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Abstract

The focus of this thesis is to understand the applicability of Artificial Intelligence mainly,

Neural Network models in the prediction of the optical responses of superconducting metama-

terials which is inherently a quantum phenomenon. It discusses the viability of several Neural

Network architectures in solving this problem and lays out quantitative results comparing

the different architectures for the reader to choose based on their approach and parameters

such as nature of the task and resources. Superconducting metamaterials like Niobium show

the unique phenomenon of plasmon polariton formation, whether they are surface plasmon

polaritons or bulk plasmon polaritons, when exposed to radiation in a specific wavelength

range. This thesis also focuses on the determination and replication of the mechanisms of

plasmon polariton formation in the Niobium metamaterial via simulation environments and

paves the way for future Machine Learning work in the ever-changing world of plasmonics.
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Chapter 1

Introduction

Plasmonics, also known as nanoplasmonics, involves the generation, detection, and manipula-

tion of optical signals at metal-dielectric interfaces on the nanometer scale. These plasmonic

phenomena have catalyzed advancements in diverse optical applications, including nonlinear

optics, thermo-photovoltaics, nanoscale heat transfer systems, photothermal therapy, and

plasmonic-based solar cells. The unique ability of plasmonic materials to confine light to

subwavelength dimensions has fueled extensive research into their properties and applications.

The plasmonic materials currently utilized for the aforementioned applications are primarily

confined to noble metals like gold and silver, known for their excellent optical characteristics

that allow for narrow-band plasmon resonances. Nonetheless, their inadequate thermal stabil-

ity can be addressed by employing refractory materials in plasmonic applications. Niobium,

which is categorized as a refractory material, possesses optical properties akin to gold and

additionally demonstrates quantum effects such as superconductivity, making it an extremely

promising candidate for both contemporary and upcoming plasmonic systems focused on

active plasmonic devices and plasmonic single-photon detectors for quantum computing.

The interaction of light with metal surfaces is primarily influenced by free electrons, which

act like a plasma described by a dielectric function of the form ϵ = 1− ω2
p

ω
, becoming negative

below the plasma frequency, ωp, related to bulk longitudinal electron excitations. These

oscillations, known as surface plasmons, give rise to various distinct phenomena, including

surface-enhanced Raman scattering (SERS). At a fundamental level, a plasmon represents

the quantum of these collective electron oscillations. Therefore, a plasmon is essentially the

5



quantum unit of the collective excitation of free electrons within solids. The frequency of a

surface plasmon on a flat metallic surface, ωsp, can be easily determined from the frequency

of a bulk plasmon of the metal since it relates to the condition Re ϵm(ωsp) = −ϵi, where

ϵi > 0 denotes the dielectric constant of the dielectric material adjacent to the metal [2].

When radiation of a particular wavelength range (usually in the Vis-NI range) is incident

on a metallic surface, the surface plasmon excitation gets coupled to the photon resulting

in a hybrid excitation wave called a surface plasmon polariton. Plasmonics leverages these

hybrid waves, often through engineered materials called metamaterials. These metamaterials

consist of periodic or aperiodic nanostructures with dimensions significantly smaller than

the wavelength of light. By tailoring these structures, plasmonic devices can be designed to

exhibit customized optical properties for a range of applications. [3].

There are several types of surface plasmon polaritons (SPPs) that arise based on various

factors, including the dimensions of the nanostructure, the nature of the surface features,

and the periodicity of the structure. Among the most widely studied types of SPPs are

localized surface plasmon polaritons (LSPPs) and spoof or designer SPPs. Localized SPPs

occur in nanostructures such as metal nanoparticles or nanoholes, where the plasmons

are confined within the structure, leading to highly tunable resonance properties. These

localized resonances enhance electromagnetic fields at specific points, making them useful

for applications such as sensing and nonlinear optics. On the other hand, spoof or designer

SPPs are artificially engineered surface modes that mimic conventional plasmonic behavior

in materials that do not naturally support plasmonic excitations. By introducing periodic

surface patterns or corrugations, these modes allow for the manipulation of light in ways that

extend beyond the constraints of traditional plasmonic materials, enabling novel applications

in waveguiding and optical communication.

The integration of neural networks into plasmonics has seen the application of diverse

architectures to address both forward and inverse design problems. Forward problems involve

predicting the optical response of a nanostructure given its physical parameters, while inverse

problems focus on determining the structural parameters needed to achieve a desired optical

response [4,5]. A typical workflow for applying neural networks in plasmonic research includes:

• Simulation Environment Setup: Selecting a computational platform, such as finite-

difference time-domain (FDTD) or finite element method (FEM) software, to model
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plasmonic interactions.

• Validation: Ensuring the accuracy of the simulation results by comparing them with

experimental data.

• Generation of training data: Generating extensive training datasets through simu-

lations, incorporating variations in structural and material parameters.

• Feature mapping: Discretizing the nanostructure’s volume and mapping its features

to the desired optical responses.

• Model Optimization: Fine-tuning neural network architectures to maximize predic-

tive accuracy and computational efficiency.

This thesis adopts a comparative approach to examine the application of neural networks

in relating the plasmonic properties of metamaterials to their physical features. A significant

focus is placed on evaluating the performance of different neural network architectures

for these tasks. Additionally, the thesis investigates various simulation software platforms

to identify the most efficient and accurate tools for generating reliable training data. By

integrating computational physics with machine learning, this research aims to elucidate the

mechanisms and nature of light-matter interactions in artificially designed surface-corrugated

niobium metamaterials.

The study relates to niobium nanodevices incorporating nanoantennas and split-ring

resonator voids at periodic intervals. It builds upon the previous work of my supervisor

and their research team on photonic superconducting circuits. While the experimental

data has already been recorded and published, my research takes a purely theoretical and

computational approach, employing simulations and machine learning techniques to predict

and fine-tune the optical response of these devices based on their structural features [6-8].

By leveraging advanced computational methods, this study seeks to bridge the gap between

theoretical modeling and experimental observations, enabling a deeper understanding of how

the engineered nanostructures influence plasmonic behavior in niobium-based metamaterials.

The choice of niobium as a material system is particularly compelling due to its dual

functionality as a plasmonic material and a superconductor. This duality enables the explo-

ration of novel phenomena, such as the interplay between superconductivity and plasmonics,

and their potential applications in quantum information science. Specifically, the surface
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corrugation of niobium metamaterials introduces additional complexity to the light-matter

interaction, creating opportunities for designing devices with highly tailored optical responses.

Overall, this thesis represents a confluence of materials science, computational physics,

and machine learning, aiming to advance the understanding and application of plasmonic

metamaterials. By leveraging the unique properties of niobium and the predictive power

of neural networks, this work contributes to the development of next-generation plasmonic

devices with applications ranging from photonic computing to quantum technologies.
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Chapter 2

Preliminaries

Following are some definitions and physical terms used in calculations done throughout the

thesis

Definition 2.0.1. Polarizability α is a measure of how easily a material or particle becomes

polarized in response to an external electric field. It quantifies the induced dipole moment p

per unit applied electric field E0 It is defined via the equation:

p = ϵ0ϵmαE0 (2.1)

where

• p is the induced dipole moment

• ϵ0 is the permittivity of free space having value 8.85 × 10−12 SI Units

• ϵm is the dielectric constant of the surrounding medium

• α is the polarizability

• E0 is the electric field

Definition 2.0.2. The dielectric function ϵ(ω) of a free electron gas (also known as the

Drude model dielectric function) describes how a material responds to an external oscillating

electric field at frequency

ω

9



. It is defined as:

ϵ(ω) = 1 −
ω2
p

ω2 + iγω
(2.2)

where

• ωp is the plasma frequency, which characterizes the collective oscillations of free electrons

• γ is the damping coefficient, representing energy loss due to electron scattering

• ω is the angular frequency of the applied fieldis the angular frequency of the applied field

Definition 2.0.3. A voxel (short for ”volume pixel”) is the three-dimensional equivalent of a

pixel in a 2D image. It represents a discrete element of a three-dimensional space, typically

in a uniform cubic grid. Voxels are often used in computational simulations, medical imaging,

and 3D rendering to represent objects and spatial data.

Voxelization is the process of converting a 3D model, such as a point cloud or a mesh, into

a structured voxel grid. This involves dividing the 3D space into smaller cube-like elements,

each storing information about the object’s presence at that location. The resolution of a voxel

grid is determined by:

Nx =
Lx

s
, Ny =

Ly

s
, Nz =

Lz

s
(2.3)

where

• Lx, Ly, Lz are the dimensions of the bounding box encapsulating the model

• s is the user-defined voxel size

• Nx, Ny, Nz are the number of voxels along each axis

For example, if the bounding box dimensions are 15 × 20 × 25 and the voxel size is set to

s=0.5, then the resolution of the voxel grid will be 30 × 40 × 50. A finer voxel size increases

resolution, capturing more details of the model, but also significantly increases computational

cost. Voxelization is useful in applications requiring a structured representation of 3D objects,

such as physics simulations and deep learning models trained on 3D data.
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Definition 2.0.4. A point cloud is a collection of discrete data points in a 3D coordinate

system, representing the shape and structure of an object. Each point in a point cloud is

defined by its spatial coordinates (x,y,z) and may also carry additional attributes, such as

color, intensity, or surface normals.

Point clouds are typically obtained from 3D scanning methods like LiDAR, structured

light, or photogrammetry. Unlike voxel grids, which impose a fixed structure on the data, point

clouds offer a more flexible representation. They provide several advantages, particularly for

applications in neural networks:

• Precision and Detail: Each point directly represents a position in 3D space, capturing

fine details of an object’s surface without imposing a predefined grid structure.

• Scalability: Point clouds can be efficiently stored and processed at different densities,

making them suitable for large-scale datasets.

• Flexibility in Resolution: Unlike voxel grids, where the resolution is fixed, point

clouds can adaptively vary their density, allowing for higher fidelity in regions of interest

while maintaining efficiency.

• Compatibility in Deep LearningModels: Many neural network architectures, such

as PointNet and Graph Neural Networks, are optimized for point cloud processing,

making them a preferred choice for machine learning applications involving 3D data.

Given the computational cost and memory constraints associated with voxelization, point

clouds were chosen as the primary 3D data representation in this study.

