always done based on
a parametric model in a single frequency. This means that the outcome of
parameterization isin the form of

S(f, B) ={S(F., By P, Py Py = Poa- P (LR P Py By = PP S PR, B Py =P )} (11-90)
S(,. p,) ={S(f2, B P, Py Py = Py PuE (P P Py Py = Pz P S(F HL R, D5 B, = pn,Np---pNa}

(e B) ={ S L P2 o By = Pra P Sy PP, Py Py = PP, S PP P By = PP )}

The calculated data now should be re-grouped in such a way that similar parameter
sets of different frequencies form a new vector in the form of,
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S(f’ Pu) :{S(Hfl’ IR Y H’ 501 =P P Ps. Py ---pNa (”' 91)
S(f! P.,) :{S(Hflv fores e Hv B =Py PP P, ---pN@}

S(f, Bus) ={ S Torres e BB P2 Py Py Py = P

S(F, Bu) ={S(E,, o0 T BERL P, By Py = P}

The above data manipulation is depicted in Fig. 11.18.

e o e e

f"fi = P

.ff’f/f’* & A T >

Fig. 11.18. The S-parameters are computed for every frequency.

)

The interpolation which was explained in the previous section has been conducted
over one set of discrete frequency points, which means that the same procedure is
needed to be performed over different parameter values of each parameter. The data

structure for different parameter variationsis shownin Fig. 11.19.
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Fig. 11.19. The parameterized model should be computed for variations of every
parameter

11.7.4. Objective function

The objective function is defined using frequency characteristics of the S-parameters.
As mentioned before, the parameterized model operates at a single frequency.

Calculating the objective function in a complete frequency band would be

cumbersome. Instead, the TSvm(f ,ﬁ) function is defined as,

T..(f.P) =T.(f, P) (11- 92)
=T(f, Pm)
=T(S;(f5, Pu). S (1))
fs's are critical frequencies where the objective function has to be computed
accurately.
The frequencies could be poles and zeros of the ideal transmission and reflection

functions, obtained by a mathematical filter approximation such as Chebyshev,

Butterworth, etc. The choice of the functions Si%7and S2° should comply in
genera with the desired specifications. In other words one does not necessarily need
to approximate the specifications with a predefined mathematical function.

The resulting sampled frequency space is then interpolated to obtain afine model in
such away that,

e (I1-93)
Tm(p):([T(f,pm).df
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Herein the cubic spline functions have been used for interpolating the sampled S
parameters. The goal of cubic spline interpolation is to get an interpolation formula
that is smooth in the first derivative, and continuous in the second derivative, both
within an interval and at its boundaries. The only drawback with splinesis their being
piecewise approximations; i.e. there is a second order polynomial defined between
every two points. However, such a constraint would not affect the viability of splines
for the purpose of this work. A couple of other alternatives are polynomial
interpolation and rational functions. For the present case, a Legendre function was to
be insufficient, because it is incapable of chasing the zeros of the filtering function.
Padé approximations have also been examined. Although interpolating with Padé
approximant somehow met the accuracy for the present application, there appear
some spikes which eventually reduce the sensitivity of the error function to geometry
perturbations. Incorporating the phase value of S-parameters helps to diminish the
spikes to some extent.

As a by-product, the gradients of S-parameters could be obtained through the
parameterized model by a Finite Difference scheme. Using a chain derivativesrule, in
turn, the sensitivities of the objective function are attainable through a set of M
simulations.

The ideal pseudo-dliptic filtering characteristic was shown in Fig. 11.13 The primary
objective function is formed by summation of the differences between the ided

function and the actual one at each step,

T(ﬁ)i\&‘h(fs,ﬁ)- > (1., )
+g\sz(fs,ﬁ)- 2> (1., 9)

As recommended in [84] minimizing this objective function is converging very

(11- 94)

rapidly when zeros of the initial response Sj correspond to the ideal response. When

<ID>

there is alittle discrepancy between ST and S, due to sharp descents, the gradients

obtained will be inaccurate. This leads to the definition of a generalized objective
function which is independent of the idea transfer function poles and zeros, i.e. a
combination of rectangular functions which represents the idea reflection and
transmission specifications. The modified global objective function is represented as

follows,
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B o B Fr B (11- 95)
T(p)= GJ Tu(f,p).df +ﬁJ Tu(f,p)df
where the function Tij and its sub-functions are defined as,
T,(f,P) = Q)W (r, ().D,(f, ) (11- 96)

[ exp(x) x>0,0<n <1

with W(X) =
9 x<0

Dl if i = jin the passband

f(f) = B~ ori# jin thestopband

AN EH ifi # jin the passhand

H ori = jin the stopband

D, (f.P) =S, (f.p) -5 ()

Q(f) = O 1 Withintransitionbands
Ep Elsewhere
Y f—f|<BW/2
<ID> .I: - 1 | c
(1) %";tba“d |f-f|=BW/2

The S°”(f)isarectangular region in which the final result should fit. Such an ideal

response is utilizable as long as the initial response has a considerable overlap with
this rectangular region. What happens in a real design practice is somehow different.
Normally the detuning is quite considerable in such a way that the ideal and actual
pass-bands have no or a very small overlap. This would make gradients approximated
through finite differencing meaningless. As a possible way, the proposed ideal
response is dightly modified so that the gradient can be obtained when ideal and
actual functions have no overlap; i.e. when the filter is strongly detuned. As one
possible way, the proposed ideal response is slightly modified so that gradient can be
obtained when ideal and actual functions have no overlap; i.e. when the antenna is
strongly detuned. The modified ideal function can be expressed as,

%H_(l_aqomf—fc ;B\N/ng S f-BWI2 (- 97)
H 0
g |f —1|<BW/2

%ﬂ.(l—ap%ﬂ% f<f -BW/2
0 0

%MCD>(f):

oo

— qinband __ outband
R= al 1 .

with
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The modified ideal response is shown in Fig. 11.20. Using this ideal response, the
gradients are less precise or better to say less sensitive to variations of the dimensions.

This is because when integrating the error between the actual and ideal S, the area

under the ideal response is relatively larger and the error produced in this way is less
sensitive to variations of the dimensions. On the other hand, using a bigger { would
guarantee catching a more exaggerated detuning; i.e. when the initial working band is
very far from the desired characteristic.

It is important to remember here that the parameters Sij are computed only at critical

frequencies fs and the interpolated using splines. The errors are then calculated for the

interpolated S-parameters. @ and b are weights, applied to errors. All these sub-
functions are depicted in Fig. 11.21.
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Fig. 11.20. The modified ideal response and calculated weighted error, T; (f, P) .
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11.7.5. Gradient approximation

These derivatives are calculated through finite differencing of the slightly perturbed
parameterized objective function. A 2-D scheme of the finite differencing is shownin
Fig. 11.22.
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Fig. I1.22. Calculating gradients by finite differencing
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The central differenced approximation of the first and second derivatives of the

function T(p,, p,) can be calculated as follows,

aT(pl’pj)_T(pi-l'Api)_T(pi_Api) (”'98)
on 20p
0°T(p, p) _T(p +28p,p)+T(p ~200,p;) ~2T(p —249, p))
0°p (20p,)?

Thus for an N-dimensional parameter space, 2N computation of the (parameterized)
objective function is required to calculate the first derivative. This makes the
computation very ponderous with parameter spaces of high dimensionality. A
stochastic method can be used for an accelerated gradient approximation [85], [86].

A

To this end, the vector “« OR" is defined as a vector of N mutually independent

mean-zero random variables. It could be proven that in addition to specification of A,

s E\Aj <L(LOR)

ser which implicitly precludes normal or uniform distribution

<k>

of Ak. Now let define Yo as,
Yoy =T* (0% +c.A,) @ (99
V=T (p™ -0, ®)

whereas % isapositive scalar. Now, the gradient vector at iteration k could be
defined as,

<k> <k > <k > K > T ”'100
Of<e= o Yo o Yo Yo B ( )
g 2c Ay 2c Ay g

where 0T “indicates the gradient vector obtained through simultaneous
perturbations. The gradient approximation presented in (11-100) has the obvious
advantage over the classical gradient that instead of 2N computation of cost function,
it just needs two calculations of cost function per iteration. To obtain a better
accuracy, the gradient approximation in (11-100) is repeated M times where M<<N
and then a more accurate gradient can be derived as,

DT<k>: }KA%D i-|-<k>
1=1

(11-101)
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DiT<k>

while each of are obtained according to (II- 99) with a new randomly

generated 0T ™ vector.

Once the coefficients are obtained, the polynomial is formed around each point P

in the parameter space. There are different available algorithms for choosing the

initial point '_°<o>. As proposed in [72], the first few steps could be taken with an
evolutionary (pseudo-random) method. A robust method could be using the
parameterized model to have a coarse evaluation of the objective function over the
entire or amajor part of the parameter space. This parameterized model calculated in
nominal point for the unperturbed geometry is not sufficiently precise to be the basis
for optimization but it could approximately locate the global minimum.

