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Abstract

Photonic crystals (PCs) and binary supergratings (BSGs) with large refractive index
steps are promising structures for designing new compact optical devices. This the-
sis presents an inverse design tool in these two important areas of photonics. The
tool consists of an optimization module and a simulation engine. Due to the binary
nature of PCs and BSGs, Boolean particle swarm optimization (Boolean PSO), a
recently proposed binary stochastic optimization algorithm, is used in the optimiza-
tion module. The simulation engine, on the other hand, is chosen according to the
structure to be modeled. The proposed inverse design tool has been used to design
a very low F-number photonic crystal lens and compact BSG filters for applications
such as wavelength-division multiplexing, tunable lasers and intrachip optical net-
works. The inverse design tool allows designing optical filters with almost arbitrary
wavelength filtering, in addition the proposed filters are more compact than previ-
ous demonstrations of BSG. Furthermore, it is found that Boolean PSO outperforms
Genetic Algorithm (GA) as an optimization technique for use in the inverse design

tool developed in this thesis.
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Chapter 1

Introduction

The increasing capability of computers in terms of computation speed and memory
capacity accompanied by the advent of accurate simulation tools have opened a new
road to engineering design named “inverse design”. The capability of this type of
design has been shown in various problems by designing devices with better func-
tionalities in comparison to directly designed devices. In addition, inverse design has
enabled researchers to obtain intricate structures which could not be designed with
conventional methods. Inverse design procedures have been widely applied to engi-
neering design problems and their use in various electromagnetic applications such

as antennas [9, 10] and photonic crystals [11] has become widespread.

In inverse design methods, a functionality is considered and then a design is ex-
plored in the space of possible solutions to provide that functionality. Inverse design
methods utilize a simulation tool to evaluate the performance of a possible design
in addition to an optimization technique to improve the design, iteratively. Using
an inverse design strategy makes it possible to design a system which has a close to
desired behavior, without any prior knowledge of possible configurations. Evolution-
ary algorithms [12] are a popular class of stochastic optimization methods for finding
global or close to global optimum points in ultra-large search spaces resulted from

non-polynomial time problems.
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Figure 1.1 shows the schematic representation of an inverse design process com-
bining an evolutionary optimization technique with a simulation engine. The inverse
design process starts with generating a set of random designs. The optimization goal
is to find a design which provides a desired functionality. For each of the designs
generated in the first step, its functionality is determined using a simulation engine.
A fitness number is assigned to each design based on the difference between its func-
tionality and the desired functionality. Higher fitness indicates better functionality
of a design. The evolutionary algorithm creates a new set of designs based on the
evaluated fitnesses in the first step. This iterative procedure continues until the best
obtained design in an iteration satisfies the optimization goal. The best obtained

design (the design with the best fitness) would be the final design.

Particle swarm optimization (PSO) [13] and genetic algorithms (GA) [14] are two
popular classes of evolutionary algorithms that have been applied successfully in a
variety of fields [15, 16] including electromagnetics [9, 17] and photonics [18, 19]. In
comparison with GA, PSO is easier to understand and implement and its parameters

have more straightforward effects on the optimization performance [9, 20, 21].

In this thesis, inverse design in two important areas of photonics, namely pho-
tonic crystals and binary supergratings are considered. These structures offer various
promising optical devices because of their ability to efficiently control the propaga-
tion of light. Due to the the binary nature of these problems, a recently developed
binary version of PSO called Boolean PSO [20, 21] is used as the optimization engine
in design tools; the simulation engine in the design tool depends upon the structure

to be modeled.
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Figure 1.1: Schematic representation of an inverse design tool combining an evolutionary
algorithm with a simulation engine.



Photonic Crystals

The rapid enhancement of photonic technology has led to great demand for decreasing
the size of optical devices. Compact devices can be densely integrated and as a
consequence, they can reduce the fabrication cost greatly. Structures with large
refractive index contrast materials can confine light effectively; this is the enabling

technology for building compact devices.

Photonic crystals (PCs) have been shown to be promising structures for high-
density integrated optics [22]. PCs are periodic structures of high and low refractive
index materials. By introducing defects (destroying the periodicity) into photonic
crystal structures, light can be manipulated in a variety of ways which has resulted in
various compact devices such as multiplexers and demultiplexers [23], power splitters
[24], sharp waveguide bends [25], and lasers [26]. Figure 1.2 shows a microcavity in
a photonic crystal waveguide designed to operate at A = 1.54 pm [1]. It is clear that

the device size is at the order of the operating wavelength.

Figure 1.2: A photonic crystal waveguide microcavity. The figure is reprinted from [1].

PC devices are normally designed by intuition or by varying some design param-

eters such as the size and position of PC elements using trial and error guided by
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intuition. However, these design approaches are limited in many ways. They depend
on the level of insight into the problem at hand. To reach solutions that might not

be obtained by direct design, using inverse design methods is inevitable.

Binary Supergratings

Binary supergratings (BSG) have been shown to provide almost arbitrary wavelength
response [27]. BSG uses an aperiodic structure with a fixed element length and two
allowed refractive index values for each element. These constraints make the BSG
well-suited to semiconductor fabrication, because it only requires a single lithographic
step. However, BSG structures do not provide compact devices because a weak
refractive index contrast has been used in their structures so far. This is the limitation
of past design techniques which are based on Fourier methods. Figure 1.3 depicts an
schematic of a tunable laser in which two grating filters are used [2]. Although the
rear grating provides multi-wavelength filtering from 1.52 pym to 1.60 um, its total

length is more than 1000 times the operating wavelength.

Phase Front grating

Rear grating

200 pum

Figure 1.3: Schematic representation of a widely tunable laser. Figure is reprinted from

[2].

Combining the concept of BSG with large refractive index changes may provide

compact devices similar to the idea in photonic crystals. However, because BSG
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design problems with high refractive index changes are highly nonlinear, previously
proposed Fourier methods cannot be used to design them. Similarity between pho-
tonic crystal and binary super-grating problems and the large number of elements
involved in BSGs make the Boolean PSO based inverse design an appropriate ap-

proach for designing them.

1.1 Research Objectives

The main objectives of the research presented in this thesis are two-fold:
e Development of an inverse design technique to design photonic crystals

— Implement the scattering matrix method to simulate the behavior of pho-

tonic crystal structures

— Combine Boolean particle swarm optimization with scattering matrix method

as a new method of designing photonic crystals

Design a photonic crystal lens with a very low F-number by the proposed

method

Compare Boolean PSO results with genetic algorithm results

e Development of an inverse design technique to design binary supergratings with

large refractive index changes
— Implement the transmission matrix method to simulate the behavior of
binary supergratings

— Combine Boolean particle swarm optimization with transmission matrix

method as a new method of designing BSGs

— Validate the method
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— Design compact BSG filters for applications such as tunable lasers and

intrachip optical networks

— Compare Boolean PSO results with genetic algorithm results

1.2 Thesis Contribution

A new inverse design method for designing two-dimensional photonic crystals is pro-
posed. This method combines scattering matrix method as the simulation tool with
Boolean PSO as the optimizer. A photonic crystal lens with a very low F-number
is designed by this method which can be used as an interface between a photonic

crystal waveguide and a conventional single-mode fiber.

Furthermore, the concept of binary supergrating with large refractive index changes
is presented for the first time. This allows for compact devices with arbitrary wave-
length response while benefiting from a single-step lithography process. A com-
bination of Boolean PSO and transmission matrix method is presented as a new
inverse design method for binary supergratings. Two problems with limited dimen-
sions are used to validate the proposed method. Pass-band filters for wavelength-
division multiplexing, wavelength-selective filters, a broadband filter for intrachip
optical netwroks, and a multi-wavelength filter for tunable lasers are designed by this

method.