Definition 2.0.5. A mesh is a collection of vertices, edges, and faces that define the shape of

a 3D object. The most common type of mesh representation is the triangular mesh, where an

object’s surface is approximated by a set of interconnected triangles. Each triangle is defined

by three vertices in 3D space.

Meshes are widely used in computer graphics, physics simulations, and 3D printing due to

their efficiency in representing complex surfaces. Converting a 3D model into a mesh allows

for operations such as:

• Voxelization: Converting a mesh into a structured voxel grid for simulations and deep

learning applications.
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• Surface Analysis: Extracting geometric properties such as curvature and topology.

• Rendering and Visualization: Generating realistic representations of objects in com-

puter graphics.

Meshes serve as an intermediate representation between raw point clouds and structured

voxel grids, offering a balance between precision and computational efficiency.
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Chapter 3

Background

This chapter establishes the fundamental plasmonic physics underlying the decay of evanescent

fields at metal-dielectric interfaces, focusing on surface plasmon polaritons (SPPs), localized

surface plasmon polaritons (LSPPs), and spoof/designer surface plasmon polaritons (SSPPs).

By examining these phenomena, we aim to identify the key factors that influence the optical

behavior of surface-corrugated niobium nanodevices [9-12]

Additionally, this chapter provides a foundational overview of neural networks, covering

their core components, fundamental working principles, and mathematical formulations. It

introduces the key types of neural networks employed in this study, detailing their underlying

equations and mechanisms to establish a theoretical basis for their application in plasmonic

simulations and predictive modeling.

3.1 Surface Plasmon Polaritons (SPPs)

SPPs are electromagnetic waves that travel along the border between a metal and a dielectric

material, characterized by the presence of surface charges. To analyze the excitation of these

SPPs, we examine a p-polarized wave (TM mode, where the electric field vector lies in the

plane of incidence) that strikes a smooth flat interface at an angle of incidence θ1. The wave

entering the dielectric has a photon momentum of ℏkd, corresponding to a refractive index

nd. According to Snell’s law, refraction occurs at the boundary based on the equation given
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below: (Derivation from [9])

nd sin θ1 = nm sin θ2 (3.1)

, where nm is the refractive index of the metal and θ2 is the angle of refraction as depicted in

the figure 3.1.

Figure 3.1: Illustration of p-polarized electromagnetic waves striking a flat boundary between
two materials at an angle of incidence θ1 from [9]

Beyond the limiting or critical angle θc, the wave cannot propagate in the metal; in this

case, the limiting incident angle is called the critical angle θc, which is given by

sin θc =
nm

nd

(3.2)

A wave striking the surface at an angle greater than θc possesses more momentum in the

plane of the surface than what the metal can accommodate. When a p-polarized wave hits

the interface, the electric field that oscillates induces surface charges at the boundary between

the metal and the dielectric, leading to a collective oscillation of these surface charges. Even

though the wave is completely reflected at the interface, the oscillating charges generate

radiation fields that extend into the metal. These fields decay spatially (evanescent fields) in

a direction perpendicular to the interface (see figure 3.2).

Since there is no boundary that is perpendicular to Ex, this component remains constant

across the boundary. In contrast, the same does not hold for Ez, the component of E that

is normal; the normal component of D, Dz, remains continuous (as there is no free charge),

14



(a) Illustration of electromagnetic wave and
surface charges at the metal-dielectric interface

(b) The local E-field is amplified near the surface
and decays as distance perpendicular to surface
increases

Figure 3.2

and Ez must change if the permittivity ϵ changes since Dz = ϵdϵ0Ezd = ϵmϵ0Ezm. This

change in Ez leads to variations in polarization at the interface. From these straightforward

considerations, it is clear that while s-polarized incoming radiation typically does not lead

to the formation of charges at a flat interface, p-polarized waves will inherently generate

time-varying polarization charges at the interface. Assuming the x–y plane serves as the

interface and wave propagation occurs in the x direction exclusively, when z>0, one considers

Ed = (Exd, 0, Ezd) e
−kzdzei(kxx−ωt) (3.3)

Hd = (0, Hyd, 0) e−kzdzei(kxx−ωt) (3.4)

when z<0, one has

Em = (Exm, 0, Ezm) ekzmzei(kxx−ωt) (3.5)

Hm = (0, Hym, 0) ekzmzei(kxx−ωt) (3.6)
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By analyzing equations 3.3 and 3.5 with respect to the Maxwell equation ∇.E = 0, the

components of the electric field are expressed as

Ezd = i
kx
kzd

Exd (3.7)

Ezm = −i
kx
kzm

Exm (3.8)

Conversely, we examine equations 3.3 and 3.4 and utilize the Maxwell equation in the

following manner:

∇× E = −1

c

∂H

∂t
(3.9)

Then we have

−kzdExd − ikxEzd = ikHyd (3.10)

where k = ω/c denotes the wavevector in a vacuum. In a similar manner, by examining

equations 3.5, 3.6, and 3.9, we obtain

kzmExm − ikxEzm = ikHym (3.11)

Regarding equations 3.7 and 3.8, equations 3.10 and 3.11 can respectively be represented

as follows:

ϵdkExd = ikzdHyd (3.12)

ϵmkExm = −ikzmHym (3.13)

where

k2
zd = k2

x − ϵdk
2 (3.14)

k2
zm = k2

x − ϵmk
2 (3.15)

Furthermore, it is noted that the tangential components of the electric field (E) and

magnetic field (H) are continuous due to the boundary conditions for electromagnetic fields

at z=0. This indicates that we have Exd = Exm and Hyd = Hym. The relationship between

the dielectric constants and the normal components of the wavevectors in the two distinct
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media is described by
kzd
kzm

= − ϵd
ϵm

(3.16)

In terms of equations 3.14, 3.15 and 3.16, we have

kspp = k

√
ϵdϵm

ϵd + ϵm
(3.17)

The dispersion curve for surface plasmon polaritons (SPPs) exhibits nonlinear characteristics,

as demonstrated in figure 3.3. At a specific frequency, the momentum of the SPP wave

(ℏkSPP ) exceeds that of a photon in free space (ℏk), leading to a momentum discrepancy

between light and SPP. To resolve this mismatch, it is crucial to couple the light and SPP

modes at the interface, such as:

Figure 3.3: The dispersion of surface plasmon polaritons on a metallic surface is depicted.
The dispersion of surface plasmons and light in the nearby medium is also illustrated. [2]

ϵd + ϵm = 0 (3.18)

Collective oscillations can be produced by surface charges, allowing for the excitation of

surface plasmon polaritons (SPPs). The metal’s dielectric constant, denoted as ϵm, follows

the free electron model:

ϵm = 1 −
w2

p

w2
(3.19)

where ωp represents the bulk plasma frequency. For numerous metals, this frequency falls

within the ultraviolet wavelength range, beyond which the material ceases to exhibit metallic
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properties. According to equations 3.18 and 3.19, the frequency of the SPP is expressed as

ωspp =
ωp√

1 + ϵd
(3.20)

It has been noted that the frequency of the SPP is lower than that of the bulk plasma

frequency. As previously mentioned, the excited SPP waves feature evanescent fields that

penetrate into both the dielectric and the metal. These fields decrease in strength spatially

in a direction that is perpendicular to the interface (see figure 3.1), and the decay behavior

of the SPP wave in the dielectric and the metal aligns with equations 3.3 and 3.5. In this

context, the penetration depths within the dielectric and the metal, referred to as δd and δm,

are defined respectively as δd = 1
kzd

and δm = 1
kzm

, where the electric fields reach 1
e

of their

peak values. According to equations 3.13 and 3.16, the penetration depth δd of the SPP

wave into the dielectric is expressed as

δd =
1

k

∣∣∣∣∣ϵd + ϵm
−ϵ2d

∣∣∣∣∣
1
2

(3.21)

δm =
1

k

∣∣∣∣∣ϵd + ϵm
−ϵ2m

∣∣∣∣∣
1
2

(3.22)

This concludes the fundamental electrodynamic formulation for SPP excitation at a

metal-dielectric interface. To fully understand the key factors influencing the optical behavior

of surface-corrugated niobium nanodevices, it is essential to examine the two primary types

of SPPs—localized surface plasmon polaritons (LSPPs) and spoof/designer surface plasmon

polaritons (SSPPs).

3.2 Localized Surface Plasmon Polaritons (LSPPs)

Localized surface plasmons are stationary excitations of the conduction electrons within

metallic nanostructures that interact with the electromagnetic field. The curvature of the

particle’s surface applies an effective restoring force on the driven electrons, enabling a
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resonance to occur, which results in field enhancement both within the particle and in the

near-field region outside of it. This phenomenon is known as localized surface plasmon

resonance (LSPR).

To grasp LSPR, the resonance criteria are established by examining how metal nanopar-

ticles interact with an electromagnetic wave. The behavior of a particle with size d in

relation to the electromagnetic field can be assessed using the straightforward quasi-static

approximation, as long as d << λ i.e. the particle is much smaller than the wavelength of

light in the surrounding medium. The geometry and setup considered here is the most simple

geometry however upon considering more complex cases it is seen that this simple geometry

describes more complex cases very effectively [10]. First, consider a homogenous, isotropic

sphere of radius a positioned at the origin within a steady, uniform electric field E = E0ẑ

(figure 3.4) (Derivation from [10])

Figure 3.4: Illustration of a homogeneous sphere placed into an electrostatic field taken from
[10]

In the electrostatic approach, the solution is described by the Laplace equation ∇2ϕ = 0,

allowing the electric field to be expressed as E = −∇ϕ. The problem’s inherent azimuthal

symmetry suggests that the solution will follow a particular structure;

ϕ(r, θ) = Σ∞
l=0[Alr

l + Blr
−(l+1)]Pl(cos θ) (3.23)

where Pl(cos θ) represents the Legendre Polynomials of order l, with θ being the angle formed

between the position vector r at point P and the z-axis. To ensure that the potentials do

not diverge at the origin, the expressions for the potentials ϕin within the sphere and ϕout

beyond the sphere can be expressed as

ϕin(r, θ) = Σ∞
l=0Alr

lPl(cos θ) (3.24)

ϕout(r, θ) = Σ∞
l=0[Blr

l + Clr
−(l+1)]Pl(cos θ) (3.25)
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The coefficients Al, Bl, and Cl can now be calculated based on the boundary conditions at r