11.7.5.1 The optimization algorithm
The gradient-based search is a well established strategy. Having calculated the

variations of the S-parameters with respect to each parameter the first and second
order derivatives are available. Here, a modified scheme is utilized which converges
quadratically with an improved stability.

An iterative scheme which converges quadratically is utilized to find the optimum

parameter set,
r)<k+1> :arg mln{T(p<k>)} (”-102)

w<k>
P™""is the base parameter vector at kth iteration. The optimum at each iteration is

<k>

pursued around the base vector. The function T(p™) is a quadratic function, as
follows,
ey M s as (11-103)
T (p)=ZZask PP,

M
+Z Ct<k> pt<k> +d <k >
=

The coefficients @ and ¢ are derived using the derivatives of the objective

function,
w _ 1 0T™(p) (11-104)

* 1+, 0pops” @)
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<k> 6T<k>(r)) U <k > <k >
Ct “ = <k> - (1+5u )aut 'pu
op" ; t (b)

and 9; isthe Kronecker Delta function.

ol
~

Let the vector of parameters at iteration k be , the error function could be

expressed as a polynomial, as shown in (11-103). Then, the vector of parameter values

at step k+1 are chosen in such away to mi nimizeT<k+1> (ﬁ)_ The quadratic polynomial

Is calculated using first, second and cross derivatives of the objective function.

[1.7.5.2 Discussion

Due to its quadratic behavior, the proposed search algorithm is definitely faster than
steepest descent, but on the other hand the risks for divergence are considerable. Let
the equation (11- 81) be represented in linear matrix format,

T<k>(ﬁ): ﬁ<k>T A<k> -ﬁ<k> + C<k>T -ﬁ<k> +d<k> (”_105)

The matrix A is the Hessian. If the bowl represented by the quadratic form is convex,
we can simply hop to its minimum:
Pok> = —AlC<k> (11-106)

Since matrix A is a symmetric matrix, the only challenging point for its convexity is
its being positive definite. Here we have used a scheme, originally inspired by
Levenberg and Marquardt as a solution to nonlinear equations and optimization
problems [88].

Let us assume that matrix A is weakly indefinite in such away that al its eigenvalues

represented here as * | i=[1,...,M] are positive and real except for one of them which
possesses a small negative value.

Now let matrix 5, be defined as,
Ak = gl + A (11-107)

whereas ¢k isasmall positive scalar and | is the identity matrix.
Now the sufficient condition for A to be positive definite isthat all its eigenvalues are
positive and real. Given that the only non-positive eigenvalue is small enough not to

dominate the positivity of the summation of eigenvalues, we can conclude
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N N (11-108)
Z ANew :Z 299 + Ne >0

The only remaining restriction would be to find the smallest value of ¢ in such away
that the product of the eigenvalues (det(A)) is positive. This leadsto an inequality,

e = el = nle) > o (1109

i=1
where hisanonlinear function. A linear approximation of (11-105) would yield:
det(A) (11-110)

E2——n
2. L1
=T k31k%i

This algorithm applies for a broader class of problems with less level of certainty. For
instance when there are more than one non-positive small eigenvalues subject to a

positive sum of eigenvalues for the general case, equation (11-106) does not hold true.

[1.7.5.3 Results

The results of optimization are presented in Fig. 11.23. The optimization converged in
four iterations. The final design parameters are given in Table IV. The chosen device
Isaclassical case, which has been the subject of several studies, and can serve as an
appropriate basis for comparison. The optimum dimensions and characteristics are

compared with theoretical and experimental resultsin [83], as depicted in Fig. 11.24.

Parameter Vaue (mm)
Length of input iris | 9.2350
Lengthof iris1-2 | 7.290
Lengthof iris2-5 | 5.5500
Lengthof iris3-4 | 7.2200
Length of output iris|9.2350
Length of screw 1-1 | 2.1525
Length of screw 2-2 | 2.1700
Length of screw 3-3 | 2.1950
Length of screw 4-4 | 2.5825
Length of screw 5-5 | 1.5165
Length of screw 2-3 | 0.7800
Length of screw 4-5 | 1.2500

Table 1V. Final design parameters
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[1.8. Conclusion

The parameterization of the electromagnetic behavior of microwave devices has been
presented in this chapter. Within the context of optimization, three different
parameters have been of premier interest, namely, frequency, geometry and mesh
parameterization. Frequency parameterization has been discussed in a fair detall
although it was not the main scope of this dissertation. Although using a frequency
parameterized model can accelerate the optimization procedure, but in fact such a
parameterized model does not affect the optimization procedure as a whole. In other
words the parameterized model (with respect to frequency) can easily replace the
classical EM model within an optimization cycle.

The main scope of the chapter has been to discuss geometrical parameterization of
microwave devices. Due to the nature of the variations of the device performance to
the changes in dimensions, a Taylor series featuring higher order derivatives has been
used to parameterize the EM response of the structure. Unlike the frequency
parameterization, the optimization procedure that uses geometrically parameterized
model is fundamentally different from the classical optimization scheme. Using the
geometrically parameterized model could create a shortcut in the cycle so that several
numerical analysis of the deviceis avoided.

Finally mesh parameterization of the microwave devices is discussed in the chapter.
Different possible techniques for describing a point in agrid in terms of the borders of
the structure are discussed. Generalized Barycentric coordinates and mean value
coordinates have been found to be the most viable approaches. The classical approach
for such a purpose is to depict an analogy between the grid and mechanical systems
such as a network of springs or solid body elasticity. For obvious reasons using
derivatives of Barycentric coordinates is advantageous over mechanical analogy. Few
algorithms have been implemented and the results are presented in this chapter.

The chapter ends with a detailed example. A 5-pole cylindrical cavity filter was
chosen as a design example. The structure is optimized using a geometrically
parameterized model. A mesh parameterization was also conducted in intermediate
stages to give a fully integrated CAD model. The results of the optimization through
geometrical parameterization seem to be quite satisfactory given that the optimization
could converge to the satisfactory results in only four iterations for a 12 dimensional

parameter space.
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There are certain aspects of the work in this chapter which need to be ameliorated.
The current geometrical parameterization can only consider one parameter at atimein
a single frequency point. Parameterizing with respect to two or more variables with
the current formulation ends up with an indecent accuracy. Furthermore the frequency
and geometry parameterizations are done in separate steps. Having said that one is
obliged to conduct the geometrical parameterization in discrete frequency point and
then interpolate them. This, however can be avoided if a fully parameterized model

(both with respect to geometry and frequency) is devel oped.
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[11.1. Introduction

Improving optimization techniques yet has another aspect other than efficiency. In
addition to the speed of the optimization technique, autonomy is an important issue
which should not be neglected. As far as the modification of a given component is
concerned, a key point is the development of microwave CAD environments where
the component is modified automatically by the microwave tool itself with an
improvement of the component performances without any contribution by the
designer. The methods studied so far have been local methods. The search agorithms,
no matter how fast and accurate, were bound around the closest (local) minimum
point. Thus the appropriate choice of the initial point has a significant role in the
success of these methods. If, for any reason the automated algorithm is trapped in a
local minimum, then the operator should restart the procedure with a different initial
point.

In fact optimization techniques can be classified into two groups, gradient and
stochastic methods. Gradient methods have been discussed so far. Evolutionary
algorithms are a subset of stochastic methods which mimic the search process of
natural evolution. This class of optimization algorithms relies on the collective
learning process within a population of individuals, each of which represents a search
point in the space of potential solutions to the given problem. Because of an implicit
paralelism in the search behavior they avoid the common pitfalls of local
minimization algorithms, but hold the promise of finding novel solutions perhaps not
thought to exist.

Perhaps the best known evolutionary method so far is the genetic algorithm (GA) [1]-
[4]. This algorithm has been utilized in a wide variety of applications in
electromagnetic domain. The design of microwave passive devices using genetic
algorithm is presented in [5]-[9]. In [6] the potentials of an evolutionary algorithm to
create unknown planar topologies has been discovered. [5] and [8] report the use of
genetic algorithm for the design of waveguide filters. There are various applications
such as equivalent circuit parameter extraction (see for example, [10] and [13]),
microwave absorber design [15], and material characterization [12]. Perhaps the
majority of the work on use of genetic algorithms in el ectromagnetic domain has been

reported in antenna design. References [15]-[21] represent some of the previous work
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done in antenna design. Despite the mentioned advantage of the genetic algorithms,
the major problem with genetic algorithm and evolutionary methods in genera, is
their high computational cost. Even for a simple design problem, an evolutionary
design has to go through many iterations which make them impractical for most of
applications. In fact evolutionary algorithms look for optima in the points that was not
expected. But obviously such a mindless search can not be cost-free. The price paid
for lack of intelligence is the exponential increase in time for optimum search. Here
comes a compromise in mind: to add a sort of intelligence to these methods. This can
be achieved through combining evolutionary methods with gradient methods. Such a
“hybrid” technique will use the evolutionary technique to localize the global optimum
point, then the gradient method can chase the optimum point more efficiently. Such a
technique looks straightforward. The only issue will then be how and when to
integrate these two methods, i.e. to find a method to distinguish the time, when the
optimum point has been localized is not very trivial.