1.3 Thesis Outline

Chapter 2 consists of a review of particle swarm optimization, its conventional binary

version, Boolean particle swarm optimization and genetic algorithm.

A review of two-dimensional photonic crystals and previous inverse design tech-

niques for PC structures are briefly reviewed in chapter 3. Then, our proposed method
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of designing PCs is described followed by a review of scattering matrix method. The
results of designing a PC lens by using this method is presented after that. Replac-
ing Boolean PSO with genetic algorithm in the lens design problem, a comparison

between these two methods is provided.

Binary supergrating with large refractive index changes is described in chapter
4. The proposed inverse design method and the transmission matrix method are
explained. Then two examples consisting of a cavity sandwiched between two Bragg
reflectors and a BSG with a random refractive index distribution used to validate
the method are described. The results of using this method to design filters for four
different applications are presented. The results are compared to genetic algorithm

in some cases.

Conclusions and suggestions for further work are given in chapter 5.



Chapter 2

Boolean Particle Swarm Optimization

2.1 Introduction

Particle swarm optimization (PSO) is a powerful evolutionary algorithm for solving
single or multi-objective optimization problems with real-valued or discrete parame-
ters [28]. PSO is simple in concept, few in parameters, and easy in implementation,
besides it has an excellent optimization performance. At first, PSO was introduced
for continuous search spaces and because of the aforementioned features, it has been
widely applied to many optimization problems soon after its introduction. However,
the original binary version of PSO attracted much lesser attention because it is not

as efficient as the original PSO [29].

Boolean PSO is a novel representation of PSO algorithm for binary spaces which
is introduced based on the idea of using the Boolean algebra in the implementation
of PSO concepts. It has been shown that Boolean PSO is a promising algorithm
in dealing with various engineering design problems such as antenna design [30, 20],
grating design [31, 32|, design of multi-frequency dividers [33], and design of photonic
crystal structures [34]. The better optimization performance of Boolean PSO in com-
parison with genetic algorithm (GA) in some design cases has been also demonstrated

21, 20].
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This chapter starts with an overview of PSO. The conventional binary PSO is
then studied to show why it is not as efficient as the original PSO. After that, the
Boolean PSO is presented. In this thesis, the Boolean PSO results are compared
with GA results in many cases. Therefore, genetic algorithm is briefly reviewed in

the final section.

2.2 Particle Swarm Optimization

Particle swarm optimization is a stochastic search algorithm developed by Eberhart
and Kennedy, an electrical engineer and a psychologist, in 1995 [13]. This algorithm
simulates the behavior of a social system such as a swarm of bees or a flock of birds

looking for a place with the highest amount of flowers or food in a field.

To explain how PSO algorithm works, an optimization problem which requires
optimization of N variables simultaneously is considered here. PSO is initialized with
a population of solutions, called “particles”. At first, a random position and velocity
is assigned to each particle. The position of each particle corresponds to a possible
solution for the optimization problem. A fitness number is assigned to each particle
which shows how good its position is. During the optimization process, each particle
moves through the N-dimensional search space with a velocity that is dynamically
adjusted according to its own and its companion’s previous behavior. Updating the
particle velocity is based on three terms, namely the “social,” the “cognitive,” and
the “inertia” terms. The “social” part is the term guiding the particle to the best
position achieved by the whole swarm of particles so far (gpest), the “cognitive” part
guides it to the best position achieved by itself so far (ppes:), and the “inertia” part is
the memory of its previous velocity (w.v,). The following formulae demonstrate the
updating process of a particle position (,) and its velocity (v,) in the n*® dimension

in an N-dimensional optimization space:
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Up+1 = W . Up + Ct. ¢1 . (pbest,n - wn) + Ca. (,b2 . (gbest,n — xn) (21)

Tpil = Tp + Upit (2.2)

In equation 2.1, ¢; and ¢, are random numbers uniformly distributed between 0
and 1. ¢; and ¢y are acceleration constants and w is the inertia weight. These three
parameters determine the tendency of the particles to the related terms. Moreover,
another parameter is used to limit the maximum velocity of a particle (V,,q,). All
these parameters directly affect the optimization behavior; for example, the inertia
weight controls the exploration ability of the process while the acceleration constants

and maximum velocity are parameters for controlling the convergence rate [35, 36].

The iterative procedure of updating the velocities and positions of particles con-
tinues until the best position achieved by the whole swarm of particles (gpes:) does
not change over several iteration. A flowchart describing the PSO algorithm is shown

in Figure 2.1.

2.3 Conventional Binary Particle Swarm Optimization

Although PSO has attracted much attention for real-valued optimization problems,
there have been few attempts to apply the idea to the discrete and especially binary
optimization ones [28]. In a binary PSO, the position of each particle is represented
by a binary string. The first binary PSO introduced by Kennedy and Eberhart [37]
uses the same terms as in the original PSO, but the velocity of a particle is defined as
the probability that a particle might change its state to 1. Unlike real-valued PSO,
this algorithm is not used widely and there have been several attempts to hybridize

it with other algorithms to achieve better performance [38]. Moreover, this method
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does not seem to outperform the commonly used binary optimization methods such

as genetic algorithms [21].

In this binary PSO, the idea of using “probability of being 1 in the binary space”
instead of “velocity” has resulted in the following equations for updating each bit of

a particle [37]:

Vat1 = Vg + 1. (Dbest.a — Ta) + 2. (Grest.d — Ta) (2.3)
1
S(vgr1) = = (2.4)
if  (rand() < S(vay1)) then x4 = 1; else Tap1 =0  (2.5)

vg is the probability of the d™ bit of a particle to become 1 while Equation
2.3 represents its dependence on the previous value of vy, best positions achieved
by all the particles (gpes:) and by the particle in question (ppes;) so far. Because the
calculated v, can be greater than 1 or less than 0, a sigmoid function (Equation 2.4) is
used to transform this value into the limits such that it can be used as a probability. A
random generator over [0, 1], rand(), is used to specify the state of each bit (Equation
2.5). ¢; and ¢y are random numbers uniformly distributed between 0 and 1. The
parameter V,,,, in this algorithm is retained, but unlike real-valued PSO, small values

for V.. promotes exploration.

By checking all the states of x4, ppest, and gpes: it can be seen that the conventional
binary PSO generally can track the main idea of the PSO, which is the tendency of

particles to approach their previous best position and global best position; however, it
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has some considerable disadvantages because the considered velocity and distance are
not of the same nature. Showing the adverse effects of this idea on the performance
of the algorithm needs a detailed study of the method and comparison between the
concepts of the binary and real algorithms, which is not aimed in this thesis. However,
a special case focusing on the inertia weight is examined here to seek to know why

this method has not become popular like the algorithm for real-valued problems.

In this binary PSO, the concept of inertia weight is very different from real-valued
PSO. In fact, the effect of this parameter is opposite of that for real-valued PSO. The
inertia is the tendency of each particle to keep its previous movement, the change of
the bit in a binary space. However, in this method this tendency cannot be inferred
from the first term of Equation 2.3. Not only is there no coefficient to perform the
task of the inertia weight, which specifies the rate of this tendency, but also this term
shows the tendency of the bit to become one. For example, consider a large value
of vy which results in S(vg) = 1, so x4 with a high probability will become 1 in the
next step. If the ppess and gpes; have not changed in the current step, the new vy will
be unchanged; therefore, the new vy dictates x4 to still remain at 1. However, this

behavior cannot fulfill the desired function of the inertia.