→ ∞ and at the surface of the sphere at r = a. The condition that ϕout → −E0z = −E0r cos θ

as r → ∞ implies that Bl = −E0 and Bl = 0 for l ̸= 1. The boundary conditions at r =

a determine the remaining coefficients Al and Cl. The requirement for the equality of the

tangential components of the electric field necessitates that

−1

a

∂ϕin

∂θ

∣∣∣∣∣
r=a

= −1

a

∂ϕout

∂θ

∣∣∣∣∣
r=a

(3.26)

and the equality of the normal components of the displacement field

−ϵ0ϵ
∂ϕin

∂r

∣∣∣∣∣
r=a

= ϵ0ϵm
∂ϕout

∂r

∣∣∣∣∣
r=a

(3.27)

Applying these boundary conditions results in Al = Cl = 0 for l ̸= 1, and through the

computation of the other coefficients, Al and Cl for the potentials are determined to [Jackson,

1999]

ϕin = − 3ϵm
ϵ + 2ϵm

E0r cos θ (3.28)

ϕout = −E0r cos θ +
ϵ− ϵm
ϵ + 2ϵm

E0a
3 cos θ

r2
(3.29)

The interpretation of Equation 3.29 is that ϕout represents the combination of the external

field and the field generated by a dipole situated at the center of the particle. To express

ϕout differently, we can incorporate the dipole moment p as

ϕout = −E0r cos θ +
p.r

4πϵ0ϵmr3
(3.30)

p = 4πϵ0ϵma
3 ϵ− ϵm
ϵ + 2ϵm

E0 (3.31)

Hence the applied field induces a dipole moment inside the sphere of magnitude propor-

tional to |E0|. Now using the definition of polarizability α, we have

α = 4πa3
ϵ− ϵm
ϵ + 2ϵm

(3.32)

The complex polarizability of a small sphere with a diameter below the wavelength is presented
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in Equation 3.32 within the electrostatic approximation. Analyzing how polarizability and its

phase vary with frequency ω leads to the clear conclusion that there is a resonant enhancement

of polarizability when the condition |ϵ + 2ϵm| reaches a minimum, which for the scenario of

small or gradually changing Im[ϵ] around the resonance translates to

Re[ϵ(ω)] = −2ϵm (3.33)

This relationship is known as the Fröhlich condition, with the corresponding mode (in an

oscillating field) referred to as the dipole surface plasmon or localized surface plasmon. It is

important to emphasize that the fundamental physics of localized surface plasmon resonance

in a sub-wavelength metallic nanostructure is accurately characterized by this specific case.

LSPP resonances significantly influence the behavior of surface plasmon polaritons (SPP)

on rough surfaces when their frequency is close to that of the SPP. LSPPs can decay into

surface polaritons, which can also be excited by SPP.

In the case of voids in the bulk of a metal, as is the case for the Niobium nanodevices

considered in this thesis, LSP frequencies can be found by solving the respective Dirichlet

problem. The LSP frequencies of a particle and a void of the same shape are related to each

other as

ω2
particle + ω2

void = ω2
p (3.34)

Consequently, the resonances linked to surface plasmons concentrated on voids in metals

can be inferred from established localized surface plasmons on metal particles.

3.3 Spoof Surface Plasmon Polaritons

Recent technological progress and notable sub-wavelength effects have prompted the investi-

gation of surface plasmon polaritons (SPPs) for various applications, such as super-resolution

imaging, integrated optical circuits on chips, biosensing, compact sensors, data storage,

photovoltaic systems, graphene-related technologies, and photolithography [12-16]. There is

an increasing interest in utilizing the distinctive characteristics of SPPs at lower frequencies

to explore numerous integrated circuits and devices within the microwave and terahertz

frequency ranges. However, SPP waves are unable to propagate at these frequencies, as

metals behave like perfect electric conductors in the terahertz and microwave domains. To
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realize SPPs at these lower frequencies, plasmonic metamaterials have been proposed [11,

17-23], which are made up of engineered surfaces that contain holes and grooves on metal

surfaces, also known as designer or spoof SPPs.

Materials exhibiting distinct dielectric properties from the plasma form (as shown in

equation 3.19) can also host electromagnetic surface modes. While a perfect conductor is

typically an exception, it can still be made to support surface modes through the creation of

an array of holes in its surface. The subsequent calculations will demonstrate the presence of

these surface modes. Let’s consider a basic model of a perfect conductor surface that has

been pierced by a pattern of holes. For the sake of simplicity, we will assume that the holes

have a square cross-section of a × a and that they are arranged in a square array of side

length d (see figure 3.5). (Derivation from [11])

Figure 3.5: The model taken from [11]

The electric and magnetic fields are nonexistent within the conductor, but within the

cavities, the electric field exhibits a specific configuration.

E = E0[0, 1, 0] sin
πx

a
eikzz−iωt 0 < x < a, 0 < y < a (3.35)

where

kz = i

√
π2

a2 − ϵhµhk2
0

(3.36)

where ϵh and µh represent the permittivity and permeability, respectively, of any material
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that might occupy the holes. Incoming radiation from outside does not respond to the

specifics of the holes, which it cannot distinguish, and instead perceives an average response

characterized by ϵz, ϵx = ϵy, and µz, µx = µy, for an anisotropic effective homogeneous

medium. It is noted that the waveguide mode’s dispersion remains unaffected by kx or ky in

either of the two potential polarizations, and thus ϵz = µz = ∞ Assume that the effective

homogenous fields in the medium are

E′ = E ′
0[0, 1, 0]eikxx+ikzz−iωt (3.37)

It is necessary for kz to remain identical to that in the waveguide, while kx is determined

by the direction of incidence. In order for this effective field to correspond with the incident

and reflected fields outside the surface, equations 3.35 and 3.37 must yield equivalent average

fields at the surface. Therefore, following the matching process with the incident and reflected

waves,

Ey = E0
a

d2

∫ a

0

sin
πx

a
dx = E0

2a2

πd2
= E ′

0 (3.38)

An argument must be made that the instantaneous flow of energy acroos the surface, (E×H)z,

must same inside and outside the surface, both for the real and effective media,

(E ×H)z =
−kzE

2
0

ωµhµ0

a

d2

∫ a

0

sin
πx

a

2

dx =
−kzE

2
0

ωµhµ0

a2

2d2
= (E ′ ×H ′)z =

−kzE
′2
0

ωµ0µx

(3.39)

The intricate details of the fields surrounding the holes correspond with the highly

evanescent fields present in the vacuum. Since these fields remain confined to the surface

and possess minimal energy, they are often disregarded. By replacing E
′2
0 , we arrive at the

conclusion:

µx = µy =
2d2µh

a2

[
2a2

πd2

]2
=

8a2µh

π2d2
(3.40)

Also, note that we know

kz = k0
√
ϵyµx = i

√
π2/a2 − ϵhµhk2

0 (3.41)
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and if c0 is the velocity of light in vacuo

ϵy = ϵx =
1

µx

(
ϵhµh −

π2

a2k2
0

)
=

π2d2ϵh
8a2

(
1 − π2c20

a2ω2ϵhµh

)
(3.42)

which is the canonical plasmon form with a plasma frequency of

ωpl =
πc0

a
√
ϵhµh

(3.43)

Notice that this is a universal finding, and this effective medium suggests a bound surface

state. This holds true as long as the distance between the voids is significantly less than the

wavelength. Thus, the existence of voids, regardless of their size, leads to a surface plasmon

polariton-like bound state.

By analyzing the underlying electrodynamic principles, we aim to determine which

plasmonic modes play a dominant role in shaping the optical response of the Niobium

nanodevices.

The following section provides a brief introduction to Machine Learning, outlining its

fundamental concepts and mathematical framework. Additionally, it presents an overview of

the different types of Neural Networks employed in this study, detailing their architectures,

working principles, and relevance to modeling plasmonic interactions.

3.4 Machine Learning

ML makes use of statistical techniques and computational algorithms to analyze data, make

predictions and model complicated functions without relying heavily on explicit programming

instructions. It instead allows algorithms to learn purely from past data or experience. The

algorithm autonomously learns the most effective approach to solving the problem by trying

to optimize some objective function, representing the task.

ML techniques come under three broad categories [24]:

• Supervised Learning: These algorithms focus on learning from data that has been
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labeled, where each input is linked to a specific ”correct” output label. They examine

patterns within the labeled data to learn how to predict or classify new, previously

unseen data instances.

• Unsupervised Learning: These algorithms operate on unlabeled data, aimed at

trying to discover classifications and structures within the data. Without explicit

guidance, the algorithms aim to identify groupings among data points, enabling tasks

such as clustering or dimensionality reduction

• Reinforcement Learning: Reinforcement learning algorithms strive to equip an

agent with the ability to make a series of decisions within an interactive setting. The

environment gives agents feedback in the form of rewards or penalties as they explore it.

By engaging in trial and error, these algorithms develop optimal strategies to enhance

cumulative rewards over time.

3.4.1 Neural Networks

A neural network is a computational model that draws inspiration from the organization and

functioning of the neural networks found in the human brain. It is made up of connected

units known as neurons, which are arranged in layers. These neurons accept inputs, carry

out calculations, and generate output signals.

In a typical neural network, there are three main types of layers [25]:

• Input Layer: Obtains the initial dataset, which may consist of images, text, or

numerical values. Every neuron in the input layer corresponds to a characteristic or

property of the input data.

• Hidden Layer: These serve as intermediate layers situated between the input and

output layers. Every neuron in a hidden layer receives inputs from the neurons in the

prior layer, executes a calculation through weighted connections, and transmits the

outcome to the neurons in the subsequent layer.

• Output Layer: The output layer generates the ultimate result of the neural network,

which may be a classification label, a regression value, or another type of prediction.
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The count of neurons in the output layer is determined by the specific task that the

neural network is intended to accomplish.

Neural networks incorporate activation functions to add non-linearities to the model. In

the absence of activation functions, the network would function like a linear regression

model, capable only of learning linear relationships between inputs and outputs. A variety of

activation functions are utilized in neural networks, each possessing distinct properties and

benefits. Among the most common activation functions are sigmoid, tanh, ReLU (Rectified

Linear Unit), Leaky ReLU, and softmax. These functions exhibit various shapes and behaviors,

enabling them to capture diverse types of non-linearities present in the data.