Particle Swarm Optimization (PSO) is relatively a new approach which is aiming the
global optimum search in a more intelligent manner. The method is similar to GA in
that both are stochastic in principle, and both use an analogy to real life behaviors.
The mgjor distinction of PSO is that in PSO the randomly initiated population of
parameter vectors learn about each other “successes’. Such a feature can drastically
accelerate the stochastic algorithm.

In this chapter evolutionary optimization of microwave components is presented.
Genetic algorithm is already a well established technique in device optimization. Thus
the core of the chapter deals with the Particle Swarm Optimization (PSO). But to
understand well the advantages of PSO, a general preview of GA is essential. This
Issue is addressed in the next section, followed by an example application. Section 3
explains the principles of PSO method. In Section 4 an example design is explained
using PSO. The three proceeding sections more profoundly explore the features and
potentials of PSO. Finally the chapter ends by few design examples using PSO
technique.
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[11.2. Genetic algorithm for the optimization of microwave
devices

Genetic-algorithm optimizers are a group of search methods which function on the
basis of natural selection and evolution. The global nature of the search mechanism
allows its being utilized in complicated problems when there is no, or a little
knowledge about initial structure. Some important terminology and concepts of GA
optimizers are presented in a sidebar. This section presents the basic elements of a

genetic-algorithm optimizer.

11.2.1. Terminology

As mentioned earlier the genetic agorithms work on the basis of the concept of
natural evolution through generations. Thus it is imperative to use the origina
terminology where the concept has been borrowed from. This also helps developing
the algorithm in a more heuristic manner.

Population — A set of parameter vectors. Any population is a subset of parameter
space.

Generation —Successively created populations; the population created at each
iteration.

Fitness — The value of the objective function belonging to each individual (parameter
Vector).

Parent — A parameter vector (an individual) belonging to the current generation
(iteration) which is chosen (through a criteria) to contribute in generation of the next
generation.

Child — Parameter vector (an individual) belonging to the next generation.
Chromosome — Coded form of the features carried in a parameter vector, these

feature are partialy transferred from a parent to its child through an evolution.

111.2.2. Description of thealgorithm

The block diagram of genetic algorithm optimization procedure is depicted in Fig.1.
Many different variations of this simple algorithm have been suggested but the core

idea remains the same.

Evolutionary Algorithms for EM-based Optimization



Chapter 111 170

Generateinitial Objective
poulation Function (fitness)

Selection of
Crossover |
Parents 1

|  Mutation |

Population
full?

Update Objective
gener ations Function (fitness)

Error
minimized?

Terminatethe

procedure

Fig. 111.1. The block diagram of basic Genetic Algorithm

In general, a GA iteratively runs the procedure shown bellow until the ending criteria
IS met,

1. Generate the initial population. This population is a subset of the parameter
space. In principle such population can be generated arbitrarily, although
incorporating some intelligence in generating this population would help the
Speed.

2. Define genes based on the features that contribute significantly the objective
function.

3. Create astring of the genesto form a chromosome.

4. Evauate fitness values (objective function) to each parameter vector in the

population.
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5. Perform reproduction through the fitness-weighted selection of individuals
from the population.
6. Conduct reproduction operators (crossover, mutation, and recombination) to
produce the next generation.

In the simple, typical genetic algorithm shown in Fig. 1, initialization consists of
filling an initial population with a predetermined number randomly created, parameter
strings (chromosomes). Each of these chromosomes represents an individua
prototype solution or, simply, an individual. The set of individuals is called the
current generation. Each individual in the set is assigned a fitness value by evaluating
the fitness function for each individual .
In reproduction, a pair of individuals is selected from the population to act as parents.
The parents produce a pair of children. Note that in order to keep the population of
each generation, the every couple of parents should produce two children. These
children are then placed in the new generation. The selection, crossover, and mutation
operations are repeated until enough children have been generated to fill the new
generation. In some GA available in literature, the algorithm is dightly varied.
Selection is used to fill the new generation, and then crossover and mutation are
applied to the individuals in the new generation, through random pairings. In either
case, the new generation replaces the old generation. In the simple genetic algorithm
presented here, the new generation is the same size as, and completely replaces, the
current generation. This is known as a generational GA. Furthermore, the new
generation can be of adifferent size than its predecessor.
Another variation of genetic algorithm, often called steady-state genetic algorithms,
incorporates some overlap between the new generation and the old generation. In the
generation-replacement phase, the new generation replaces the current generation, and
fitness values are evaluated for and assigned to each of the new individuals. The
termination criterion is then evaluated and, if it has not been met, the reproduction

process is repeated.

111.2.3. Regeneration mechanisms

Having defined the general infrastructure of the genetic algorithm, now, we will try to
set some details. The two main mechanisms of any GA are

1- Theway apopulation isformed,

Evolutionary Algorithms for EM-based Optimization



Chapter 111 172

2- The mechanism of producing a child by a couple of parents (genetic
operators).

In this section these two mechanisms are discussed in detail, knowing that there are

several other variations which are not covered in here, mostly because it has not been

the main focus of the present work.

111.2.3.1. Forming a population

As mentioned earlier, a population is a set of individuals, or parameter vectors, which
is used to form a generation. There are different mechanisms under an individual
(parameter vector) is chosen among a population to be considered as a parent.
Different mechanisms are used to judge about an individua’s being eligible to be
included inside a population. But al these criteria are based on the fitness value.
However, selection cannot be based solely on choosing the best individual, because
the best individual may not be very close to the optimal solution. Instead, some
chance that relatively unfit individuals are selected must be preserved, to ensure that
genes carried by these unfit individuals are not “lost” prematurely from the
population. In general, selection involves a mechanism relating an individual’s fitness
to the average fitness of the population. A number of selection strategies have been
developed and utilized for GA optimization. These strategies are generally classified
as either stochastic or deterministic. Usually, selection results in the choice of parents
for participation in the reproduction process. The three main strategies to form a
population are decimation, proportionate selection and tournament selection. Several
of the more important and most widely used of these selection strategies are discussed
below

[11.2.3.1.1. Decimation

The simplest of the deterministic strategies is population decimation. In population
decimation, individuals are ranked according to their fitness values. An arbitrary
minimum fitness is chosen as a cutoff point, and any individual with a lower fithess
than the minimum is removed from the population. The remaining individuals are
then used to generate the new generation through random pairing. The pairing and
application of GA operators are repeated until the new generation isfilled.

The advantage of population-decimation selection lies in its simplicity. All that is
required is to determine which individuals are fit enough to remain in the population,
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and to then provide a means for randomly pairing the individuals that survive the
decimation process. The disadvantage of population decimation is that once an
individual has been removed from the population, any unique characteristic of the
population possessed by that individual islost.

This loss of diversity is a natural consequence of all successful evolutionary
strategies. However, in population decimation, the loss can, and often does, occur
long before the beneficial effects of a unique characteristic are recognized by the
evolutionary process. The normal action of the genetic algorithm is to combine good
individuals with certain characteristics to produce better. Unfortunately, good traits
may not be directly associated with the best fitness in the early stages of evolution

toward an optimal solution. Fig. 2. shows a simple scheme of decimation.

sl‘ Pass

A %

Fig. 111.2. Decimation

[11.2.3.1.2. Proportionate selection
Individual s can be selected based on a probability of selection as bellow
T(—<k>) (1-1)

ZT(—<k>

) is the fitness of the ith parent at kth generation. The probability of

o=

—<k>

where T(p

selecting an individual from the population is purely a function of the relative fitness
of the individual. Individuals with high fitness will participate in the creation of the
next generation more often than less-fit individuals. This has the same effect as the
removal of the least fit in population decimation, in that characteristics associated
with higher fitness are represented more in subsequent generations. The distinction
between population decimation and proportionate selection is that in proportionate
selection, there is still afinite probability that highly unfit individuals will participate
in at least some of the matings, thereby preserving their genetic information.
Proportionate selection is further illustrated in Fig. 3.
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Fig. 111.3. Proportionate Selection

111.2.3.1.3. Tournament selection

A second popular strategy (and perhaps among the most effective for many
applications) is tournament selection. Tournament selection is depicted in Fig. 4. In

tournament selection, a subset of the population of N, individuals is chosen at

random from the population. The individuals of this sub-population compete on the
basis of their fitness. The individual in the sub-population with the highest fitness
wins the tournament, and becomes the selected individual. All of the sub-population
members are then placed back into the general population, and the process is repeated.