In addition, as a consequence of using Equation 2.4, the concept of the maximum
velocity V,,q. is not valid. In summary, the above discrepancies have deteriorated the

conventional binary PSO versus the real-valued PSO.

2.4 Boolean Particle Swarm Optimization

The Boolean particle swarm optimization is a new evolutionary algorithm imple-
mented by means of the Boolean algebra to meet the requirements of a real-valued
particle swarm optimization [20, 21]. It is shown to outperform the conventional bi-

nary PSO and GA in some well-known test functions such as De Jong’s, Rastrigin’s
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and Griewangk’s functions [21]. It has been also shown that Boolean PSO is effective
in dealing with various electromagnetic problems, such as antenna design [20, 30],

grating design [31], and design of photonic crystal structures [34].

In the Boolean PSO, distance and velocity are defined based on the difference
between corresponding bits of two binary strings. The “and” (.), “or” (+4), and
“xor” (@) operators are used to model movement of the particles. Main formulae for

updating the d'" bit of position and velocity of each particle are:

Var1 = W . Vg + C1. (Dpesta B Ta) + €2 (Goest.d D Ta) (2.6)

Tdr1 = Lq D vy (27)

The distance between two bits is another bit whose value represents their dif-
ference. Consequently, the velocity bit, v4, determines whether the d*™® bit of the
position of the particle, x4, should change in the next step, according to Equation
2.7. In Equation 2.6, the second and third terms calculate the distance between (x4,
Prest.d) and (Tq, Grest.a), respectively. The three terms are then combined using “or”
operators. ¢, ¢o as the acceleration coefficients and w as the inertia coefficient are
binary bits stochastically set from the system parameters C4, C5, €2, acceleration
constants and inertia weight, which are real numbers between 0 and 1. The probabil-
ities for being “1” of ¢, co, w are C7, Cs, and §2. The procedure used to specify the
velocity for each bit of a particle is depicted in the schematic diagram of Figure 2.2.
In this procedure, V4, is the number of allowed “1” bits in the calculated velocity
array. To prevent the particles from moving faster than this value, each calculated
velocity array is examined for the number of “17. If this number exceeds the desired

value, one bit with a value of “1” is set to zero randomly, and this process continues
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Figure 2.2: Process of updating the velocity in the Boolean PSO.
until the satisfaction of the criterion.

The simplicity in the implementation of Boolean PSO and also the straightforward
influence of its parameters on the optimization process are its key benefits over the
conventional binary PSO and also the genetic algorithm. Its superior performance

over those methods in some cases has been shown in [21].

2.5 Genetic Algorithm

Genetic algorithm (GA) is a very popular class of evolutionary algorithms introduced

in the early 70s by Holland [39]. The concept of “survival of the fittest” from Darwin’s
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theory of evolution combined with simulated genetic operators from nature form the
basis for GA. GA optimization starts with a population of N random solutions called
“chromosomes”. Each chromosome is a binary string. A fitness value is assigned to

each chromosome which shows that how fit the chromosome is.

GA updates the chromosomes using three main operators: “selection”, “crossover”,
and “mutation”. “Selection” operator chooses chromosomes for reproduction process
so that a chromosome with a better fitness has a better chance of being selected. A
number of selection strategies have been developed for GA optimization [40]. Two of
the most widely used selection strategies are roulette-wheel selection and tournament
selection. In roulette-wheel selection, chromosomes are selected based on a probabil-
ity of selection given in Equation 2.8, where f(chromosome;) is the fitness of the it

chromosome:

f(chromosome;)

Zﬁil f(chromosome;)

Psetection = (2.8)

Therefore, the probability of selecting a chromosome from the population is a
function of the relative fitness of the chromosome. In tournament selection, a sub
population of M chromosomes is chosen at random from the population. The chromo-
somes of this sub-population compete in the basis of their fitness. The chromosome
in the sub-population with the highest fitness becomes the selected chromosome. All
of the sub-population members are then placed back into the general population and

the process is repeated.

Once two chromosomes have been selected as parents through the “selection oper-
ator”, two children are created by recombining and mutating the chromosomes of the
parents. The “crossover” operator combines two parents and generates two children

based on the crossover rate. The crossover rate is the probability of swapping bits
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between two chromosomes. Many variations of crossover have been developed. The
simplest form is single-point crossover. The single-point crossover chooses a random
point along the chromosomes and then exchange all the the bits after that point as

depicted in Figure 2.3.

Before the generated chromosomes are transfered to the next iteration, the “mu-
tation” operator flip some of their bits based on the mutation rate. The mutation rate
is the probability of flipping a bit within the chromosome. Mutation of chromosomes

results in exploring new areas of the search space.

Many extensions have been applied to the simple GA optimizer described above to
improve its performance. One of the most important extensions is the elitist strategy
[40]. In the original GA, it is possible for the next iteration to have a best chromosome
with a worse fitness than a preceding iteration. To overcome this problem, a simple
test has been added to GA to verify that the best chromosome in the new iteration
is at least as good as the one from the preceding iteration. A certain number of
best chromosomes from one iteration are guaranteed to survive to the next iteration.
Elitism is used to ensure that there is a continuous improvement in the best fitness

of the population as a function of time.

Using three main operators of selection, crossover, and mutation and applying
the elitist strategy, the procedure of updating the chromosomes continues until a new
population with N chromosomes are generated. If the fittest chromosome does not
change over several iterations, the optimization is terminated. A flowchart describing

the basic GA algorithm is shown in Figure 2.3.

2.6 Conclusion

In this chapter, particle swarm optimization and its conventional binary version were

reviewed. Boolean PSO, which is a PSO algorithm implemented by means of the
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Figure 2.3: Flowchart depicting the GA algorithm. Breakout: An example illustrating
the crossover and mutation operators.
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Boolean algebra for use in binary optimization problems, was also studied. In Boolean
PSO, the behavior of particles according to three PSO terms, i.e., “social,” “cogni-
tive,” and “inertia” was discussed and compared with the conventional PSO. In this
thesis, Boolean PSO results are compared to genetic algorithm results in many cases.
Thus, GA was briefly reviewed in the last section. In comparison with GA, PSO has
only one simple operator, which is “velocity updating”. Moreover, control parameters
have simpler definition in PSO. Although in many cases both algorithms result in
good solutions, the simpler implementation and reduced bookkeeping of PSO make

it appealing [41].
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Chapter 3

Design of Photonic Crystal Structures

3.1 Introduction

Photonic crystals (PCs) are periodic dielectric structures which are designed to ma-
nipulate and control the flow of light. The periodic refractive index variation in PC
structures results in frequency bands and frequency gaps (bandgaps) for photons.
The photonic crystal does not allow any propagation of photons with frequencies
falling in the bandgap, while allowing other frequencies to propagate freely. The
two-dimensional PC is the most common type of PC since it is easier to fabricate
and particularly useful in integrated optics. Two-dimensional PCs are often made by

etching air holes into a planar dielectric slab as depicted in Figure 3.1.

In this chapter, we propose a new inverse design method for designing two-
dimensional PC structures. The method combines Boolean PSO as the optimization
technique with Scattering Matrix Method as the simulation tool. The potential of
this approach is illustrated in a lens design problem. The appropriate behavior of

the optimization process in comparison with genetic algorithm is also presented.

This chapter starts with a brief review of properties of two-dimensional PCs and

the previous methods of designing them. Then, the proposed method of designing
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Figure 3.1: Schematic representation of a two-dimensional photonic crystal consisting of
a hexagonal lattice of air holes patterned in a slab of dielectric. Figure is reprinted from

[3].
two-dimensional PCs is described. Finally, the lens design problem and the results

are presented.