Neural networks initially learn from training data to identify approximate patterns and

relationships within the input data, transforming them into functions. Throughout the

training phase, the network modifies its weights and biases based on the pairs of inputs

and outputs provided in a training dataset. This modification process, commonly known

as backpropagation, seeks to reduce the discrepancy between the network’s predictions and

the actual outcomes. After training, a neural network can apply its learned knowledge to

make predictions on new, previously unseen data. Neural networks have shown impressive

success across numerous applications, such as image and speech recognition, natural language

processing, medical diagnostics, and autonomous driving, among others [26].

A general representation of a Neural Network Architecture is given in Figure 3.6

Figure 3.6: General Neural Network Architecture
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3.4.2 Simple Feed-Forward Networks

The fundamental neural network architecture can be explained through a sequence of func-

tional changes by formulating M linear combinations of the input variables x1,...,xD arranged

as follows: (taken from [24])

aj = ΣD
i=1w

(1)
ji xi + w

(1)
j0 (3.44)

where j=1,...,M and the superscripts denote the respective parameters in the network’s

first layer. The parameters w
(1)
ji are referred to as weights, while the parameters w

(1)
j0 are

referred to as biases. The values aj are termed activations. They are processed through

a differentiable, nonlinear activation function h(), resulting in zj = h(aj). These values

represent the outputs of the basis function:

y(x,w) = f

(
ΣM

j=1wjϕj(x)

)
(3.45)

According to equation 3.45, the nonlinear h() functions are typically selected to be either

sigmoidal or the tanh function. These outcomes are then combined linearly to produce the

activations of the output units:

ak = ΣM
j=1w

(2)
kj zj + w

(2)
k0 (3.46)

where k=1,...,K and K represents the total number of outputs. This transformation constitutes

the second layer of the network, and likewise, w
(2)
k0 refers to the bias parameters. Ultimately,

the activations of the output units are processed using a suitable activation function to

produce the set of outputs yk.

To expedite training in the following iterations of a simple feed-forward neural network,

it is essential to discover an effective method for calculating the gradient of the error

function E(w). This can be accomplished by utilizing a local message-passing approach where

information is transmitted alternately in the forward and backward directions throughout

the network, referred to as Error Backpropagation or simply Backprop. The steps involved

in the backpropagation process can be outlined as follows:

1. Input a vector xn into the network and propagate it forward through the network to
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determine the activations of all hidden and output units.

2. Evaluate the errors δk ≡ ∂En

∂aj
for all the output units

3. Backpropogate the δ′s using the backpropogation formula as:

δj = h′(aj)Σkwkjδk (3.47)

to calculate δj for every hidden unit within the network

3.4.3 Graphical Neural Networks

Graph Neural Networks (GNNs) represent a category of deep learning models tailored for

analyzing data organized in graph structures. Unlike traditional neural networks that handle

grid-like datasets such as images or sequences, GNNs bring deep learning capabilities to

non-Euclidean spaces, making them especially valuable for issues where the connections

between entities are significant.

A graph G = (V,E) comprises a collection of nodes (or vertices) V, and edges E, which

establish pairwise connections among the nodes. Each node v ∈ V may have corresponding

feature vectors hv, and the edges euv may also possess attributes that detail the nature of

interactions between the nodes. GNNs capitalize on these graph architectures to derive

complex, node-specific representations by disseminating information through the edges.

Graph Neural Networks have become widely adopted in numerous scientific and industrial

fields due to their proficiency in modeling intricate relationships within data. In computational

physics, GNNs have been utilized to investigate molecular interactions and forecast material

properties by learning from atomic graphs [28]. In the realm of bioinformatics, they aid in

predicting protein-protein interactions and facilitating drug discovery by capturing structural

and functional relationships within biological networks [29]. GNNs have also found applications

in computer vision, particularly for generating scene graphs [30].

A significant characteristic of GNNs is their capacity to execute message passing, where

every node refines its representation by sharing information with its neighboring nodes. This

iterative procedure enables GNNs to grasp both local and global graph patterns, which makes

them especially effective for applications such as node classification, link prediction, and
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graph regression. Different architectures like Graph Convolutional Networks (GCNs), Graph

Attention Networks (GATs), and Message Passing Neural Networks (MPNNs) have been

created to improve the learning process through various aggregation and update strategies.

In each iteration of message passing within a GNN, a hidden embedding h
(k)
u for each

node u ∈ V is modified based on information collected from the neighborhood of node u,

denoted as N(u) (figure 3.7) (Derivation from [26])

Figure 3.7: Message-passing in GNN’s from [26]

This message-passing update can be expressed as follows:

hk+1
u = UPDATE(k)(hk

u, AGGREGATE(k)([hk
v ,∀v ∈ N(u)]) = UPDATE(k)(hk

u,m
k
N(u))

(3.48)

where UPDATE and AGGREGATE are arbitrary differentiable functions (i.e., neural net-

works) and mN(u) is the ’message’ that is aggregated from u’s graph neighbourhood N(u).

This is a fairly abstract framework of GNNs as a series of message-passing iterations

using UPDATE and AGGREGATE functions. The following describes the most basic GNN

framework.

The basic GNN message passing is defined as

hk
u = σ

(
W k

selfh
k−1
u + W k

neighΣv∈N(u)h
k−1
v + bk

)
(3.49)

where W k
self ,W

k
neigh ∈ Rdk×dk−1

represent trainable parameter matrices, and σ indicates an

element-wise nonlinearity (such as a tanh or ReLU function). The message-passing process in

the fundamental GNN framework is similar to that of a conventional multi-layer perceptron

(MLP), as it depends on linear operations followed by a single element-wise nonlinearity.

We can equivalently define the basic GNN through the UPDATE and AGGREGATE
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functions;

mN(u) = Σv∈N(u)hv (3.50)

UPDATE(hu.mN(u)) = σ(Wselfhu + WneighmN(u)) (3.51)

where we use

mN(u) = AGGREGATEk([hk
v ,∀v ∈ N(u)]) (3.52)

3.4.4 Transfomers

The Transformer model, introduced by [31], revolutionized deep learning by replacing

recurrent architectures with a self-attention mechanism, enabling highly parallelizable and

context-aware representations. Unlike traditional sequence models, Transformers process

entire input sequences simultaneously, making them highly efficient for tasks requiring long-

range dependencies. The key innovation lies in the self-attention mechanism, which allows

the model to dynamically weigh the importance of different input tokens, capturing complex

relationships without relying on sequential processing. Transformers have since become the

foundation of state-of-the-art architectures in natural language processing (NLP), computer

vision, and scientific computing.

The versatility of Transformer models extends across multiple domains. In natural

language processing, models like BERT [32], have achieved breakthroughs in tasks such as

text generation, machine translation, and question-answering. Transformers have also been

applied in drug discovery and bioinformatics, where models such as AlphaFold [33], leverage

attention mechanisms to predict protein folding structures with unprecedented accuracy.

The Transformer architecture referenced in [31] is summarized here briefly. The founda-

tional Transformer architecture consists of six stacked layers. The output generated by layer

l serves as the input for layer l+1 until the ultimate prediction is achieved. On the left side,

there exists a six-layer encoder stack, while on the right side, there is a six-layer decoder

stack:

In this process, the encoder transforms an input sequence of symbol representations

(x1, ...xn) into a sequence of continuous representations z = (z1, ...zn). Based on z, the

decoder produces an output sequence (y1, ..., ym) of symbols, generating one element at a

time.
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Figure 3.8: Message-passing in GNN’s from [26]

1. Encoder stacks: The encoder consists of a series of N = 6 identical layers. Each

of these layers features two sub-layers. The first sub-layer employs a multi-head

self-attention mechanism, while the second consists of a straightforward, positionwise

fully connected feed-forward network. The output of each sub-layer is calculated as

LayerNorm(x + SubLayer(x)), where SubLayer(x) denotes the function performed

by that specific sub-layer.

2. Decoder Stacks: The decoder consists of a series of N = 6 identical layers. Besides

the two sub-layers present in each encoder layer, the decoder includes an additional

third sub-layer that carries out multi-head attention over the encoder stack’s output.

An attention mechanism can be described as converting a query alongside a set of key-value

pairs into a result, with the query, keys, values, and result all being represented as vectors.

The result is computed as the weighted sum of the values, with the weight for each value
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coming from a compatibility function that evaluates the relationship between the query and

the corresponding key.

Attention(Q,K, V ) = softmax(
QKT

√
dk

)V (3.53)

where Q,K and V are the queries, keys and values matrices.

There are several other components to the Transformer model described above including

Position-wise FFN’s, Multi-head attention, Embeddings etc but the main components are as

given above.

3.4.5 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are a class of deep learning models specifically

designed for processing grid-like data, such as images and structured spatial data. Inspired

by the human visual system, CNNs utilize convolutional layers that apply learnable filters to

detect spatial hierarchies of patterns, ranging from simple edges to complex textures. Unlike

fully connected networks, CNNs exploit spatial locality through weight sharing, significantly

reducing the number of parameters and improving computational efficiency. By leveraging

key operations such as convolution, pooling, and non-linear activations, CNNs extract robust

feature representations, making them highly effective for tasks involving spatial relationships

[34].

CNNs have been instrumental in computer vision, powering applications such as image

classification [35], object detection [36]. In medical imaging, CNNs assist in disease diagnosis

by analyzing MRI and CT scans for anomalies such as tumors [37].

A convolution operation is generally defined as an operation on two functions of a real

valued argument (Derivation from [25]):

s(t) =

∫
x(a)w(t− a) da (3.54)

In convolution terminology, the first argument (here x) is called as the input, while the second

argument (here w) is called the kernel and the output is sometimes called the feature map. If
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x and w are defined only on integer t, then its known as a discrete convolution:

s(t) = (x ∗ w)(t) = Σ∞
a=−∞x(a)w(t− a) (3.55)

Typically, the input consists of a multi-dimensional data array, while the kernel is also

a multi-dimensional array of parameters that the learning algorithm adjusts. Furthermore,

convolutions frequently operate across multiple axes simultaneously. For instance, when a

two-dimensional image I serves as the input, a two-dimensional kernel K is generally required

as well:

S(i, j) = (I ∗K)(i, j) = ΣmΣnI(m,n)K(i−m, j − n) (3.56)

Convolution is commutative, hence equivalently:

S(i, j) = (K ∗ I)(i, j) = ΣmΣnI(i−m, j − n)K(m,n) (3.57)

A standard convolution layer comprises three key stages. In the initial stage, the layer

conducts multiple convolutions simultaneously to generate a collection of linear activations.