The most commonly used form of tournament selection is binary tournament
selection, (N, =2).

Fig. 111.4. Tournament selection
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111.2.3.2. Genetic operators

The way the features of the parents from one generation are transferred to the
successors is also very significant in the genetic conception.

Once a pair of individuals has been selected as parents, a pair of children is created by
recombining and mutating, the chromosomes of the parents, utilizing the basic
genetic-algorithm operators, crossover and mutation.

A probability is assigned to each of these operators. The assigned probability is then
compared to 0 anormalized random number at kth iteration. If the random number

is bigger than the assigned operator probability, the operator will be effective, and

otherwise ignored.

[11.2.3.2.1. Mutation

In genetic algorithms, mutation is a genetic operator used to maintain genetic
diversity from one generation of a population of chromosomes to the next. It is
analogous to biological mutation.

The classic example of a mutation operator involves a probability that an arbitrary bit
in a genetic sequence will be changed from its original state. A common method of
implementing the mutation operator involves generating a random variable for each
bit in a sequence. This random variable tells whether or not a particular bit will be
modified.

The purpose of mutation in genetic algorithms is to allow the algorithm to avoid local
minima by preventing the population of chromosomes from becoming too similar to
each other, thus slowing or even stopping evolution. This reasoning also explains the
fact that most GA systems avoid only taking the fittest of the population in generating
the next but rather a random (or semi-random) selection with a weighting toward

those that are more fit.
In mutation, if p™>>p .. an element in the string making up the chromosome is

randomly selected and changed. In the case of binary coding, this amounts to
selecting a bit from the chromosome string and inverting it. In other words, a “1”
becomes a“0” and a“0” becomes a“1.” If higher order aphabets are used, slightly
more complicated forms of mutation are required.

Generally, it has been shown that mutation should occur with a low probability,
usualy on the order of P, .0, =0.01-0.1. Fig. 5. shows a randomly selected
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element in a chromosome (shaded element) being changed to a new form (0 - 1 and
1 - Ointhe binary case).

I p = poomatin
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Fig. 111.5. Mutation

111.2.3.2.2. Crossover

The crossover operator accepts the parents and generates two children. Many
variations of crossover have been developed. The simplest of these is single-point

<k>

crossover. In single-point crossover, shown in Fig. 6, if o™ >p. . a random

location in the parent’s chromosomes is selected. The portion of the chromosome
preceding the selected point is copied from parent number 1 to child number 1, and
from parent number 2 to child number 2. The portion of the chromosome of parent
number 1 following the randomly selected point is placed in the corresponding

positions in child number 2, and vice versa for the remaining portion of parent
number 2's chromosome. If p™> <, the entire chromosome of parent number

1 is copied into child number 1, and similarly for parent number 2 and child number
2.

Parent#1 Parenwt’

(B B2 B [ 2] B[ %e [ B7] B B B
\\—.__r_,—o-“

e,
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Fig. 111.6. Cross-Over

The effect of crossover is to rearrange the genes, with the objective of producing
better combinations of genes, thereby resulting in more fit individuals. It has been
shown [6] that the recombination process is the more important of the two GA

operators. Typically, it has been found that probability o, ... Vvauesof 0.6-0.8 are
optimal.
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[11.2.4. Fitnessfunctions

The fitness function, or object function, is used to assign a fitness value to each of the
individuals in the GA population. The fitness function is the only connection between
the physical problem being optimized and the genetic algorithm. The only constraints
on the form and content of the fitness function, imposed by the ssmple GA, are that:
1 thefitness value returned by the fitness function isin some manner
proportional to the goodness of agiven trial solution, and
2 thefitness be a positive value. In some implementations of the GA optimizer,
the constraint that the fitness value be a positive value is not even required.
Genetic algorithms are maximizers by nature. To find a minimum, a dlight
modification to the usua functional form is required. It can be ether taking the

inverse of the fitness function or the subtracting it from a number

111.2.5. Example- Optimization of a coupled linefilter

Coupled line filters have aways been appropriate gauges for optimization techniques.
It is partially due to their flexibility in design parameters as well as their versatile
frequency characteristics. They are also easy to manipulate and thus appropriate for
model validation.

111.2.5.1. Description of the structure

The structure used is a coupled line filter, as shown in the Fig. 7. The structure
consists of five line segments connecting the two ports. All the lines have aimed to
have the same length. The substrate is chosen as Rogers RO4350 [22] materia with
20 mil thickness (0.787 mm). The dielectric constant of the substrate is 3.38 with the
loss tangent of 0.004.

I s
oy - >

Fig. 111.7. The coupled linefilter
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111.2.5.2. The design goal

The godl is to design an ultra-wideband mask filter with a 3-dB pass-band from 3.1
GHz to 10.6 GHz. Such amask is utilized to assure that the transmitted signal would
comply with FCC regulations. The desired in-band insertion loss was less than 1 dB

and an out-band rejection of 25 dB has been targeted.

111.2.5.3. The design variables

The parameters chosen for this optimization practice are the length of the segments
and the width of the lines. The parameters are shown in Fig. 7. The initial parameter
set, was generated randomly. This parameter set is presented in Table I11.1. Also the

initial response resulted from this initial set of design variable is presented in Fig.
[1.8.

Parameter | Value(mm)
P 7.10
P 15.00
P 18.02
P 0.23

Tablelll.1. Theinitial parameter set for the Example 1.
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Fig. 111.8. Theinitial coupled line filter response
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111.2.5.4. The methodology

The original genetic algorithm was used to optimize the structure. The initia
parameter set has been chosen randomly. In order to minimize the computation cost,
two symmetry planes along with x-and y-axes have been considered, dividing the

number of parameter into a quarter.

111.2.5.5. Implementation

The Momentum™ package has been used as the electromagnetic field solver.
Momentum uses the Method of Moments to compute S-parameters.

The optimization algorithm, was developed using AEL, the language used by
Advanced Design System™ for customized coding.

111.2.5.6. Results

The structure was optimized through a GA cycle. About 83 iterations were needed for
optimizing. One important aspect was the drawbacks during the optimization, which
Is natural conseguence of the random nature of the algorithm. The finalized values of
the parameters is presented in Table 111.2. The S-parameters of the structure are

shown in Fig. I11.9.

Parameter | Value(mm)
P 8.249
P 16.453
P 16.408
P 0.16
Tablelll.2. The finalized parameters

As mentioned earlier, the GA suffers from poor convergence, athough the agorithm
is relatively stable, given the initial population is large enough. The convergence is
shown in Fig. 111.10.
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Fig. 111.9. The response of the optimized filter
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[11.3. Particle swarm optimization

[11.3.1. Introduction

The particle swarm optimization (PSO) is a novel stochastic evolutionary
optimization technique based on the movement and intelligence of swarms. Particle
swarm optimization has roots in two main component methodologies. Perhaps more
obvious are itsties to artificial life in general, and to bird flocking, fish schooling, and
swarming theory in particular. It is also related, however, to evolutionary

computation, and has ties to genetic algorithms.

[11.3.2. Terminology

The terminology of the particle swarm optimization is borrowed from social studies of

animal behavior due to the existing analogy.

[11.3.2.1. Particle

In the PSO terminology, a parameter vector is called particle. All the particles in the
swarm act individually under the same governing principle: accelerate toward the best
personal and best overall location while constantly checking the value of its current
location.

[11.3.2.2. Position

The position of the parameter vector in the parameter space is particle position.

111.3.2.3. Fitness

Asin all evolutionary computation techniques there must be some function or method
to evaluate the goodness of a position. The fitness function must take the position in
the solution space and return a single number representing the value of that position.
In the analogy above the fitness function would simply be the density of flowers: the
higher the density, the better the location. In general this could be antenna gain,
weight, peak cross-polarization, or some kind of weighted sum of all these factors.
The fitness function provides the interface between the physica problem and the

optimization a gorithm.
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[11.3.2.4. Personal best

The location with the highest fitness value individually discovered by a particle is
known as the personal best. Each particle has its own personal best determined by the
path that it has taken.

111.3.2.5. Global best

The location of highest fitness value encountered by all the particles up to a certain
moment in time (iteration) is known as the global best. For the entire swarm there is
one global best. Each particle has some way of knowing the global best discovered by
the entire swarm. At each point along the path every particle compares the fitness of
its current location to that of global best. If any particle reaches is at a location of
higher fitness, global best is replaced by that particles current position.