3.2 Background

The properties of two-dimensional PCs are determined by two main factors: the re-
fractive index contrast between the slab and the material filling the holes, and the
arrangement of holes in the lattice [42]. Considering the former factor, a high refrac-
tive index contrast results in a large bandgap for the PC. As to lattice configuration,
it is often altered by introducing defects (removing holes) into the lattice. For ex-
ample, a row of holes can be removed from a two-dimensional PC structure to form
a waveguide as depicted in Figure 3.2 (a). This structure only allows light trans-
mission along the line defect for frequencies in the bandgap of the surrounding PC.
As another example, by removing a few holes or creating a point defect, an optical

resonator can be formed as shown in Figure 3.2 (b).

Altering lattice configuration in PC structures is not limited to only incorporating

point or line defects. By using inverse design techniques, the functionality of many
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Figure 3.2: Schematic representations of (a) a line defect (b) a point defect in a hexagonal
PC lattice. Figure is reprinted from [4].

known PC devices has been enhanced or new structures have been proposed. For
example, the diameter and distance between the holes can be optimized to obtain
an ultra-flattened dispersion holey fiber [5], as illustrated in Figure 3.3. As another
example, in a Z-bend waveguide depicted in Figure 3.4, the shape of the holes around

the bend can be optimized to obtain low loss transmission over a wide bandwidth [6].
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Figure 3.3: Holey fibers optimized by an inverse design technique for maximum flattened
dispersion. Figure is reprinted from [5].

In these examples, the starting design is known but it is not quite satisfactory
and the optimization gradually modify it to improve its performance. By contrast,
there are other inverse design problems that only the general form of the PC structure,
some constraints, and the desired functionality is known, but the optimization process
generates its own starting designs. Figure 3.5 depicts a 1 x 2 demultiplex coupler

which separates and couples two wavelengths from one dielectric waveguide to two



24

H o
D=260nin  A=430nm

Figure 3.4: The optimized Z-bend. The number, size, and shape of the holes at each
bend is optimized. The operating frequency of the Z-bend is within the bandgap of the
surrounding PC. Figure is reprinted from [6].

separate photonic crystal waveguides [7]. The black circles are removed from the

initial PC structure during the inverse design procedure.
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Figure 3.5: The structure of the 1 x 2 demultiplex coupler. The green circles show the
photonic crystal waveguide. The blue circles absorb the waves for semi-infinite waveguide
simulation. The black circles are removed from the lattice during the optimization pro-
cedure. The white circles represents the optimized structure. Figure is reprinted from

[7].
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3.3 Design Method

In this chapter, we focus on inverse design problems similar to the case of demultiplex
coupler. We consider a dielectric slab with a hexagonal lattice of cylinders as the
initial PC configuration as illustrated in Figure 3.9. This initial PC configuration
is modeled with a binary string where a “1” bit means presence of a cylinder and a
“0” bit means the absence of a cylinder. This binary representation of the structure

makes the Boolean PSO an appropriate optimization technique for this problem.

The PC is illuminated with an incident wave and Scattering Matrix Method
(SMM) is employed to simulate the wave diffraction [8]. SMM is a semi-analytical
method which has various advantages over popular PC simulation methods such as
finite-difference time-domain (FDTD). Considering the circular cross section of cylin-
ders, SMM represents the incident and scattered waves in terms of Bessel functions
which are natural modes for circular shapes. As a consequence, calculating the fields
is simplified to calculating the coefficients of these Bessel functions which results in

a very short simulation time for a limited number of cylinders.

Here, the combination of Boolean PSO and SMM is proposed to facilitate de-
signing the optimal configuration of two-dimensional PC-based devices. A PC lens
with flat surfaces which can be used as an interface to couple light from a conven-
tional fiber to a photonic crystal waveguide is designed to validate this inverse design

technique.

3.3.1 Scattering Matrix Method

The Scattering Matrix Method is an efficient method to deal with the problem of
scattering by a finite number of objects having arbitrary shapes or different elec-

tromagnetic parameters [8, 43, 44, 45]. Here, the case of two-dimensional photonic
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Figure 3.6: An s-polarized incident plane wave illuminates N cylinders. Figure is reprinted
from [8].
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crystals is considered where a set of identical cylinders of radius R and relative per-
mittivity €,;,; are lying on a background material with relative permittivity €, ¢, as
depicted in Figure 3.6. The refractive indexes of the materials inside and outside the
cylinders are n,: = /Erint and ey = VErext 5 respectively. It is assumed that the
electric field of the incident plane wave is parallel to the cylinder axes (an s-polarized

wave), its incidence angle and time dependence are ©™¢ and exp(—iwt), respectively.

The electric field of the incident wave is assumed to be

with:

B! = exp(ikoneg:(x sin "¢ — y cos ©¢)) (3.2)
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Maxwell’s equations result in the total electric field satisfying the following Helmholtz

equation at any point of space:

V2E, + kje (z,y)E, =0 (3.3)

where F, and its normal derivative must be continuous at the boundaries.

SMM consists of the following three main steps when dealing with a scattering

problem including the above example:

1- It is shown that the total field can be written as Fourier-Bessel series. The
series consists of two parts outside a cylinder: one part is the total incident field on
the cylinder and other part is the field which is scattered by the cylinder. The total
incident field includes the incident plane wave in addition to the field scattered by

other cylinders in the direction of the considered cylinder.

2- The causality relation between the total incident field on a cylinder and the

field scattered by that cylinder is written in the form of Fourier-Bessel coefficients.

3- In this step, the coupling between all cylinders is considered by writing the
total incident field on a cylinder as the sum of the incident plane wave and the field

scattered by other cylinders.

Applying above steps for a scattering problem simplifies the determination of the

field distribution to the evaluation of a set of complex coefficients.

Representing the Fields Inside and Outside the Cylinders by

Fourier-Bessel Series

Here, we assume a local polar coordinate system (r;, ;) with an origin at the center

of each cylinder (O;) as depicted in Figure 3.7.
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Figure 3.7: The local coordinate system associated with the j* cylinder. j — I shows
the field scattered by the j* cylinder toward the I** cylinder. Figure is reprinted from [8].

At point P the total electric field can be expressed as:

EZ(T’]', 0]) = Z Ez,m(rj) exp(imQj) (34)

meZ

If P is inside the cylinder, the total electric field satisfies the following Helmholtz
equation:

V2E. + kierimE. =0 (3.5)

By substituting the expression of the field in Equation 3.4 into Equation 3.5 and
expanding the field in terms of Fourier-Bessel series, it is shown that the total field

inside a cylinder can be expressed as:

it 1 <R: E.(r;,0;) = Z CjmJIm (koningr;) exp(imb;) (3.6)

meZ

where J,,, is the Bessel function of the m'" order and of the first kind. Thus, by

evaluating the coefficients c;,, in Equation 3.6, the total field inside the cylinder is
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determined.

If P is outside the cylinder, the total electric field can be expressed in terms of

Fourier-Bessel series as:

ifl"j > R :

E.(r;,0;) = Z @jmdm(Konegr;) exp(imb;) + Z by HD (koneasr;) exp(imb;)

mez meZ
(3.7)
where H,g%) is the Hankel function of the m*™ order and is defined as:
HD (1) = Jp(u) + iV (u) (3.8)

Y., is the Bessel function of the m*™ order and of the second kind.

Causality Relation for Each Cylinder

In Equation 3.7, the first part represents the total incident field on j* cylinder which
consists of the incident plane wave and the field scattered by other cylinders in the
direction of the j'* cylinder. The second part shows the field scattered by the j*

cylinder. There is a causality relation between these two parts:

bj = Sjaj (39)

where S; is an infinite-dimension square matrix.