During the second stage, each of these linear activations is processed through a nonlinear

activation function, such as the rectified linear activation function, often referred to as the

detector stage. In the final stage, a pooling function is applied to further adjust the layer’s

output.

A pooling function substitutes the output of the network at a specific location with a

summary statistic derived from the surrounding outputs. For instance, the max pooling

operation identifies the highest output within a defined rectangular area. In all instances,

pooling contributes to making the representation roughly invariant to minor shifts in the

input.

This outlines the essential background for all the neural network types employed in this

research. A significant optimization aspect shared among all the neural networks in this

study was Optuna.
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3.4.6 Optuna

Hyperparameter tuning is a critical step in optimizing the performance of machine learning

models, particularly deep learning architectures. Optuna is an open-source, automatic

hyperparameter optimization framework designed to efficiently search for the best set of

hyperparameters through various optimization strategies. Unlike traditional grid search or

random search methods, Optuna leverages sequential model-based optimization (SMBO) and

techniques like Tree-structured Parzen Estimator (TPE), Bayesian Optimization, and pruning

mechanisms to dynamically explore the hyperparameter space while reducing computational

costs [38]. By providing a flexible and user-friendly interface, Optuna enables researchers to

define objective functions, search spaces, and sampling strategies, making it a powerful tool

for optimizing deep learning models.

In this research, Optuna was employed to optimize the hyperparameters of the above

described neural network architectures. Given the complexity of these models and their

sensitivity to hyperparameters such as learning rate, batch size, number of layers, and

activation functions, a systematic optimization approach was essential to achieve optimal

predictive performance. Traditional methods like grid search are computationally expensive

and inefficient for high-dimensional search spaces, whereas Optuna’s adaptive sampling

and pruning techniques significantly reduced training time while ensuring convergence to

the best-performing hyperparameter configurations. This automated tuning process was

instrumental in enhancing model accuracy and generalization while minimizing overfitting.

The use of Optuna thus played a pivotal role in refining the predictive capabilities of the

neural networks used in this study.

Optuna uses a define-by-run API [38](an example of which is given in Figure 3.9)

In a define-by-run API, users aren’t required to completely outline every detail of the

optimization strategy upfront. Optuna treats hyperparameter optimization as the task of

minimizing or maximizing an objective function that accepts a set of hyperparameters and

returns a validation score. Each optimization process in Optuna is known as a study, while

each evaluation of the objective function is referred to as a trial. Through interactions with

the trial object, Optuna progressively develops the objective function. The trial object’s

methods create the search spaces dynamically during the execution of the objective function.

This is the basic functionality tool that was used throughout this study and almost all the
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Figure 3.9: An example code of Optuna’s define-by-run API taken from one of the codes
developed during this study

results (predictions from the NN’s) obtained are with the help of this optimization framework.
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Chapter 4

Surface-Corrugated Niobium

nanodevices

This chapter focuses on niobium-based nanodevices and their role in predicting extinction

spectra based on surface corrugations and their resulting electromagnetic properties. The

study aims to analyze how engineered surface structures influence plasmonic behavior, thereby

enabling precise tuning of optical responses for various applications.

In particular, this chapter introduces chip-integrated, visible-light communication-band

modulators based on niobium (Nb) plasmonic nanoantenna arrays and split-ring resonators

(SRRs). These nanostructures support distinct types of plasmonic excitations, which play a

fundamental role in shaping the optical characteristics of the devices. By leveraging periodic

and aperiodic corrugations, these devices exhibit enhanced light-matter interactions, making

them promising candidates for applications in photonic computing, quantum technologies,

and beyond [6-8].

The experimental fabrication and real-world physical designs of these nanodevices were

carried out by my supervisor and their research team. My contribution to this study is pri-

marily theoretical and computational, employing numerical simulations and machine learning

techniques to analyze the optical response of these structures. Utilizing the well-established

background on plasmons and their various types in chapter 3, along with experimental findings

from the research team, I aim to decipher the specific plasmonic modes excited in these

niobium nanodevices in this chapter. This involves determining whether localized surface
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plasmon polaritons (LSPPs), spoof surface plasmon polaritons (SSPPs), or conventional SPPs

dominate the optical response based on structural and material properties.

Additionally, a significant aspect of this work is evaluating the predictive capabilities

of different neural network architectures in modeling extinction spectra. By incorporating

physical and electromagnetic features of the nanodevices as input parameters, various deep

learning models, including convolutional neural networks (CNNs), graph neural networks

(GNNs), and transformer-based architectures, are assessed for their ability to accurately

predict plasmonic responses in the next chapters. This computational approach not only

provides insights into the fundamental physics governing plasmonic interactions in niobium-

based metamaterials but also demonstrates the potential of machine learning in accelerating

nanophotonic device design and optimization.

4.1 Niobium Nano-device arrays

The electrodynamic properties of niobium (Nb) and aluminum (Al) have been investigated

through both theoretical and experimental approaches, categorizing them as metallic super-

conductors. Metallic superconductors serve as essential components for low-temperature

communication circuits and superconducting quantum technologies. Most research conducted

on this technology has focused on the RF, microwave, and terahertz (THz) frequency ranges,

operating under the assumption that photons with energies exceeding several meV—varying

with the material—disrupt the superconducting energy gap, preventing the formation of

Cooper pairs and consequently diminishing superconductivity.

Niobium-based devices exhibit intriguing optoelectronic characteristics when exposed

to visible and near-infrared light. The fabrication of these devices involved the use of

subwavelength nanocircuit arrays applied to the surface of Niobium thin films. A Niobium

thin film with a thickness of 300 nm was deposited onto a Sapphire substrate measuring 30

mm in diameter and 0.5 mm thick.

Variably angled spectroscopic ellipsometry measurements were conducted across a wave-

length range of 200 nm to 2000 nm at room temperature to investigate the optical properties

of unstructured niobium and to facilitate the simulation of the photoresponse of niobium

nanodevices in COMSOL (as detailed in chapter 5).
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(a) Illustration of the Nb chip
(b) Complex permittivity of the 300nm thickness
Nb chip

Figure 4.1: Images taken from [6] with permission

In Figure 4.1, the plasmonic characteristics of Nb and the observed negative permittivity

across UV to NIR frequency ranges are presented, along with the experimental setup of the

Nb chip. The superconducting temperature Tc for the unstructured Nb chips was validated

to be approximately 9K via DC transport measurements.

The nano-antenna arrays were fabricated using focused ion beam milling (FIB) with the

FEI Helios NanoLab 600. Five chips were created, each featuring an array of Nb subwavelength

components with varying geometries, and each array occupies an overall area of 100 × 100

µm2.

Four of the chips were designed with a nano-antenna (slit) configuration, while the fifth

chip was created in a Split Ring Resonator design, as illustrated in Figures 4.2.

The nano-antenna arrays exhibit plasmonic colors when exposed to white light. The

plasmonic colors of the optical nano-antenna arrays vary according to the length of each meta-

atom and the polarization of the incident light. The extinction spectra A(λ) = 1−R(λ) (with

transmission at around 10−8 being negligible) are observed at the visible light communication

wavelengths, revealing that the resonances shift to longer wavelengths (redshift) as the nano-

antenna length increases. For the Py light polarization, the extinction spectra demonstrate

significantly higher resonance compared to the Px polarization. Moreover, it was observed

39



(a) Nanoantenna array slits (Pt layer was deposited
to protect it during sectioning)

(b) SRR slits

Figure 4.2: Images taken from [6] with permission

that the light modulation in the Nb nanodevices was achieved by adjusting the geometrical

parameters of the meta-atoms.

The modulation depth is defined as

MD =
ANb nanoantenna array − Aunpatterned Nb film

ANb nanoantenna array

(4.1)

where Aunpatterned Nb film and ANb nanoantenna array are the maximum extinctions of the

unpatterned film and nanoantenna arrays with lengths varying from L = 200nm to 350nm.

An apparent increase in MD is observed for increasing length of nanoantenna arrays and

reaches a maximum value of 60% for L = 350nm at λ = 716nm as shown. For Px polarization,

no resonant peaks are observed as well as no resonant peaks in unstructured Nb film for either

polarization indicating the importance of the surface-corrugations in light-matter interactions.

The fifth chip exhibiting the SRR geometry displays a notable shift in plasmonic color

akin to the nanoantenna array when subjected to Py polarization, contrary to observations

under Px polarization. All five chips underwent measurements in an optical cryostat using a

microspectrophotometer at room temperature. The nano-split ring resonator arrays exhibit

dipole-like plasmon modes localized primarily around the side arms of the SRR, while

the nano-antenna arrays are primarily influenced by vertical dipoles. The nano-split ring

resonator array chip demonstrates a highly sensitive photoresponse to the polarization of

incident light, achieving nearly 80% absorptance of visible light across a wide wavelength
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range from λ = 400nm to 800nm, with a peak absorptance exceeding 90% at a resonance

wavelength of λ=650nm. This makes it an excellent candidate for integration with Nb-based

superconducting quantum hardware and elements of visible light communication systems,

such as polymer optical fiber (POF), due to their durability against bending and stretching.

The optical responses of all 5 devices are shown in Figures 4.3.

4.2 Deciphering the plasmonic mode type

Based on the all the background in chapter 3 as well as the experimental results in the

previous section, certain things can be deduced systematically quite elegantly, such as the

type of plasmonic modes in the Nb nanodevices.

The three types of possible plasmonic modes are SPP’s, LSPP’s and SSPP’s. The following

subsections will explain whether a plasmonic mode is possible in the nanodevices.

4.2.1 SPPs in nanodevices

One of the main things about surface plasmon polaritons is that they require wavevector

matching between the incident light wavevector and the SPP wavevector. This happens

because the wavevector of light in free space is smaller than kSPP . Hence to match them,

coupling mechanism such as prisms or diffraction gratings are required.