111.3.3. Development of the particle swarm optimization
algorithm

Understanding the conceptual basis of the PSO, the task then becomes to develop the
algorithmic tools needed to implement the optimization. Fig. 111.11. shows a general
scheme of particle swarm optimization. Despite its novelty, many variations of the
concept have been suggested and tried on different problems, some of these variations
will be discussed later. The PSO randomly initializes the position and velocity of each
particle within the swarm at the beginning of the optimization. The detailed

explanation of the method is addressed in [3]. Each position p™ represents a

1)

possible solution to the problem and is specified with,

<k> <k>|:| (”I' 2)
P<k> _ 931,1 pl,N 0

B YR i
where M is the number of particles (the initial population) and N is the number of

dimensions of the problem. The bracketed superscript k denotes the iteration number.

=<k>

Every row in matrix P is a possible solution for p=. In other words the rows of the

matrix P are each a parameter vector, resulting the matrix P have N columns. Each
particle has an associated velocity as well, which is afunction of the distance from its
current position to the positions which have previoudy resulted in a good fitness

value,
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I nitialize Population
Spl . <0> __ <0>|
Position: Ry = Hp! ElWN

Velocity: V2 = B’.TO>ELWN

-

Evaluate Fitness k - k+1
TP =H"H,.

-

P =agmax{T(P). T(R*™),... (R} PP =P+

-

Gy = argmax{T (P*)}

-

Calculate Vi
<k+1>
m,n

H= W + 7 (P ™™ = Pon) +6472(9,% = P

Fig. 111.11. The particle swarm optimization algorithm
e Lo (- 3)
v |:Il,l 1N |:|
\' =0 - . E

Bas . viH
The velocity matrix is updated at each iteration. Every particle is also aware of the

global and personal best positions. Let the persona and global best positions be
named REH, and Ee= respectively. Fig. 111.12 further clarifies the definitions

of the personal and global bests.

Now, for every dimension, the particles move in the direction specified by the

velocity matrix according to,

Pk+l:Pk +Vk (|||-4)
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The update strategy for the velocity vector is to “move” particles towards the global
best and their corresponding personal best positions,

Vi =W+ G (P ™ = P ) #€/72(90° =P (Ill-5)
whereas
Vo is the velocity of the nth element of the mth particle in the swarm at kth
iteration,

<k> —<k>:

Pnn IS the nth element of the mth particle in the swarm at kth iteration, P, is the

mth particle (parameter vector) in the swarm,

<k,best >

P represents the elements of the personal best of mth particle at kth iteration,

C,, ¢, and w are positive scalars which define the weight of every component of the

velocity,
w isapositive scalar called inertia weight,

n,and 7, are normalized uniform random variables.
¢, and c, specify the relative weight of the global best to the personal best positions.

Empirically the value 2.0 is found to be a reasonable value for these coefficients [23].
Through the iterations, corrections have been made to the positions of personal best,
and global best before letting the particles fly around for another second. Repetition
of this cycle is continued until the termination criteria are met. There are severd
methods to determine these termination criteria.

One possible criterion is to define a maximum number of iterations for terminating.
At any time if a solution is found that is greater than or equal to the target fitness
value, then the PSO is stopped at that point.

111.3.4. Improved particle swarm optimization algorithms

As mentioned previoudy, the algorithm explained in Fig. 11 has been patched with
many variations. Since the introduction of the PSO algorithm, several improvements
have been suggested. Some of these improvements have aready been incorporated in
the original formulation, e.g. the original PSO did not have an inertia weight; this
improvement was introduced by Shi and Eberhart [31]. The addition of the inertia
weight resultsin faster convergence.

Evolutionary Algorithms for EM-based Optimization



Chapter |11 186

In [32] Kennedy has suggested a technique referred to as “social stereotyping”. A

clustering algorithm is used to group individual particlesinto “stereotypical groups.”
“Individuals in the particle swarm population were “ stereotyped” by cluster
analysis of their previous best positions. The cluster centers then were
substituted for the individuals and neighbors best previous positions in the
algorithm. The experiments, which were inspired by the social-psychological
metaphor of social stereotyping, found that performance could be generally
improved by substituting individuals, but not neighbors, cluster centers for
their previous bests”

~<k>

The cluster center . is computed for each group and then substituted into (l11- 5),

yielding three strategies to calculate the new velocity

Vi = W + 7 Py = P ) +€75(97%” =Py (Il1- 6)
Voo = W + Gl (P ™™ = Pe) +C, (P = P (I-7)
Ve = W o (B — k) (IlI- 8)

The results presented in [32] indicate that only the method in (I11- 6) performs better
than the standard PSO. The drawback with this method is the added cost of
calculating the clusters and their centers.

111.3.4.1. Cooperative learning

The core concept in genetic algorithm is competition. Every member of the
population tries to produce the best solution by combining best properties from other
individuals. The stronger individual is rewarded with more opportunities to reproduce.
But another aspect in GA is cooperation. Crossover operation as information
exchange, the GA can be considered to be a cooperative system. Cooperation involves
a collection of agents that interact by communicating information to each other while
solving a problem.

The same concept can produce hints for improvements in particle swarm
optimization. Instead of having one swarm (of particles) trying to find the optimal N—
dimensional vector, the vector is split into its components so that swarms (of particles

each) are optimizing a one-dimensional vector. The solution vector is split into parts,
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each part being optimized by a swarm with particles. This allows for combinations for
constructing the composite —component vector. The ssmplest approach is to select the
best particle from each swarm (how to calculate which particle is best will be
discussed later).

In the classical PSO, update equation (IlI- 5) is amed to change the whole N-
dimensional vector at every step. This allows for the possibility that some components
in the vector have moved closer to the solution, while others actually moved away
from the solution. As long as the effect of the improvement is dominant to the effect
of the components that have downgraded, the standard PSO will consider the new
vector an overall improvement, even though some components of the vector may have

moved further from the solution.

111.3.4.2. Cooperative particle swarm optimization algorithm

The original PSO uses a population of N—dimensional vectors. These vectors can be
partitioned into swarms of 1-D vectors, each swarm representing a dimension of the
original problem. Each swarm attempts to optimize a single component of the solution
vector, essentially a 1-D optimization problem. One complication to this configuration

Is the fact that the function to be minimized T(p) requires an N-dimensional vector

as input. If each swarm represents only a single dimension of the search space, it is
clearly not possible to directly compute the fitness of the individuals of a single
population considered in isolation. A context vector is required to provide a suitable
context in which the individuals of a population can be evaluated.

The simplest scheme for constructing such a context vector is to take the global best
particle from each of the swarms and concatenating them to form such an N-
dimensiona vector. To caculate the fitness for al particles in swarm, the other
components in the context vector are kept unchanged (with their values set to the
global best particles from the other swarms).

Fig. I11.13 illustrates the cooperative algorithm first introduced by Van den Bergh and
Engelbrecht in [29].

Extending the convention introduced in Fig. 11, now refers to the position of particle
of swarm, which can therefore be substituted into the ith component of the context
vector when needed. Each of the swarms now has a global best particle.

This algorithm has the advantage that the error function is evaluated after each

component in the vector is updated, resulting in much finer-grained credit assignment.
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The current “best” context vector will be denoted. Note that is a strictly non-

increasing function, since it is composed of the global best particles of each of the

swarms, which themselves are only updated when their fitness improves.

I nitialize Population
f . <0> __ <0>
Position: RSy, = Hp. HM

Velocity: V%, = B/:”ELWN s

¥

Evaluate Fithess

TR =,

¥

Create a Context vector Cle
et N = leeti =1

¥

Split P
P = { Pt P P

¥

Perform one stage PSO for
P, whileother parameters

aretaken from Cy

¥

Find the Global best
g, =argmin(P")

.

Update context vector

<k>

C." =9,

i=i+1
n=i modN

Fig. 111.13. Cooperative particle swarm optimization

Each swarm in the group only has information regarding a specific component of the

solution vector; the rest of the vector is provided by the other swarms. This promotes

cooperation between the different swarms, since they al contribute to, the context
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vector. Another interpretation of the cooperative mechanism is possible. Each particle
of swarm represents a different context in which the vector is evaluated, so that the
fitness of the context vector itself is measured in different contexts. The most
successful context, corresponding to the particle yielding the highest fitness, is
retained for future use.

One important issue to address in here is that the correlated elements of parameter

vector can be grouped and the update algorithm is applied to such a group at one time.

111.3.5. Stability of particle swarm optimization

The present study and aso growing number of publications on PSO show that the
algorithm is well capable of handling various types of problems. At this stage a more
profound look at the mechanism of particle swarm optimization seems to be
necessary.

The present analysis begins with a highly simplified deterministic version of the
particle swarm in order to provide an understanding about how it searches the
problem space [4], then continues on to analyze the full stochastic system. A
generalized model is proposed, including methods for controlling the convergence
properties of the particle system. Finally, some empirical results are given, showing
the performance of various implementations of the algorithm on a suite of test
functions.

In the PSO update equation (l1I- 5) the variables n, and 7, are random positive

numbers, drawn from a uniform random distribution.