The electric field and its normal derivative must be continuous across the bound-
ary of each cylinder; using the field expansions given in Equations 3.6 and 3.7 at the

boundary of a cylinder (r; = R) results in:
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CLj’mJ (konextR) —+ b] mH (]{Z()nextR) Cj,me(k(]ning> (3 10)

o ACnonesry) [ A Gonenrs) | dCm(onin))
o d?”j r;=R e d?”j _n o d?"j r;=R
J (3.11)

By eliminating c¢;,, between Equations 3.10 and 3.11, the following relation be-

tween b, and a;,,, can be obtained:

d J’m k ex j
— T (konine R) ( (;7 t75))
- Tj —R
b, rj=R neR
]7m - ]7m

s (1) Toorp T
H'r(r%)(kfone:ctR) d(JM(IZ)rzmt J)) - Jm(konmtR) d(Hm ((];fj = ]))

J (konextR> d(Jm (konintTj))

dr;

ri=R ri=R

(3.12)

Equation 3.12 shows that the S; matrix is diagonal and it is defined by:

J (konzntR) d(Jm (koneztr;))

Jm(k()ne:vtR) d(JM(kOnintTj)) drj

dr j

S = - rj=R - =R
HD (koo R) %mm nT T (KoTins R) %{M -
(3.13)
and
Smn =0 if n#m (3.14)

Because the cylinders are identical, their S; matrices are also identical. Thus, we

define S; = S for all the cylinders.
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The Coupling Between the Cylinders

By considering the coupling between the cylinders, another relationship between a
and b matrices can be obtained. One component of the total incident field on a
cylinder is composed of the field scattered by other cylinders toward this cylinder.
However, the incident field on a cylinder is defined in its local coordinate system,
while the scattered fields by other cylinders are defined in the local coordinate systems
associated with those cylinders. To overcome this problem, all fields are represented
in a unique coordinate system associated with the j*' cylinder. By using Graf’s

formula [46] and the notation of Figure 3.8, these fields can be related as:

HY (koneaeri(P)) exp(imbi(P)) = > exp(i(m—q)0%) H{D,, (koneaer) Jy (Koneaer; (P)) exp(igh; (P))

(3.15)

Using Equations 3.7 and 3.15, it can be shown that the following matrix equation
represents the relationship between the total incident field on the j™ cylinder (ay),

and the fields scattered by other cylinders toward this cylinder (by):

a; = Qj+ Z T by (3.16)
1#]

where Q; is a column matrix and its elements are defined by:

Qjm = (—1)" exp(ikonegr’ sin(©" — §7) — im©™) (3.17)

and Tj) is a square matrix given by:
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Figure 3.8: The coordinate systems. Figure is reprinted from [8].

In Equations 3.17 and 3.18, m and ¢ are integer numbers at which Fourier-Bessel

series are truncated.
Final Equation

Equations 3.9 and 3.16 expresses two relations between a and b matrices in which
a and b are unknown. By multiplying both sides of equation 3.16 by S, a can be

eliminated and the following equation for b is obtained:

b; — Y Tjib =8Q (3.19)
Lj
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Expanding equation 3.19 for N cylinders results in:

I —ST172 —ST173 _STI,N b1 SQl
—ST,, I —STy5 .. —ST,n b, SQ,
—ST31 —STsp I .. =STsn | % |bs|=[5Qs (3.20)
—STn1 —STnz —STns .. I bn SQn

By solving Equation 3.20, b matrices, and accordingly, a and c matrices can
be obtained. The size of this system is N(2M + 1) if the Fourier-Bessel series are

truncated to 2M + 1 terms (limiting m and ¢ between +M and —M).

It can be proved that the total field at point P when it is located at a distance

from the cylinders is given by [8, 44]:

E.(P) = E{(P)+ Y byH{" (konesr) exp(iqh) (3.21)

qeZ

where (r,60) are polar coordinates of P in the zy coordinate system depicted in

Figure 3.8 and b, coefficients are expressed as:

b, = Z Z bjm exp(i(m — q)07) Jy—m (konenr?) (3.22)

j=1,NmeZ

b;m coefficients are obtained from matrix Equation 3.20.

3.4 Results

To validate the proposed design procedure, design of a photonic crystal lens was

considered. The initial PC configuration before optimization was a silica slab (n =
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1.45) with an embedded hexagonal lattice of silicon cylinders (n = 3.46 at Ay = 1500
nm) as shown in Figure 3.9. The total number of cylinders in the initial configuration
was 211 and it contained 9 layers along the z-axis. A lattice constant of a, a cylinder
radius of r = 0.294a, and a working frequency of 0.197 (in units of 27c/a) below the
bandgap of the initial crystal was chosen. This initial crystal property was the same
as what is used in [11] in which the problem was solved with genetic algorithms. In
our validation, the structure was illuminated with an s-polarized light propagating

along the z-axis with similar distribution as given in Equation 3.1.
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Figure 3.9: Configuration of the initial PC used in the optimization procedure.

The objective of the optimizer was to impose the focal point to be located on the
symmetry axis of the lens with # = 4.6\ , where A was a/0.197. For this purpose,
the optimizer was conditioned to search in the space of binary strings in which a
PC-based configuration was represented by a string whose bits specify whether the
corresponding dielectric cylinders in the configuration should be removed. Due to the
structure symmetry, the search space was restricted to symmetrical configurations;

this effectively reduced the problem size by 50%.

For a PC-based configuration, the electric field at the desired focal point was
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calculated by SMM using Equation 3.21. All Fourier-Bessel series were truncated
to 11 terms (m and ¢ were limited between -5 to +5). In each optimization step,
after evaluating the characteristics of a PC-based configuration by SMM, its corre-
sponding binary string received a real number fitness to represent the performance
of that configuration. The negative logarithm of the electric field modulus in the
selected position as the focal point is chosen to provide the fitness of each PC-based

configuration by:

f@'tness = _lag|Ez<xfocalpointu yfocalpoint)| (323)

Boolean PSO was used to minimize the fitness defined in Equation 3.23. This
iterative process was continued until there was no improvement of the best fitness

value over several iterations.

3.4.1 Photonic Crystal Lens

Figure 3.10 shows the resulting lens and the pattern of corresponding electric field
modulus; lighter areas correspond to higher intensities. The edge scattering is due to
the plane wave excitation and thus it can be reduced by illuminating the structure
with a Gaussian beam and also by considering the points around the edges in the
objective function as well. Figure 3.11 shows the z-component of the Poynting vector
at a line parallel to y-axis which passes through the focal point. By fitting S, to a
Gaussian function, a beam width of wg = 0.25\; was obtained. Gaussian optics
states that the F-number is equal to 2mwg/4)¢ ; the F-number of the designed lens

was 0.39 which was about 20% better than that reported in [11].
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Figure 3.10: Modulus of the electric field distribution produced by the optimized lens.
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Figure 3.11: The z-component of the Poynting vector along the focal point.
3.4.2 Comparison with Genetic Algorithm

A convergence comparison between Boolean PSO and GA applied to this problem is
depicted in Figure 3.12. The population size for both methods was 100. As it can
be seen in the figure, although GA was started by a better fitness, it was trapped in
a local optimum; however, Boolean PSO found that local optimum earlier and got a

better result after a few iterations.