The coupling efficiency depends quite highly on the angle of incidence (θ), which affects

kx = k0 sin θ. Only at a particular angle of incidence, the wavevectors can be matched and

hence lead to surface plasmon polariton resonance as was seen in the extinction spectra.

However, all the above experiments was done at a 0◦ angle of incidence and no coupling

mechanism were used. Even though, the incident light wavelength range matched the SPR

required range of Vis-NI range as well as the p-polarization requirement which was also

satisfied, due to the above contradiction, SPPs are extremely unlikely to be the main cause

of the resonance and plasmonic modes observed in the device.

On the other hand, certain plasmonic modes are found to decay into SPPs in the bulk of
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the metal which in turn leads to hybridized plasmon states, hence making SPPs a secondary

cause of any observed resonances, the main cause for the resonances is yet to be found.

4.2.2 SSPPs in nanodevices

As explained in chapter 3, spoof surface plasmon polaritons are engineered that mimic the

behavior of traditional SPPs. The engineering of SSPPs is primarily due to the periodic or

quasi-periodic or aperiodic surface structures made by the user in their nanodevice. The

periodicity of the voids is what accounts for their observed behavior.

Additionally, SSPPs exhibit electromagnetic field confinement near the structured surface.

Hence, the dipole-like behavior as observed in the paper might be akin to this phenomenon of

SSPPs. Even though the evident stark similarity of the SSPPs to the experimental observations

as well as their sole purpose being mimicking the behavior of SPPs in specially engineered

metamaterials might be enough to hypothesize their formation in the Nb nanodevices,

unfortunately the hypothesis will be incorrect.

This is because, SSPPs typically respond to light in the centimeters to millimeter wave-

length range i.e., microwave to THz range which is far from the experimentally used Vis-NI

range. Furthermore, the periodicity of the structures is strictly required to be << than the

wavelength of the incident radiation. The periodicity of the nanoantennas and the SRRs is in

the range of 300-800nm which is comparable or higher than the wavelength of the incident

radiation.

Both these facts make it decidedly clear that SSPPs are not the main cause of the observed

resonances in the nanodevices.

4.2.3 LSPPs in nanodevices

LSPPs are confined oscillations of conduction electrons localized to nanoscale structures,

such as nanoparticles or nanoantennas. Contrary to their name, localized surface plasmon

polaritons can also occur in voids and deformities of particular sizes satisfying particular

conditions.
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(a) Extinction spectra of nano-antenna arrays
for different lengths under Py polarization

(b) Extinction spectra of nano-split ring resonator
array

Figure 4.3: Images taken from [6] with permission

LSPPs are significantly dependent on the polarization of the incident light, meaning the

intensity and resonant wavelength of the plasmon excitation will vary depending on the

polarization direction relative to the shape and orientation of the nanostructure involved;

essentially, the LSPP is most efficiently excited when the polarization aligns with the axis of

the nanoparticle along which the electrons can oscillate most freely. Additionally, LSPPs

show resonance in the Vis-NI range of radiation as well as do not depend on the angle of

incidence.

Most significantly, LSPPs show dipole-like behavior in the electric and magnetic-field

distributions at their resonant wavelengths. The electric field localization is especially high

near sharp corners or edges as is observed in the SRR or nanoantennas geometry.

This is compelling evidence for the fact that the main cause of the resonance in extinction

spectra observed in the Nb nanodevices is due to localized surface plasmon polaritons. There

could also be different secondary factors that are affecting this as discussed previously, but

the main cause is LSPPs.
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Chapter 5

Simulation software and data

generation

This chapter explores the simulation software utilized to replicate experimental results within

controlled environments. The accurate modeling of nanophotonic systems, particularly surface-

corrugated Niobium nanodevices, requires robust tools capable of handling the complexity

of electrodynamic calculations at the nanoscale. Several platforms were explored, including

PyGDM, Tidy3D, and COMSOL Multiphysics, each with unique methodologies and strengths.

PyGDM leverages the Green’s Dyadic Method (GDM) to simulate optical responses by

modeling dipole interactions, while Tidy3D employs the Finite-Difference Time-Domain

(FDTD) approach for time-resolved electromagnetic analysis. Despite their strengths, these

tools presented challenges such as computational inefficiency or lack of flexibility for complex

geometries. Ultimately, COMSOL Multiphysics, which uses the Finite Element Method

(FEM), emerged as the most reliable and versatile tool due to its ability to handle intricate

designs and diverse physical environments. This chapter also highlights the learning process

involved, including overcoming the steep learning curves of these platforms to effectively

simulate and analyze nanostructures.

To ensure the accuracy of simulations, results were validated against experimental data

provided by the research team. Extinction spectra and electromagnetic field distributions

were replicated for specific geometries under varying polarizations. Metrics like Mean Squared

Error (MSE) and the Kendall Tau Correlation Coefficient demonstrated a high degree of
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agreement, confirming the reliability of the simulation data.

Finally, this chapter emphasizes the role of simulation in generating robust training

datasets for neural networks. By accurately modeling the interaction between physical

features and optical properties, the simulation results form the foundation for machine

learning models, enabling reliable predictions of extinction spectra based on geometric and

electromagnetic features.

5.1 Learning different simulation software

Simulating complex electrodynamic interactions at the nanometer scale requires a robust and

reliable computational tool. Given the need for accurate predictions of optical behavior in

surface-corrugated Niobium nanodevices, several simulation software packages were explored.

Each of these software solutions employs different numerical techniques, impacting their

efficiency, usability, and accuracy.

5.1.1 PyGDM: Green Dyadic Method (GDM)

PyGDM is a fully Python-based simulation package that utilizes the Green Dyadic Method

to solve Maxwell’s equations. This method is particularly useful for computing the optical

response of nanostructures. The advantage of PyGDM lies in its flexibility and complete

integration with Python, allowing easy customization and automation. However, its limitations

include:

• High computational cost: Simulating even simple nanostructures requires extensive

computational resources.

• Code complexity: Implementing custom geometries requires significant coding effort.

• Debugging overhead: Error handling in PyGDM can be tedious, making debugging

a time-consuming process.

A sample simulation in PyGDM involved a self-designed CAD aluminum model with no

substrate, where p-polarized light was incident from the -z direction. The extinction spectra
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(a) CAD Model with aluminum properties (b) Simulated extinction spectra

Figure 5.1: Simulation with PyGDM

for this model were generated, but even this relatively simple simulation required multiple

hours due to debugging and computational inefficiencies. The model along with the simulated

extinction spectra are given in Figure 5.1

The general equation behind the GDM principle is the iterative field calculation which is

the total electric field solved iteratively for all the dipoles in the system [39]:

Etotal,i = Einc,i + Σj ̸=iG(ri, rj)pj (5.1)

where G(ri, rj) is the Green’s function describing the interaction between dipoles.

5.1.2 Tidy3D: Finite-Difference Time-Domain (FDTD) Method

Tidy3D is an effective simulation tool that employs the Finite-Difference Time-Domain

(FDTD) method, a numerical approach commonly utilized in computational electromagnetics.

It features an intuitive interface with a tailored GUI and scripting capabilities based on

Python, making it user-friendly for both novices and experienced users.

The FDTD method solves Maxwell’s equations in the time domain by discretizing both

space and time [40]. It calculates the evolution of electric (E) and magnetic (H) fields
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iteratively using the following core equations:
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Tidy3D applies these equations on a discretized grid, allowing for time-stepped simulations

of complex optical phenomena. Its strengths include:

• Efficient handling of large− scale problems: FDTD simulations are well-suited for

optical nanostructures.

• User− friendly: The graphical user interface simplifies model setup.

• Versatile meshing: Adaptive meshing enhances computational efficiency.

However, despite its advantages, the computational overhead and meshing constraints

made it less suitable for rapid iteration, especially compared to COMSOL.

5.1.3 COMSOL Multiphysics: The final chosen platform

After thorough evaluation, COMSOL Multiphysics emerged as the primary simulation platform

for this study due to its exceptional versatility and accuracy. COMSOL utilizes the Finite

Element Method (FEM) to solve complex electrodynamic problems, making it well-suited for

analyzing intricate nanostructures and their optical responses.

The FEM is based on discretizing a continuous domain into smaller, simpler elements

and solving partial differential equations (PDEs) over these elements. In the context of
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electrodynamics, the Maxwell equations form the core of FEM modeling, where the electric

field E and magnetic field H are related through:

∇× E = −µ
∂H

∂t
(5.6)

∇×H = ϵ
∂E

∂t
+ J (5.7)

FEM breaks down these equations into smaller, element-specific algebraic equations using

basis functions, which approximate E and H. The variational form used by FEM is derived

from Maxwell’s equations, expressed as:

∫
Ω

(∇× E) · (∇× E ′) dΩ = ω2

∫
Ω

ϵE · E ′ dΩ (5.8)

where Ω is the domain, and E’ represents the test function.

Key advantages of COMSOL Multiphysics include:

• Graphical User Interface: A user-friendly interface that simplifies the construction,

visualization, and management of simulation models.

• Multiphysics Integration: Enables seamless coupling of electromagnetic simulations

with other physical phenomena, such as thermal or structural mechanics, enhancing

the scope of analysis.

• Customizability: Supports extensive parameter sweeps, design optimizations, and

automation through integration with Python and MATLAB, offering unparalleled

flexibility for advanced studies.

Although mastering COMSOL required considerable time and effort, the software’s

intuitive interface and robust capabilities ultimately enabled precise and efficient modeling.

Its superior speed, accuracy, and ability to handle complex geometries and physical interactions

made it the ideal choice for this research, particularly when generating training data for

neural network models.
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5.2 Inverse Design vs Regular Design Neural Networks

After achieving proficiency in COMSOL, two potential approaches for integrating neural

networks with simulation results were explored:

1. Inverse Design Neural Network:

• Input: Extinction spectra or vector components of the electric/magnetic fields.

• Output: Voxel grid coordinates, which, when arranged, reconstruct the 3D model

of the device.

• Challenges: Requires and extensive training dataset. Achieving high accuracy is

difficult due to the complexity of the inverse problem.

2. Regular Design Neural Network:

• Input: Several physical and electromagnetic features of the nanodevice, including

voxel grid coordinates.