The random weighting of the control parameters in the algorithm results in an action
similar to explosion. An important source of the swarm’'s search capability is the
interactions among particles as they react to one another’s findings. Analysis of
interparticle effects is beyond the scope of this section, which focuses on the

trajectories of single particles.

111.3.5.1. Analogy of particle swarm optimization to gradient
methods
We begin the analysis by stripping the algorithm down to a most simple form; we will

add things back in later.
In equation (I11- 5), with the substitution of variables,
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P +11,95 (1-9)
M+,

and assuming w=c,=c,=1, The velocity expression can be reduced into two terms

without loss of generality. Hence (I11- 5) will reduce to,

V<k+l> - V;]{(: +,7(rj::n> —_ prr<1kn>) (l”‘ 10)

m,n

where
n=n,+n, (- 112)

Simple algebraic operations would show that (lll1- 10) and (lll- 5) are actually
equivalent.

Let assume the one-dimensional parameter space. Also let’s assume the jth particle is
the particle which achieves the global best so far. This way the equation (I11- 10) will
reduce to,

V<k+1>:V;]k>+,7(pj<k>_pn<]k>) (l”- 12)

m

The equation (I11- 12) is now substituted into (I11- 4),

P = B+ wn(pt =) (11-13)
Thethird termin (111- 13) can be compared to the gradient update formulas (e.g.
steepest descent),

r)<k+1>:r)<k>_,7§<k> (|||_ ]_4)

whereas superscripts k shows the iteration number, and 77 is a positive scalar called

=<k>

weighting factor which can be chosen adaptively and ™ is the gradient vector. In
one dimension the gradient is the same as derivative of the objective function to the
only parameter. Equations (I11- 13) and (I11- 14) have some analogy in part. Note that

the gradient vector, at each point directs to the minimum (or maximum) value of the

<k>

objective function. The same definition can apply to the term (p;*" - P¥) in

equation (I11- 13). This fact implied the “gradient” nature of the PSO update strategy.
The same statement can be extended to N-dimensions. Of course there is a little
difference between the way the gradient is calculated in here and in a“real” gradient
method. In a gradient optimization technique the variations of the objective function
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in all directions are tried and the parameter vector is moved toward the direction

<k>

which minimizes the objective function, while in here the vector (p;

7~ ) tends

to the gradient if the global best is sufficiently close to the ultimate optimum point.
Fig. I11.14 depicts such an analogy in atwo dimensional parameter space.

Fig. 111.14. Analogy between gradient methods and particle swarm
optimization

111.3.5.2. An analytic point of view

The procedure can aso be seen in an analytic point of view as suggested in [30].
Continuing the assumption of working only in a one-dimensional parameter space the
reduced system can be expressed asin (l11- 12),

(111- 14)
Vi =04 - Pt
and
Pkt = gy % (11- 15)

Extending (111- 12) in time would yield,
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—<k+2> <k+1>

e = nEET P ) (11-16)

and thus,

—<k +1> <k 1>

—NPET+A-NE VIV EET 4 -2V K P74 F T =0 (- 17)

This, in continuous domain implies the ordinary differential equation,

: I1l- 18
a +(c + Cz) m+C102V =0 ( )

where ¢ =In(¢),i =1,2.and ¢ and ¢, are the roots of the equation,

&+(n-2¢+1=0 (111- 19)

Please note that to obtain the above equation it has been assumed k -t and

(v =v¥*) - av/at and so on. Theroots of (I11- 19) can be derived as follows,
111- 20)
_ N NP (
=1L 4N
G, = 5 5
The general solution for (I11- 18) is,
V(1) = 2,6 (7,1) + 2,6, (7,1) (I1-21)

This implicitly infers that the velocity vector is composed of a phase and amplitude.
In order to avoid the oscillation or instability of the particles path, the

parameter 17 should be chosen in such away that €isnot purely imaginary.
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[11.4. Design examples using particle swarm optimization

[11.4.1. Design of planar microwavefiltersusinga simple FDTD
model and particle swarm optimization

The objective of this contribution is to present a ssimple and universal design
procedure for planar microwave filters. To accelerate the computation phase an
equivalent circuit topology is derived from FDTD formulation. The method is fast and
robust and well suits with fast paced engineering design environment. As a case

study, a microwave band-pass filter is designed.

111.4.1.1. Formulation of the problem

Let us consider the structure shown in Fig. 111.15 as the structure to be modeled. The
substrate is subdivided into a uniform square grid. The currents involved in a given
unit cell are depicted in Fig. 111.16. The separation between two planes (the dimension
d) is considered to be small compared to the smallest operating wavelength. The
problem is formulated using the Hertzian vector potentials, and the substrate is
assumed to be rectangular. The space in which the wave is transmitted is restricted by
two electric walls at z = 0, and z = a. The propagation modes could be both En and
Hn. The Hertz potential vectors are defined as,

A" =4,P" (X, Y) cos(% 7).el (-22)

77 =8B (x,y) sin(r-2) €l (1hi-23)

Here, 7, is the electric or magnetic Hertzian vector potential (corresponding to
indexes e or h), Pe o 1 IS the cross-section eigenfunction, d is the separation distance
between power and ground planes, and a, is the unit vector along the z-axis.
Following the mathematical relations of Hertzian electric and magnetic vector
potentials, the electric and magnetic field components are listed in equation (111- 24).
E, =P"(xY) cos(% 7). e (Ill- 24)

E, =—%DPe”(x, y) .sin(%z).ej"*
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H, =-jewd, xR (x y)cos ' 2)

H,=0

nr

B =w?ue - ( r )?
The scalar potential is defined as,

V. =-d.P(x,y) e (I- 25)

Z
Fig. 111.15. Geometry of the structure. The structureis divided into a
uniform grid.
Xyt+a
T2, ) Ty(x.y+a2ta)
............ d_ Tx(xtal2yt)
a

Fig. 111.16. Currents passing through a unit grid-cell

Now the relation between the surface current Je or , and the potential could be written

as,
(I11- 26)

(1- 27)
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The relation between V and Je o n may be presented in time domain as,

V(% y,t) = -L, F VY (11- 28)
at
0.3 (% y.t) =_CSW (11- 29)

Assuming a<<A and At<<27 /a, the planes are subdivided into a square grid, and

the differentials are replaced with finite differences:

(% +%,yk,to+%)=~lx(>q +%,yk,to—%)— (11130
V(% +8Y,.to) V(% ,yk,to))l_A;1
Jx(&,yk+g,to+%)=Jx(>ﬁ,yk+§,to—%)— (I11-31)
V(XY +aty) —vm,yk,to))l_i‘a

V (X, Y t, +At) =V (X, Y,,t,) = (- 32)

(X + 5 %t +5) =36 ~2 vty +5) +

3X e+ 2t + 5 =3, (0w St + S

S

111.4.1.2. Optimization of planar filters

[11.4.1.2.1. Design strategy

As illustrated in Fig. 111.15 the substrate is discretized into a uniform grid of square
patches. Each of these patches could be either metalized on non-metalized. A two
dimensional binary-valued vector (i, j) isdefined as,

11 for metalized segment (111- 33)

k . .
])= :
7D Epnon—metallzedsegment

where i and j represent the segment numbers. The superscript k shows the number of
iterations. The function C*(;) represents overall distribution of metalized and non-

metalized patches. Although C'(;) (the initial geometry) could be chosen arbitrarily,

but to have a faster convergence, its better to start form an appropriate initial point.
The same applies for update strategy throughout the iterations. Existence of a

constraint in updates of C*(7) considerably limits the number of possible parameter
vectors which is an essential step for reducing the number of computations required at

each step. Design parameters p*(C(77)) are defined to restrict the geometry variations
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to specific directions. pis a N dimensiona vector that represents a small parameter

vector which could be few critical dimensions of the structure.

[11.4.1.2.2. Objective function

The ideal filtering function is defined with the universal objective function for afilter
could be defined as,

frex v - 34
T(r)k(cw)))w;Tn(f,ckw))df +ﬁ([le(f,ck(r/))olf (-39

T (1.9 Ccm)=Q(N)w(r (1 (s (f.cm)-s= (1) ("%

exp(X x>0,0=< y<1 I1- 36
w(x)= P p(x) X ( )
0 0 x<0

r equalsto 1 (-1) when i = j in the passband (stopband) or or i # j in the stopband
(passband). The transition bands are removed via function Q(f) which is equal to zero

in transition and one otherwise. §** (f,Ck(ﬂ))iS the computed S-parameter,

! (f) is the desired S-parameter (which is a function of frequency) and W (x) is
the weighted error function. The derivation of nonlinearly weighted errors is

described in chapter I.