3.5 Conclusions

In this chapter, it was demonstrated that the integration of scattering matrix method
with Boolean PSO has promising behavior to solve design problems in the field of
photonic crystals. The effectiveness of the proposed method was demonstrated for

the optimization problem of a PC-based lens with a low F-number. It has been also
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Iteration

Figure 3.12: Best fitness of iterations in two methods applied to the photonic crystal lens
problem (fitness = —10g|E,(Xfocalpoints Yfocalpoint )| ). Boolean PSO and GA population was
108. Boolean PSO parameters were C7 = Cy = 0.5 2 = 0.1 and V,,0. = 25. GA crossover
rate was 0.8, mutation rate was 0.1. Roulette-wheel selection was used.
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shown that the Boolean PSO has a better optimization performance for solving this

problem in comparison with GA.
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Chapter 4

Design of Binary Supergratings

4.1 Introduction

The binary supergrating (BSG) consists of an aperiodic chain of elements with a fixed
length and two allowed refractive index values for each element. These constraints
make the BSG well-suited to semiconductor fabrication - requiring only a single
lithographic step. So far, the BSG design techniques have been based on Fourier
methods which allows for designing BSGs with almost arbitrary wavelength filtering
[27]. However, only small refractive index steps are allowed when Fourier methods

are used which results in long BSG devices (~ 1 mm) [27, 47].

In this chapter, we propose the use of a large refractive index step BSG to allow for
compact optical filters with near-arbitrary wavelength filtering that may be read-
ily fabricated with existing photolithography methods. The filters are designed using
a combination of Boolean PSO as the optimization technique and a one-dimensional
transmission matrix method as the simulation tool. To show the versatility of the
proposed method, filters for different applications are considered here. Pass-band
filters for wavelength-division multiplexing (WDM) are presented. Several compact
wavelength-selective filters with different transmission wavelengths but similar struc-

tural parameters are designed. A compact multi-wavelength filter for tunable lasers
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is also demonstrated. A broadband filter for intrachip optical networks is proposed

as well.

This chapter starts with a brief review of large refractive index step binary su-
pergrating. Then, the proposed method of designing large refractive index BSG is
described. Two design cases used to validate the Boolean PSO-based design method
is presented after that. For comparison, a genetic algorithm is also used in place of
the Boolean PSO. Finally, the designed filters are presented followed by a discussion

and conclusion section.

4.2 Large Refractive Index Step Binary Supergrating

Figure 4.1 shows a schematic of the large refractive index step BSG. The light is
confined in the transverse plane by an integrated waveguide. A grating is integrated
within the waveguide. The light wave is impingent normally upon the grating, as
shown in figure 4.1. The incident light wave undergoes partial reflections at the
boundaries between elements. The sum of all reflected waves add up to a single
backward wave traveling to the left and the sum of all transmitted waves add up
to a single forward wave traveling to the right. The refractive indexes, length, and
distribution of the elements of the BSG determine the frequency dependency of the
backward and forward waves. The BSG structure has frequency selectivity that is

useful in many applications.

The grating can be represented by a binary string, where a “1” bit corresponds to
the small refractive index and a “0” bit corresponds to the large refractive index. For
fixed refractive indexes and element length, different aperiodic sequences or binary
strings will have different optical filtering characteristics. Due to the binary nature

of the BSG problem, Boolean PSO is used to find the desired sequence of the large
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Figure 4.1: A binary super-grating embedded in an optical waveguide (n; < n3 < ng). A
binary string is used to represent the refractive index distribution of the binary supergrating.
The large arrow shows the incident wave and the small arrow shows the reflected wave.

index step BSG for a desired optical filter which cannot be achieved using past Fourier

methods.

4.3 Design Method

Boolean PSO is combined with transmission matrix method to design appropriate
binary supergratings without any prior knowledge of possible configurations. The
optimization objective is to provide a device with a desired transmittance (or re-
flectance) spectrum, Tp(A), in the wavelength range of [\, As]. For this purpose,
the optimization starts with a set of random binary strings each of them shows a
possible BSG configuration. The transmittance spectrum of each candidate BSG,
Tp(A), is calculated using transmission matrix method [48]. Details of this method
is provided in the next section. The corresponding string to each candidate BSG re-
ceives a real number fitness calculated according to its transmittance spectra. Many
possible fitness functions can be defined to compute the optimization goal. Here, the
summation over absolute differences between the desired transmittance spectra and
the candidate transmittance spectra is chosen to provide the fitness of each candidate
by:

F(P) =Y |Tp(\) = Tp(\)| (4.1)
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Figure 4.2: Transmission matrix of a two-port network.

After calculating the fitness of all candidates at the first step, the binary strings
are updated according to Boolean PSO rules and this process continues until reaching

the optimization goal.

4.3.1 Transmission Matrix Method

The transmission matrix method represents the incident and reflected field amplitudes
at a given port of a network in terms of those at the other ports [48]. For a two-port

network as depicted in Figure 4.2, the transmission matrix is defined as

A Ty The Ay
= (4.2)
Bl Ty To By
where the transmission matrix elements are given by:
T21 . Bl 1 o A2 B T12 o A2 det T o Bl
T Ailg,—g T Ailg,— T Baly,—g Th Ba|a,—o
(4.3)

The transmission matrix is often used when two-port networks are serially cas-
caded. The reason is that by simply multiplying the transmission matrices of the
individual networks, the fields on the left side of the overall network can be related

to the fields on the right side. For example, for the two cascaded networks depicted
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in Figure 4.3, this relation is obtained by:

Ay _ Ty Tio Ay _ Ty T | (T T 2 (4.4)
A A, A A,
—> >
T T
<« «——— «——

Figure 4.3: Two cascaded networks.

This procedure can be continued to calculate the overall transmission matrix of

a chain of two-port networks.

Relation Between Transmission and Scattering Matrices

Equation 4.3 shows that the transmission matrix elements do not directly represent
the relations between the incident field amplitude at one port and the reflected field
at the same port or the transmitted field through the other port. Scattering ma-
trix is another matrix representation of a network which relates the incident and
reflected fields straightforwardly. For the two-port network depicted in Figure 4.4,

the scattering matrix is defined as:

by St Sie ay
by Sa1 Sa as

The correspondence between the transmission matrix and scattering matrix am-

plitudes is as follows: Ay =a; , By = b1 , Ay = by and By = as.
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Figure 4.4: Scattering matrix of a two-port network.

The scattering matrix elements are given by:

Sll = 521 = 822 = 812 = (46)

ax az=0 a1 az=0 a2 a1=0 a2 a1=0

Referring to Equation 4.6, it is clear that Sy, and S, directly express the trans-
mittance and reflectance of a network when it is excited at port one. However, it is
not easy to find the overall scattering matrix of a chain of cascaded networks. Con-
sequently, to obtain the transmittance and reflectance of a cascaded network, firstly,
the overall transmission matrix is calculated, and secondly, the overall scattering

matrix is derived from it using the following matrix equation:

1 Tgl det'T

S=_—
Tll

1 =T

S11 and Sy; of the overall scattering matrix represents the transmittance and

reflectance of the cascaded network.
4.3.2 Transmission Matrix Method for Binary Supergratings

For the binary grating shown in Figure 4.5, each element is approximated by a layer

with refractive index of ny or nz. The transmission matrix of an element containing
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a boundary from ns to ny and a propagation length of L is given by:

T== (4.8)
t\ Bl o—iBL

where (3 is the propagation constant of the element with a refractive index of na,

and r and t are expressed as:

ng —na

L Tk T S (4.9)
ns + No
Ny
= el el
\ﬁ/\_} ny
\/\
' Y
4#

>
w
>
w
>
N
>
w

Figure 4.5: Schematic of a binary supergrating in which a set of elements are magnified.