• Output: Extinction spectra of the nanodevice

• Challenges: Easier to implement and train compared to inverse design. Accuracy

improves more efficiently with increased training data.

After an extensive literature survey [4,5,42-46] the Regular Design approach was chosen

due to its higher feasibility and faster convergence.

5.3 Replicating Experimental Results

To create the training dataset required for training the different Neural Networks explored

in this study, the training dataset and the method of preparing it must be proven reliable

and accurate. This implies validating the simulation environment by comparing it with the

experimental data. Thus the Niobium devices were created in the COMSOL simulation

environment as shown in Figure 5.2. The devices were tested in identical conditions as

mentioned in the paper [6-8], for the same wavelength range and for 2 different polarizations.

The simulated and experimental results were then compared both visually and statistically.
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(a) Model of SRR (b) Model of Nanoantennas

Figure 5.2: Simulated models of the Nb nanodevices

5.3.1 Validation Process

While COMSOL Multiphysics offers powerful capabilities for simulating nano-optical systems,

certain challenges arise when replicating real-world nanodevice setups. In many cases, the

precise geometrical or material parameters of the devices are not explicitly provided in the

literature, particularly when confidentiality is involved. This necessitated the deduction of

unknown parameters through indirect methods.

For example, when working with nanoantennas, the exact dimensions and configurations

were clearly specified in the referenced papers, making the replication process relatively

straightforward, though still labor-intensive. These designs could be directly modeled in

COMSOL with minimal trial and error, as the given specifications were accurate enough to

yield results closely matching the experimental data.

However, the scenario was significantly more complex when simulating the Split Ring

Resonator (SRR) nanodevice. In this case, none of the required geometric parameters—such

as arm width, depth, and length—were provided due to confidentiality restrictions. The only

reference was a scanning electron microscope (SEM) image of the device, which offered an

approximate visualization of the geometry but lacked the precise numerical details needed for

accurate simulations.

To bridge this gap, the initial dimensions of the SRR were estimated based on the SEM
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image. While this provided a starting point, obtaining the high level of accuracy required

to match the simulated extinction spectra with the experimental data demanded a more

systematic approach. This is where the parametric sweep functionality in COMSOL became

indispensable.

To bridge this gap, the initial dimensions of the SRR were estimated based on the SEM

image. While this provided a starting point, obtaining the high level of accuracy required

to match the simulated extinction spectra with the experimental data demanded a more

systematic approach. This is where the parametric sweep functionality in COMSOL became

indispensable.

Parametric sweeps allow the user to iteratively perform FEM-based electrodynamic

simulations over a range of predefined parameter values, either in discrete steps or continuously.

In the case of the SRR, extensive parametric sweeps were conducted to fine-tune critical

dimensions such as arm width, gap size, and overall depth. By iteratively adjusting these

parameters and analyzing the resulting extinction spectra, a set of dimensions that produced

the closest match to the experimental data was identified.

In addition to standard parametric sweeps, nested sweeps were employed for greater

efficiency and precision. Nested sweeps allow multiple parameters to be varied simultaneously

within a hierarchical structure, significantly reducing computational time. For example, two

nested sweeps were performed to determine the top block height, width, and depth of the

SRR structure. By linking these parameters together in a nested sweep configuration, the

software could explore a multi-dimensional parameter space more systematically, ensuring

interdependencies between parameters were accounted for. Figure 5.3 demonstrates the results

of these nested sweeps, showcasing how simultaneous variations in the block dimensions

converged on values that minimized the difference between simulated and experimental

extinction spectra.

This nested approach proved especially useful in cases where parameters were strongly

correlated. For instance, changes in the block height directly influenced the required block

width to maintain a consistent optical response. By exploring these interdependencies,

nested sweeps provided a faster and more accurate method for deducing optimal dimensions

compared to independent sweeps performed for each parameter.

In summary, parametric and nested sweeps proved to be invaluable tools for deducing
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(a) Nested sweep for left block height and depth (b) Nested sweep for top block height and width

Figure 5.3: Parametric sweeps to deduce parameters

unknown parameters in this study. By leveraging the computational power and automation

capabilities of COMSOL, accurate representations of complex nanostructures like the SRR

could be achieved, even when direct measurements were unavailable. This method not only

underscored the adaptability of COMSOL as a simulation platform but also highlighted

the importance of iterative and hierarchical approaches when dealing with incomplete or

ambiguous data.

From Figure 5.3a, a general conclusion can be drawn that the combination of values

producing the most accurate extinction spectra (in reference to the know SRR extinction

spectra given previously) possibly lies within the ranges of [50,100] nm for the left block

height and [400,500] nm for the top block depth. Similarly, Figure 5.3b indicates that the

optimal range for the top block height and width is likely between [80,110] nm and [50,110]

nm, respectively. To refine these results, additional nested sweeps were configured within

these specific parameter ranges. By simultaneously varying the left block height and top

block depth (Figure 5.3a) or the top block height and width (Figure 5.3b) in nested sweeps,

the parameter space was explored more efficiently, accounting for interdependencies between

the variables. This approach allowed for a further narrowing of these ranges to a single

discrete value for each parameter, ensuring the simulated extinction spectra closely matched

the experimental data.
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(a) Perpendicular Polarization spectra (b) Parallel Polarization spectra

Figure 5.4: Simulated extinction spectra for nanoantenna nanodevice

(a) Perpendicular Polarization spectra (b) Parallel Polarization spectra

Figure 5.5: Simulated extinction spectra for SRR nanodevice

5.3.2 Statistical Comparison

The parameters for the nanodevices were accurately determined and the extinction spectra

were replicated as accurately as possible with quantitative and qualitative comparison metrics

as given below.

To ensure the reliability of the simulation environment, the results from COMSOL

simulations were validated against recorded experimental data using statistical metrics.

The comparison covered both the nanoantennas and Split Ring Resonators (SRR) under

perpendicular and parallel polarizations. The results are summarized below:

Nanoantennas:

1. Perpendicular Polarization:

54



• 200nm Slit Length: MSE = 0.0132, Kendall Tau Correlation Coefficient = 0.969

• 350nm Slit Length: MSE = 0.0339, Kendall Tau Correlation Coefficient = 0.936

2. Parallel Polarization:

• 200nm Slit Length: MSE = 0.00218, Kendall Tau Correlation Coefficient =

0.971

• 350nm Slit Length: MSE = 0.00324, Kendall Tau Correlation Coefficient =

0.966

Split Ring Resonator (SRR):

1. Perpendicular Polarization: MSE = 0.033, Kendall Tau Correlation Coefficient =

0.921

2. Parallel Polarization: MSE = 0.013, Kendall Tau Correlation Coefficient = 0.981

The Kendall Tau correlation coefficients were chosen over Pearson coefficients for their

robustness with smaller datasets and their ability to capture non-linear relationships. Across

all configurations, the high correlation coefficients (ranging from 0.921 to 0.981) and low

MSE values indicate strong agreement between the simulated and experimental results.

These metrics confirm the reliability of the COMSOL simulation framework in generating

high-fidelity datasets for neural network training.

5.3.3 Discrepancies in Accuracy

While the validation results are highly encouraging, some discrepancies between simulated

and experimental spectra persist, which can be attributed to the following factors:

• Simulation Environment Limitations: Simulated environments, while highly accu-

rate, inherently simplify real-world experimental conditions. This introduces small

deviations due to computational approximations in solving Maxwell’s equations and

setting boundary conditions. For instance, the periodicity boundary conditions imposed

on either sides of the model imply that the model is being replicated infinitely in either
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direction which is obviously not the case in the real-world scenario but is the closest

approximation to it.

• Nanodevice Fabrication Errors: The Focused Ion Beam (FIB) process used for

fabricating the nanodevices is prone to inaccuracies. For instance, during the cutting

of slits on the niobium surface, the angles created were not perfectly 90°, leading to

deviations in the geometry and affecting the resulting optical response.

• Parameter Estimation Challenges: For the SRR device, the exact dimensions were

unavailable due to confidentiality restrictions, and only an SEM image was provided.

Approximate values were deduced from the image and refined using nested parametric

sweeps. While these sweeps narrowed the parameter ranges, the final values remained

approximations and may not agree with the actual device dimensions.

In conclusion, the COMSOL simulation framework has demonstrated exceptional reliability

and precision, making it a robust tool for generating training datasets. However, the minor

discrepancies observed highlight the inherent challenges in reconciling theoretical simulations

with real-world experimental data, especially when fabrication inaccuracies and parameter

estimation approximations are involved.

Now that the COMSOL environment has been validated it was used to generate the

training dataset for the different Neural Networks involved and their predictions are compared

in the following chapters.
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Chapter 6

Neural Networks and Results

This chapter discusses all the main results obtained in this study. The four different Neural

Networks were trained on two training datasets based on the nanoantennas and SRR nan-

odevices. Optuna was run on each of the network types for several hundred iterations to

obtain the best possible hyperparameters for each Neural Network, as discussed in Chapter

3. Their prediction capabilities are explored in each section, along with possible limiting

factors. A final table summarizes the accuracy of each Neural Network in comparison to their

simulation counterparts.

The extinction spectra was simulated for 2 randomly chosen Split Ring Resonator designs

with feature values of width = 145nm, period = 860nm, height = 325nm, depth = 175nm; and

width = 84nm, period = 938nm, height = 325nm, depth = 108nm under parallel polarization

incident light. Additionally, the transmittance spectra for all these simulated nanodevices

was in the range of 10−9 hence for calculation purposes, will be ignored and the extinction

spectra is taken to be equivalent to the absorption for the remainder of this thesis

6.1 Artificial Neural Network Ensemble Model

The Artificial Neural Network (ANN) used in this study was designed as a fully connected

feedforward network, capable of predicting the absorptance and reflectance of 3D nanograting-

based SRR structures. Additionally, a ”Wisdom of Many” protocol was employed. This
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(a) ANN Prediction (b) Simulation Result

Figure 6.1: Comparison between ANN predicted extinction spectra and simulation spectra
for the Split Ring Resonator design 1

approach involved training multiple neural networks initialized with different random seeds.

Predictions from individual networks were averaged to produce more robust and accurate

outputs.