[11.4.1.2.3. Particle swarm optimization

The PSO randomly initializes the position and velocity of each particle within the
swarm at the beginning of the optimization. The detailed explanation of the method is
addressed in [3]. Each position represents a possible solution to the problem and is
specified as,

Op¢ .. p< O (I11- 37)
Pk _Dpll plND

=0- - -0
Pl - PiwH

where M is the number of particles (the initial population) and N is the number of

dimensions of the problem. Every row in matrix P is a possible solution for p* .Each

particle has an associated velocity, named v, , which is a function of the distance

between the current position and best previously achieved fitness positions. The

velocity matrix is updated at each iteration. Every particle is aso aware of the global
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and personal best positions. Let the personal best positions be named ReH, and the
global best position be avector G¥, =" g5... o5 B-

Now, for every dimension, the particles move in the direction specified by the

velocity matrix according to,
Pk+l - Pk +Vk (l”- 38)

The update strategy for the velocity vector can be addressed as,

k+1

Vi = Vi +6 (PR = pl) e, (9 — k) (I11- 39)

whereas 0<(,,<1 are uniform random variables and cand c,specify the relative

weight of the global best to the personal best positions (here ¢, =c, =2see[27]).

111.4.2. Design of a doublefolded stub filter

As an example a double folded stub filter which is shown in Fig. I11.17 is designed
and fabricated. A symmetric 3GHz band pass frequency characteristic centered at
13.5GHz is desired. The|s ‘ should be less than -30dB for stop band and more than -

3dB in sidebands. A transition band of 3GHz is considered where the errors are
masked. Substrate is 5 mils thick with dielectric constant of 9.8. The three parameters

areshown in Fig. 111.17 aswell.

p2
p1

s

Fig. 111.17. The DFSfilter , the design variables are as follows mil, p1=6.4
mil, p2=84.8 and p3=86.4 mil.

The square cell sizes are equal to 0.1mil*0.1mil. The search was done for a range of
1.5 mills around the initial geometry.. The results are compared with numerical
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analysis obtained by Momentum [35] and with measurement results in Fig. 111.18.
However the results show a dlight discrepancy in magnitude compared to

measurement while the frequencies are accurate to a satisfactory extent.

10
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Frequency(GHz) x A0

Fig.111.18.  Theinitial and final transmission (Sz1) characteristic, measured and
calculated

111.4.3. Optimization of a planar UWB band-passfilter with a
3GHz-6GHz bandwidth and low insertion loss

The emerging attention to ultrawideband technology has raised requirements for
different system components such as filters, antennas, amplifiers, etc. Asit is apparent
from its name, ultrawideband wireless systems can use relatively a wide band of
3.1GHz-10.6GHz. Using such awide band for data transmission and reception, on the
one hand increases the risk of interference by other sources such as 5.8GHz ISM
band, harmonics of 2.45GHz ISM band and other sources of interference. On the
other hand FCC regulation absolutely requires the lower cutoff frequency of the
emitted fields be limited to 3.1GHz. In order to accommodate the above mentioned
requirements, a filter is used both in transmitter side (before the antenna) and in the
receive end (after the LNA). Among the other typical requirements for a filter design,

alow insertion loss is highly desirable because of low power of the transmitted signal.
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111.4.3.1. Description of the structure

For the design of the filter a composite structure composed of a stepped-impedance
low-pass and a high-pass planar topologiesis selected [36]. The structure is shown in
Fig. [11.19. As can be seen the structure comprises of three stepped impedance.

The substrate is chosen to be Rogers 4350 with 20 mils (0.508mm) of thickness[22].

Fig.=|| [.19.  The topology of the UWB bandpass filter.

111.4.3.2. Theinitial dimensions and response

The initial dimensions are presented in Table I11.3. The optimum search was
conducted in a parameter space within £30% of theinitial parameter set.

Parameter | Value(mils)
pl 150
p2 120
p3 200
p4 15
p5 40
p6 100
p7 40
p38 12.
P9 162.
Tablelll.3. Initial parameter set for UWB band-pass filter

111.4.3.3. Optimization by PSO/steepest descent

A PSO/SD optimization algorithm was implemented using AEL language (integrated
with ADS). The structure was analyzed using Momentum software

A relatively big swarm (with 50 members) was generated as the initial population to
assure the global convergence. After 8 iterations, the global optimum was localized
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and then the optimization was continued by a smaller population of 20 members.
Finally the last stages were done using the steepest descent (SD) method for three
consecutive iterations. Fig. 111.20 compares convergence diagrams applying PSO and

GA. The optimized dimensions are shown in Table I11.4.
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Fig.111.20.  Convergence diagram (a) comparing the global best and the winning
particle history (b) comparison with genetic algorithms both for initial populations of
15 and 60.
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Parameter | Vaue(mils)

pl 129

p2 131.23
p3 172.21
p4 15.91
p5 37.33
p6 108.63
p7 31.41
p8 12.

P9 162.

Tablelll.4. Optimal values for the parameter set for UWB band-pass filter

111.4.3.4. Optimization of the filter characteristic

The ssimulated and measured frequency characteristics of the filter are presented in
Fig. 111.21 and Fig. 111.22, respectively. As mentioned the filter was fabricated with a
20 mils Rogers 4350 substrate. The picture of the filter is shownin Fig. 111.23.
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Fig.111.21.  The optimized insertion and return loss characteristic of the UWB
bandpass filter.
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[11.4.4. Optimization of a planar UWB band-passfilter with a
3GHz-8GHz bandwidth

Another UWB filter with a wider bandwidth is designed and optimized using PSO
algorithm. Five band-pass shorted stubs are designed as the initia circuit. In order to
simplify the optimization procedure, the width of the line connecting the input and
output is fixed. The structure is decided to be symmetric, leaving only three
parameters to be optimized. The initial parameter set and the initial response are
presented in Table I11.5 and Fig. 111.24, respectively. The initial parameter space has
been limited to £ 50% of the initial parameter set which is relatively a large space for

search.

9529 mm a— P2

Fig. 111.24. Example-Structure to be optimized. The parameters are
depicted as well.
Parameter | Value(mm)
P 0.585
D 12.211
P 4.356
Tablelll.5. Initial parameter set for planar band-pass filter
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Fig. 111.25. Theinitia response of the UWB mask filter

A cooperative PSO scheme is used in order to find the globa optimum in the three
dimensional parameter space. At each step, the parameters P3, P1 and P2 were
cooperatively updated. The final set of parametersis presented in Table I11.6 followed
by the final characteristics in Fig. 111.26, all calculated by Momentum. The
convergence was unexpectedly slow, because of the relatively large band. The

convergence versus iteration numbersis presented in Fig. 111.27.

Parameter | Value(mm)
P 0.287
P 7.475
P 7.833

Tablelll.6. The optimized parameters
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Fig. 111.26. The final result of UWB mask filter

[—— Wining Particks
----- Gilobal Best

o o
[ = |

Mormalized Objeciive Funcbion
=
in

0.4/
0.3
0.2
01
. -
0 10 20 30 40 50 60 70 a0
Iteration
Fig. 111.27. The error function belonging to the ultimate winner versus

iteration number.
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111.4.5. Optimization of a sapphireresonator with distributed
Bragg reflectors

Simple metal cavity resonators, where the enclosure wall losses determine the
achievable Q, were superceded by dielectric loaded cavities which attained higher Q’'s
by confining more of the field of the resonant mode away from the lossy enclosure
walls. Lately, sapphire resonators have helped to achieve higher quality factors. This
case is specially interesting as an optimization because the objective function is

radically different from typical filter design problems.

111.4.5.1. Description of the structure

The physical shape of the distributed Bragg resonator resonant structure has the form
of an interpenetrating set of dielectric plates and cylinders as shown in Fig. 111.28.
This resonant dielectric structure fits inside of a metal enclosure. The way it is seen
from the central cavity region, concentric cylinders in the radial dimensions form a
DBR.

Fa 2
i - - I_"q_'- -'—JL—'

ait ait
sapphire
ait suap;:nhlreEJI

. sapphite
ait ait

T
"w......,,____________________,_,_.,....-a-d“
Fig. 111.28. The geometry of the distributed sapphire Bragg resonator
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111.4.5.2. Method of analysis

The structure is analyzed by the Method of Lines. The details of the analysis are
addressed in [37]. This method allows the approximate solution of all the dimensions
of a multilayered dielectric cylindrical resonant cavity that constitutes a distributed
Bragg refection (DBR) resonator. The analysis can considers an arbitrary number of
aternating dielectric and free-space layers of cylindrical geometry enclosed by a
metal cylinder.