To calculate the transmittance or reflectance of the binary grating at a given
wavelength, in the first step, the transmission matrices of its individual elements are
multiplied. In the second step, the scattering matrix is calculated using Equation
4.7 in which S5 and Si; provide the transmittance and reflectance of the grating,

respectively.
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4.4 Validation of the Method

The Boolean PSO-based design method for the BSG was tested by two design cases.
In the first case, the reflectance spectrum of a single defect cavity sandwiched between
two Bragg reflectors was provided as the optimization goal. In the second case, the
reflectance spectrum of a grating with a random refractive index distribution was
considered as the optimization goal. The method was also compared with a genetic

algorithm in both cases.
4.4.1 Bragg Reflectors Containing a Single Defect Cavity

In this case, the optimization goal was the reflectance spectrum of a 20 layer Bragg
reflector containing a cavity at the middle. The desired device and its corresponding
reflectance spectrum are depicted in Figures 4.6 and 4.7. The length of each element
was a quarter wavelength in the material where Ay = 1550 nm. In the binary array,

“0” and “1” represented refractive indexes of 3.5 and 1, correspondingly.

A2
—>

(O] 1[O]T]O]1[OT]OJ1[1[O[T1]O[1[O[1]O[1][O]

Figure 4.6: A defect cavity sandwitched between two Bragg reflectors with its correspond-
ing binary array.

Starting the optimization with random distributions, the method was able to find

the desired test structure in 600 fitness evaluations. We also compared the method
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Reflection

Figure 4.7: The reflectance spectrum of the grating shown in Figure 4.6

with a genetic algorithm which required 800 fitness evaluations to obtain the same
result. The behavior of these optimization methods in dealing with this problem is
shown in Figure 4.8. This figure shows that this was a very easy problem for both
GA and Boolean PSO.

The Boolean PSO efficiency in dealing with arrays with larger sizes was also stud-
ied. Here, the objective spectrum was set as before, but the array size is increased.
Therefore, the same 20 bit array surrounded by a bunch of zeros was expected as the
potential answer of the optimization process. This was a non-polynomial (NP) time
problem because the search space size was 2477%5%%¢ however, it was expected that

Boolean PSO obtain a close to optimum answer in a reasonable time.

Figure 4.9 shows the required time for Booelan PSO to obtain the optimum result
for different array sizes with the same objective. For example, the time needed to

get an acceptable result for a 100 bit array was around one hour on a workstation
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Figure 4.8: The behavior of Boolean PSO and GA in a 20 layer filter design problem.
Boolean PSO population was 100, C; = Cy = 0.5 © = 0 and V0 = 5. GA population
was 100, crossover rate was 0.8, mutation rate was 0.1. Roulette-wheel selection was used.
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Figure 4.9: Required time for Boolean PSO to obtain the optimum result versus the array

size. The population size is 5 x ArraySize and Viyqp = W. The simulations are done

on a workstation with single core Pentium IV 3GHz CPU, and 4GB of RAM.
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Figure 4.11: The reflection spectrum of the worst obtained result in comparison with the
desired spectrum. The array size is 80.
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with single core Pentium IV 3GHz CPU, and 4GB of RAM. . The population was
five times the array size in each case. As it was shown in Figure 4.9, for arrays larger
than 20 bits, the algorithm was not able to find the optimum in a short period of
time. The worst fitness was around 0.9 when the given array size was 80 as depicted
in Figure 4.10. For this case, the desired and obtained spectra are shown in Figure
4.11. Tt is obvious that the Boolean PSO result is acceptable, because there is a
negligible difference between the spectrum obtained by Boolean PSO and the desired
spectrum, even in the worst case. When the array size is large, it is not possible to
search the whole space in a reasonable period of time and the close to global optimum

result of Boolean PSO is good enough.

4.4.2 BSG with a Random Refractive Index Distribution

To examine the optimizer efficiency in exploring the search space further, another
case was considered in which the array did not have a simple distribution of zeros
and ones. A 40 bit random array was generated and its spectrum was chosen as
the desired spectrum. Figure 4.12 shows the behavior of Boolean PSO and genetic
algorithm in dealing with this problem. The population size for both methods were
800. The Boolean PSO reached the global optimum after 10400 simulations (13
iterations). However, GA was not able to find the global optimum and after 16000

simulations (20 iterations) it resulted in a fitness of 0.03.

4.5 Results

By using Boolean PSO in combination with transmission matrix method, BSG filters
for four different applications were designed. In all design processes, the Boolean
PSO parameter values were 0.1 for the inertia weight (©2) and 0.5 for acceleration

constants (C7, Cs). In each case, we chose the number of solutions at each iteration
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equal to the total number of elements in the BSG array. For comparison, we also

used a genetic algorithm in place of the Boolean PSO in some design cases.

4.5.1 Pass-Band Filters for Wavelength-Division Multiplexing

Two WDM pass-band filters with maximum transmittance at 1540 and 1550 nm and
0.8 nm bandwidth were designed. Figures 4.13 and 4.14 shows the final transmittance
of the optimized filters. The desired transmittance spectrum was 0 dB transmission in
the pass-band and below —30 dB outside the pass-band. The length of the elements
was a quarter wavelength in the material. For the filter at 1540 nm, the allowed
refractive indexes were 3.5 and 2.5, and the total device length was only 79 pum. For

the other filter, the total device length was 113 pum and the refractive indexes were

3.2 and 2.7.

Transmittance (dB)
A
e

1538 1539 1540 1541

Wavelength (nm)

Figure 4.13: Transmittance spectrum of the optimized 79 pm long pass-band filter.
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Figure 4.14: Transmittance spectrum of the optimized 113 pm long pass-band filter.

4.5.2 Wavelength-Selective Filters

Here, a series of single-wavelength BSG filters were designed. FEach filter had a
transmission wavelength that could be selectively varied over 10 nm wavelength range,
while all the structural parameters such as element length, number of elements, and
refractive index step were maintained. Single-wavelength transmission filters can also
be realized by introducing a defect in a photonic crystal structure. Parameters such
as the hole diameter and the defect size must be varied with nanometer resolution to
accurately vary the transmission wavelength in PC structures [49]. Alternately, the
optical properties of PC structures can also be tuned by microfluidics [50]. In the
case of BSG, the desired wavelength is selected by finding the correct order for the

binary sequence.

Figure 4.15 shows the transmittance spectra of the optimized BSG filters in the
wavelength range of 1540 — 1550 nm with 2 nm peak spacing. The target wave-
lengths are shown with dashed vertical lines. The optimization goal was to provide

maximum transmission at the desired wavelength while minimizing transmission at
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other wavelengths with a fitness function defined in equation 4.1. The refractive
indexes were 3.5 and 2.7. The element length was 50 nm, which was the same as
past works [47]. The number of elements was 1000 and the total length of each filter
was 50 pm, accordingly. It is clear that the Boolean PSO was able to achieve good

single-wavelength selection over a wide range of wavelengths.
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Figure 4.15: Transmittance spectra of 50 um long BSG filters. The peak spacing is 2 nm.

Figure 4.16 shows the refractive index distribution of the optimized BSG filter
at 1550 nm, with the transmission shown in Figure 4.15. A blown-up portion of
this distribution is shown to emphasize the aperiodic nature of the optimized BSG

structure.

4.5.3 A Multi-Wavelength Filter for Compact Tunable Lasers

In this section, a multi-wavelength filter with three equally spaced peaks of equal

transmission is presented. The wavelength spacing was chosen to be 4 nm, as in
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Figure 4.16: A. Refractive index distribution of the BSG filter at 1550 nm with 1000
elements. Small refractive index is shown with a dark color bar and large refractive index
with a light color bar. B. A magnified region of refractive index distribution in part A.

past works on filters for tunable lasers [51]. Here, the element length was doubled
to 100 nm (as compared with the single-wavelength filter) to enable less demanding
fabrication resolution. It was desirable to maintain a compact design, at least below
100 pm. Therefore, the number of elements was reduced to 800, so that the overall

length was 80 um. The corresponding size of the search space was 28%°. The refractive

indexes were chosen to be 3.5 and 2.5.

In this case, the optimization of Equation 4.1 had three times the number of
wavelengths as the previous example. Therefore, computation time was increased
considerably. As a result, we added an ad-hoc penalty to the fitness defined in

Equation 4.1 to wean initial poor candidates from the search space.

Figure 4.17 shows the results for the calculated transmittance spectrum of the

optimized BSG.

4.5.4 A Broad-Band Filter for Intarchip Optical Networks

Microprocessor performance has been improved recently by using multiple processor

cores on a single chip rather than by increasing the transistor speed [52]. Efficient
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Figure 4.17: Transmittance spectrum of an 80 um long multi-wavelength BSG filter.

communication among these cores requires ultra-high bandwidths, minimum laten-
cies, and low power dissipation which are not accessible by electrical communications
[53, 54]. To avoid the aforementioned bottlenecks in electrical communications, an
intrachip optical network (ICON) architecture has been proposed recently [53]. ICON
uses 3D integration [55] to combine an on-chip optical network plane with a sepa-
rate microprocessor plane. Optical components with enormous bandwidths and small

footprints are key requirements of ICON.

By using Boolean PSO, a pass-band filter at 1550 nm with a 4 nm bandwidth
was designed for ICON applications. Figure 4.18 shows the final transmittance of
the optimized filter. Complete transmission in the pass-band and zero transmission
outside the pass-band was the desired transmittance spectrum. The basic array was
chosen to have 700 elements. The element length was 100 nm and thus the total

length of the device was 70 pym. The refractive indexes were chosen to be 3.3 and
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Figure 4.18: Transmittance spectrum of a 70 pm long pass-band BSG filter.
2.6.

The enormous bandwidth and small footprint of this filter makes it appropriate

for intrachip optical networks.

4.5.5 Comparison with Genetic Algorithm

We compared the performance of the Boolean PSO with GA in two of the above
problems. Figure 4.19 shows the results for the problem of multi-wavelength filter
which was the hardest problem for an optimization algorithm due to the number
of involved wavelengths. The Boolean PSO converged to a better result in a short
time, while the GA was trapped in a poorer local optimum solution. Similar results
obtained for the single-wavelength filters. Although in some cases both algorithms
result in good solutions, the simpler implementation and reduced bookkeeping of

PSO make it appealing [41].
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Figure 4.19: Best fitness of iterations in two methods applied to the multi-wavelength
BSG of figure 4.17. The Boolean PSO and GA population was equal to the total number
of elements in the BSG array. A multipoint crossover GA with a crossover rate of 0.8, a
mutation rate of 0.1, and a roulette-wheel selection was used. Boolean PSO parameters
were Cp = Oy = 0.5 Q = 0.1 and Vg, = A7r5ze,

4.6 Discussions

The details of BSG implementation depend upon the specific material system used -
a tunable laser will likely use active semiconductor materials, whereas an intrachip
optical network will likely use silicon-based materials. Here, we did not wish to limit
the consideration to a specific implementation, so the problems were considered in one
dimension, as was done in the past [27, 47], with the understanding that diffraction

losses should be minimized.

As demonstrated in Figure 4.17, the large refractive index step BSG provides

multi-wavelength filters that are an order of magnitude more compact than past
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multi-wavelength gratings in integrated tunable laser technologies [47, 2]. As com-
pared with single-wavelength photonic crystal filters, the large refractive index step
BSG has relaxed resolution, which allows for single-step photolithography, while re-

tain a compact structure.

It should be noted that the desired filter may not exist within the search space
provided by the large refractive index step BSG, and so we only claim near-arbitrary
filtering capability. While the phase was not included in the fitness function defined
in Equation 4.1, it may be modified in a straightforward way to include phase filtering

as well.

We have compared the performance of the Boolean PSO with GA in above prob-
lems. Although in many cases both algorithms result in good solutions, the simpler
understanding and implementation of PSO due to less operators involved in this algo-
rithm make it appealing [41]. Past works have demonstrated Convergence Guaranteed
PSO (CGPSO) [56, 57], which may be used to further improve the performance of

the compact optical filters proposed here.

4.7 Conclusions

Compact optical filters were demonstrated by using a large refractive index step BSG
structure. Combining Boolean particle swarm optimization with the transmission ma-
trix method, pass-band filters for wavelength-division multiplexing applications were
designed. Wavelength selection in single wavelength filters was also demonstrated
without changing the refractive index step or element length. A multi-wavelength
filter which is an order of magnitude shorter than previous BSG devices has also been
presented for tunable laser applications. A broad-band filter suitable for intrachip

optical networks was also proposed.



61

The BSG architecture may be readily fabricated with optical lithography and
existing semiconductor technology. As compared with defect-based photonic crystal
filters, a less stringent fabrication resolution is allowed by the compact large index
step BSG, while the device size is still of the order of tens of micrometers. The large
refractive index step BSG allows for compact devices that can be densely integrated,
which is promising for many applications, including intrachip optical networks and

compact tunable lasers.
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Chapter 5

Conclusion

The contributions in this thesis are in two areas: (1) developing a new inverse design
method for designing two-dimensional photonic crystals, and (2) introducing the
concept of binary supergrating with large refractive index changes accompanied by

developing an inverse design method for BSG structures.

This thesis introduces Boolean PSO in conjunction with the scattering matrix
method as a new tool for designing two-dimensional photonic crystals. The potential
of this approach is illustrated in a lens design problem. The PC lens can be used to
connect a photonic crystal circuit to an optical fiber. The resulted lens has an F-
number of 0.39 which is lower than what is reported so far. The appropriate behavior

of this optimization process in comparison with genetic algorithm is also presented.

This thesis also introduces a combination of Boolean particle swarm optimization
with the transmission matrix method as a new tool for designing binary supergrating
filters with a large refractive index step. This method provides new capability for
designing filters with almost arbitrary wavelength filtering and more compact than
similar devices previously realized. The versatility of the large refractive index step
BSG has been demonstrated by designing filters for various applications. Two WDM
pass-band filters with 79 ym and 113 pum lengths are designed to operate at 1540 nm

and 1550 nm, respectively. Several 50 pum long single-wavelength filters are designed,
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each having a different wavelength while using the same structural parameters. A
multi-wavelength filter for tunable lasers is also proposed in an 80 pm long structure.
A 70 pm long broad-band filter to operate at 1550 nm is also demonstrated for
intrachip optical network applications. A genetic algorithm is substituted for the
Boolean PSO; however, Boolean PSO shows better performance in these cases. The
BSG architecture may be readily fabricated with optical lithography and existing
semiconductor technology, which makes these results exciting for many applications
including what is mentioned above. The compact size of the large refractive index
step BSG means that it is well-suited for integration, as well as for increasing the

number of discrete devices that can be fabricated from a single wafer.

One major enhancement could be made to improve the utility of the proposed
inverse design methods if parallel computers are used. In the case of photonic crystal
lens, we could only consider the electric field at the focal point due the limited
computational resources. Considering more points around the focal point during the
optimization might result in a lens with even lower F-number. Although scattering
matrix method is a semi-analytical technique and it is fast, adding only one more
point around the focal point doubles the optimization time. If parallel computers are

not used, the algorithm cannot converge to a solution in a reasonable time period.

In the case of binary supergrating filters especially the multi-wavelength filter, we
were not able to extend it to a larger wavelength interval for more peaks. Adding
more wavelength samples requires increasingly more time. Parallel computers can
open the way for exploring new filters for many applications such as widely tunable

lasers.
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