111.4.5.3. Objective function

The definition of the objective function is very critical in this case. The design goal is

to find the dimensions for resonant frequency of TE,,, mode to belOGHz, while the

quality factor is 300,000. The desired resonant mode imposes another constrain for
the optimization algorithm. The formation of the electric field must follow a specific
pattern, so that the electric field has one major peak along one axis. Thus the objective

function is determined as,

T(f.Q.p) =alf, - £ +8|Q -Q*| +y (o) (11- 40)

where,

f., f.* are the resonant frequency and ideal resonant frequency, respectively

% are the computed and ideal quality factor at resonant frequency, respectively

t? <t
p= [ P, Ps, p3] is the vector of the design variables(dimensions to be optimized)
a,[ are weighting coefficients that moderates the different scales of frequency and

quality factor,
ﬂ B tideal
,3 =K f idea
where 0.5k <15
o isthe number of the peaks of the electric field along with radial axis

@ (o) isthe weighted field indicator,

01 og>1
®(0) =0 _
0o o=1

yis the weighting factor for the number of peaks and is normally comparable to the

order of magnitude of the frequency(to dominate the objective function)
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111.4.5.4. Optimization algorithm
A hybrid optimization technique is used for this design problem. At first step a very
big swarm (N, =80-100 particles) is chosen randomly within the domain of the

design parameters. A tournament selection is then chosen to filter out those solutions

which have resulted unwanted field distribution, i.e. those with ®(g) =1. A swarm

of those particles which produce a desired field distribution is formed. This swarm is
considered as the initia swarm for the PSO algorithm with the number of particles

being Ng . A cooperative PSO scheme is then used for minimizing the objective
function. At this stage, theideal response parameters were:
f1% =10GHz
Q** =300,000
1.5mm< p, £2.3mm
0.18mm< p, < 0.28mm
0.69mm < p, <0.1mm
a =1 B =33x10%,y =10°
After the first tournament, the number of particles who win the first round tournament

is arandom function, forming the following particle matrix,

T
N Nl

This number determines the size of the initial swarm for PSO. Obviously the bigger
the size of initial swarm, the higher is the chances of success.

The velocities wereinitialized as

vi¥ =0.3p™ +0.2p;*” xrand (N, 3) (111- 42)
whereas rand(.) is a uniform random function.

For the consecutive steps, the velocity vector is chosen as,

Vi =0.4v +21, (P — P +20, (9 e — P (11- 43)
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where 0< 7,4, <1are generated through a uniform, random function.

Fig. 111.29 shows the convergence of the normalized objective function for a sample
optimization procedure. The procedure was repeated to a number of times. The find

(optimum) dimensions are as follows:

p,= 1.9699mm
p, = 0.2352mm
p, =0.8651mm

The achieved frequency is
f oPimm — 99925 GHz

c

and the overall quality factor is
Q™™ =3,199x10°

The field distribution for the optimized response is presented in Fig. 111.30.

Several tests have been conducted to achieve better frequency response, at this stage it
would be very tedious with PSO method. A better approach (once the optimum point
located) is to use a classical gradient method such as steepest descent or Newton's
method.

r —&— First Try(Ns=8) I
—v— Second Try(Ns=4)
—e— Third Try(Ns=17)
c
2 o8 .
5]
c
=]
(I
2 o6 .
LLl
°
@
N
= | |
g 0.4
S
z
0.2 T
% 5 10 15 20 2 20 3 40
Iteration number
Fig. 111.29. The objective function (global best) as afunction of the

iteration number for different tests and the corresponding size of swarms
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Fig. 111.30. The field distribution for the optimized response( N, =7)
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[11.5. Conclusion

The potentials of particle swarm optimization for being deployed as a global
optimization technique in microwave design is investigated in this chapter. PSO is a
novel evolutionary algorithm with a faster convergence. PSO has the advantage of
Incorporating a pseudo-gradient scheme for updating the parameter vector.

Despite such a fundamental difference with genetic-like algorithms, PSO can still best
fitsin the category of evolutionary algorithms.

In order to provide an appropriate context for PSO, genetic algorithm is introduced in
this chapter, followed by an example. In the second part of the chapter, PSO
algorithm is explained. Basically, PSO employs the analogy between parameter
vectors in a parameter space with social movement of birds in a flock. In such an
analogy, the movement of the parameter vectors towards the global optimum is
achieved through comparing the position of each member of the flock with the
position of individual and best fithess ever achieved.

Several improvements to the conventional PSO are suggested in this section. It was
shown that having every particle know about the persona best position of other
particles would improve the speed of the optimization. This “cooperative” learning
provides and extra feedback for individuals (parameter vectors) in a swarm to modify
their direction in (parameter) space.

Few microwave devices are designed using different variations of PSO. A simple
FDTD scheme was employed to design a band-rgect filter while the dimension
updates were calculated using PSO.

The stability of PSO is also studied in this chapter. Through a simple mathematical
manipulation, the gradient nature of PSO is claimed.

Despite many contributions in the last year, PSO is still an immature technique and
probably a hybrid of PSO and parameterized model can help to obtain a fast and
global design optimization algorithm.
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CONCLUSION GENERALE

Ce travall de thése est dédié a I'amélioration des méthodes d optimisation
classiquement utilisées pour la conception €électromagnétique des circuits et

dispositifs micro-ondes.

Ces méthodes utilisent un modéle électromagnétique analysé par une méthode
numérique a chague itération et dirigé par une stratégie de mise a jour des parametres
le plus généralement basée sur un calcul de gradient.

Les améliorations apportées par ce travail ont concerné deux axes :

— L'’utilisation de modéles é ectromagnétiques paramétrés permettant d’ accél érer

les procédures d’ optimisation en court-circuitant les simulations numériques,

— VL’utilisation de méthodes évolutionnaires efficaces comme stratégie
d’ optimisation pour réduire les risques de divergence traditionnellement

rencontrés avec les stratégies de type gradient.

Le manuscrit commence par introduire au premier chapitre quelques généralités sur
les méthodes d’ optimisation é ectromagnétique appliquées a la conception assistée par
ordinateur (CAO) des dispositifs micro-ondes. Divers concepts assez généraux en
optimisation sont d' abord abordés.

Ensuite, quelques problémes spécifiques aux méthodes d’ optimisation faisant appel a
une simulation numérique sont explorés plus en détail. En particulier, nous montrons
a quel point la définition de la fonction objectif est critique pour |’ obtention de la

solution optimal e dans un temps raisonnable.

Plusieurs méthodes d’ optimisation classiques de type gradient sont ensuite étudiées en

présentant différentes variantes de la plus simple alaplus éaborée.

Enfin, la derniére partie de ce chapitre expose brievement les techniques d analyse
numériques basées sur les lois de |’ électromagnétisme utilisées couramment pour
modéliser les dispositifs micro-ondes.

Au cours du deuxieme chapitre, nous introduisons tout d’abord les différents aspects

de la paramétrisation des modél es él ectromagnéti ques.
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Un état de I’art des techniques de paramétrisation du champ éectromagnétique en
fonction de la fréguence et de la géométrie est tout d abord présenté dans les deux

premieres sections.

Pour la paramétrisation géométrique efficace d’'un modele éectromagnétique, la
déformation de son maillage, ¢ est a dire de sa discrétisation en é éments simples (2-D
ou 3-D), doit étre paramétrée en fonction des paramétres géométriques pour éliminer
les discontinuités dans le calcul des gradients du champ. Plusieurs techniques de
paramétrisation du maillage sont aors présentées et illustrées avec quelques

exemples.

La derniére partie du deuxieme chapitre présente |’ optimisation éectromagnétique
d’un circuit hyperfréquence en utilisant son modele éectromagnétique paramétré en
géométrie. Le cas test est un filtre 5 pbles en cavités cylindriques bimodes dont le
modél e électromagnétique est paramétré suivant 12 dimensions géométriques al’ aide
d'un logiciel développé par CADOE et couplé au code éléments finis du laboratoire
dansle casd une action de R& T du CNES.

L'utilisation du modeéle paramétré permet aors de s affranchir de I'analyse
électromagnétique globale du circuit a chaque itération. La stratégie de mise a jour
des variables est basée sur une technique de type gradient. Apres quelques itérations,
le comportement en fréquence du modele, dont les dimensions ont été initialisées

relativement efficacement, converge facilement vers |’ objectif.

Le troisieme chapitre introduit les algorithmes évolutionnaires présentées comme des
méthodes d’ optimisation plus globales que les méthodes de type gradient.

L’agorithme génétique qui est certainement la technique évolutionnaire la plus
connue et la plus appliquée dans le domaine des circuits et dispositifs micro-ondes est
tout d’'abord présentée et illustrée par un exemple. Le principal désavantage de cette
derniére technique est sa lourdeur de mise en ceuvre et d'utilisation qui en font une

méthode rel ativement lente.

Une nouvelle technique évolutionnaire, tres récemment introduite dans le domaine de
I’ électromagnétisme est la méthode des «essaims particulaires » (Particle swarm
optimization - PSO). Cette technique commence similairement a I'agorithme

génétique par la génération d une population initiale aléatoire mais la nature de type
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gradient de I’ optimisation permet d’ obtenir une convergence beaucoup plus rapide.
Les détails de la technique sont tout d’ abord donnés puis appliqués al’ optimisation de

circuits et dispositifs micro-ondes atravers plusieurs exemples.
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