Key benefits observed with the ensemble approach included reduced variance and improved

generalization. However, computational constraints limited extensive comparisons with high-

resolution simulations. The input data consisted of nine features, including the x, y, z spatial

coordinates of the point cloud, physical parameters such as the width and depth of the

metasurface deformations, and electrodynamic parameters like the dielectric function of

superconducting Niobium. The outputs comprised two target variables: absorptance and

reflectance.

The Optuna framework optimized the hyperparameters, such as the learning rate, the

number of neurons in each hidden layer, and the dropout rate for regularization. The

best-performing configuration for a two-hidden-layer ANN included:

• Learning rate: 0.00034

• Number of neurons in the first hidden layer: 256

• Dropout rate: 0.2

• Number of neurons in the second hidden layer: 96

Figures 6.1 and 6.2 illustrate the results and demonstrate the accuracy of the ANN

ensemble model.
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(a) ANN Prediction
(b) Simulation Result

Figure 6.2: Comparison between ANN predicted extinction spectra and simulation spectra
for the Split Ring Resonator design 2

6.2 Transformer Model

Transformers, originally introduced for natural language processing, are celebrated for their

ability to capture long-range dependencies and contextual information through their self-

attention mechanism. In this study, the Transformer architecture was adapted to predict

absorptance and reflectance spectra. However, the results achieved with the Transformer

model were underwhelming compared to other architectures, raising questions about its

suitability for this specific task.

One notable issue was that the extinction spectra predictions occasionally fell outside

the physically meaningful range of [0,1], extending to approximately [-4.5, 4.5]. Several

factors may have contributed to this outcome. First, Transformers are primarily designed

for sequence modeling and may not fully exploit the spatial relationships inherent in point

cloud datasets. Second, the relatively modest dataset size limited the model’s ability to

generalize effectively, as Transformers typically excel with extremely large datasets. Third,

the quadratic scaling of self-attention with input size imposed significant computational

burdens, necessitating compromises in model complexity during optimization. Finally, the

lack of explicit constraints on the output layer exacerbated the issue of physically unrealistic

predictions.

The best Transformer model configuration, as determined by Optuna, included:

• Number of attention heads: 4

• Key dimension: 64
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(a) Transformer Prediction (b) Simulation Result

Figure 6.3: Comparison between Transformer predicted extinction spectra and simulation
spectra for the Split Ring Resonator design 1

(a) Transformer Prediction
(b) Simulation Result

Figure 6.4: Comparison between Transformer predicted extinction spectra and simulation
spectra for the Split Ring Resonator design 2

• Feedforward layer dimension: 192

• Dropout rate: 0.1

• Learning rate: 0.00019

Figures 6.3 and 6.4 present the performance of the Transformer model.

6.3 Graphical Neural Network (GNN)

Graph Neural Networks (GNNs) are highly effective for learning from graph-like structures,

such as point clouds. In this study, point clouds were transformed into graph representations,

with each point treated as a node and edges established using the k-nearest neighbors
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algorithm (k=5). This approach captured the local spatial relationships among points, which

are critical for predicting extinction spectra.

The architecture of the GNN comprised two layers of graph convolution, each followed by

batch normalization and a ReLU activation function. These layers incrementally extracted

hierarchical features from the graph’s topology. A concluding fully connected layer converted

the output to the desired absorptance values. To mitigate overfitting, a flexible dropout

layer was integrated before the fully connected layer. Hyperparameters, including the hidden

dimensions of the graph convolution layers, the dropout rate, and the learning rate, were

fine-tuned using Optuna.

Despite its theoretical advantages, the GNN’s performance was mixed. The predictions

showed moderate agreement with the ground truth, potentially due to the complex interactions

between physical features and spectra, which may not be fully captured by local graph

structures alone. Figure 6.5 provides a visualization of the graph constructed from a point

cloud (K=5 KNN representation used), highlighting how the model integrates spatial and

feature-based information.

Figure 6.5: Graphical representation of a pointcloud using KNN where K=5

The best-performing configuration for a two-hidden-layer GNN included:

61



(a) GNN Prediction (b) Simulation Result

Figure 6.6: Comparison between GNN predicted extinction spectra and simulation spectra
for the Split Ring Resonator design 1

(a) GNN Prediction
(b) Simulation Result

Figure 6.7: Comparison between GNN predicted extinction spectra and simulation spectra
for the Split Ring Resonator design 2

• Learning rate: 0.00259

• Number of neurons in the first hidden layer: 96

• Dropout rate: 0.2949

• Number of neurons in the second hidden layer: 32

• Weight decay: 0.0006

Figures 6.6 and 6.7 illustrate the GNN’s results and predictions.
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(a) CNN Prediction
(b) Simulation Result

Figure 6.8: Comparison between CNN predicted extinction spectra and simulation spectra
for the Split Ring Resonator design 1

6.4 Convolutional Neural Network (CNN)

Convolutional Neural Networks (CNNs) are widely recognized for their effectiveness in

extracting spatial and feature hierarchies from structured data. In this study, the CNN model

was applied to tabular data representing point clouds, treating each point as an input with

nine features, including spatial coordinates and physical parameters.

The CNN architecture consisted of multiple 1D convolutional layers that progressively

captured local feature patterns along the feature dimension. These were followed by fully

connected layers that mapped the extracted patterns to the target absorptance values.

Regularization techniques, such as dropout and batch normalization, were incorporated to

enhance generalization and stabilize training.

The CNN exhibited strong performance, leveraging its ability to extract localized feature

interactions efficiently. However, its reliance on sequential patterns meant it could not fully

utilize the spatial relationships encoded in the point clouds. This limitation was partially

mitigated by including spatial coordinates as features. Nevertheless, the CNN’s relative

simplicity and computational efficiency make it a viable option for tasks requiring quick

predictions.

The best-performing configuration for a two-hidden-layer CNN included:

• Number of filters: 64

• Kernel size: 7
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(a) CNN Prediction
(b) Simulation Result

Figure 6.9: Comparison between CNN predicted extinction spectra and simulation spectra
for the Split Ring Resonator design 2

• Number of neurons in densely connected layers: 128

• Dropout rate: 0.1

• Learning rate: 0.00047

Figures 6.8 and 6.9 provide a qualitative comparison of the CNN’s performance.

6.5 Model Comparison and Quantitative Evaluation

To assess the effectiveness of the implemented models—ANN, Transformer, GNN, and

CNN—a quantitative comparison was performed based on three metrics:

• Validation Loss: The best validation loss observed during hyperparameter optimiza-

tion for each model.

• Mean Squared Error: The error between the predicted and actual absorptance values

across the entire spectrum.

• Pearson′s Correlation Coefficient: A statistical measure of the linear association

between predicted and actual absorptance values, evaluating the models’ predictive

accuracy.
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Table 6.1: Model Comparison

Model Comparison
Model Validation

Loss during
Optimiza-
tion

MSE for De-
sign 1

Pearson’s
Correlation
Coefficient
for Design 1

MSE for De-
sign 2

Pearson’s
Correlation
Coefficient
for Design 2

ANN 0.00018 0.01101 0.911000 0.00288 0.97781
Transformer 1.04053 2.94519 0.12720 3.94772 0.19448
GNN 0.00460 0.01964 0.92676 0.00331 0.96668
CNN 0.00498 0.00069 0.99641 0.00168 0.99371

Table 6.1 summarizes the performance of each model based on these metrics, providing

insights into their relative strengths and weaknesses.

In conclusion, the chapter illustrates the main results and comparisons between the

predictions of all Neural Networks and the inferences that can be drawn as well as future

work in this area are discussed in the following chapters.
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Chapter 7

Discussion

This chapter pivots on the analysis of the findings of Chapter 6 and presents conclusions

that can be drawn from them. By examining the trends observed in model performance, this

discussion aims to highlight the strengths and limitations of each approach, draw conclusions

about their suitability for different applications, and suggest potential improvements for

future work. Additionally, it also suggests readers potential Neural Network types for certain

purposes as well as combinations wherever required.

7.1 Analysis of Model Performance

The ANN ensemble model exhibited strong generalization performance, leveraging the

”Wisdom of Many” protocol to reduce variance and improve stability. The averaging of

multiple neural networks mitigated the impact of random initialization effects, leading to

robust predictions. However, despite these advantages, the computational cost of training

multiple instances of the ANN made it less efficient compared to single-network architectures.

Additionally, while the model achieved relatively high accuracy, its reliance on fully connected

layers meant it lacked specialized mechanisms for capturing spatial relationships within the

point cloud data.

Despite the transformative impact of Transformer models in various domains, their

application to point cloud-based spectral prediction yielded mixed results. The self-attention

67



mechanism, while powerful, did not seem to adequately capture spatial dependencies within

the dataset. The observed issue of physically unrealistic predictions, with spectra values

occasionally falling outside the expected range, suggests that additional constraints or

normalization techniques may be required.

The GNN model offered a structured approach to handling point cloud data, leveraging k-

nearest neighbors (k=5) to define meaningful spatial relationships. By treating each point as a

node within a graph, the model preserved local connectivity information, leading to improved

spatial awareness in predictions. However, the GNN’s performance did not significantly

surpass that of the ANN or CNN, suggesting that the local graph representation alone may

not be sufficient to capture the complex interactions governing absorptance and reflectance.

The CNN model demonstrated strong performance, balancing computational efficiency

and accuracy. Its ability to extract localized feature patterns made it particularly well-suited

for processing tabular representations of point clouds. However, its primary limitation lay in

its sequential approach, which, while effective for structured data, did not fully leverage the

spatial properties of the dataset.

7.2 Insights and Key Takeaways

7.2.1 Importance of Feature Engineering

One critical observation from this study is that feature representation plays a fundamental

role in model performance. The inclusion of spatial coordinates, physical parameters, and

electrodynamic properties significantly influenced predictive accuracy. Future efforts could

explore additional derived features, such as higher-order spatial relationships or frequency-

based transformations, to enhance model learning.

7.2.2 Computational Trade-offs

Each model presented a trade-off between computational complexity and predictive power.

The ANN ensemble, while robust, was computationally expensive. The Transformer model
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faced scalability limitations due to self-attention’s quadratic complexity. The GNN, despite

its ability to model spatial dependencies, required significant preprocessing. The CNN, on

the other hand, provided a good balance of accuracy and efficiency, making it a practical

choice for real-time or resource-constrained applications.The dataset’s relatively modest

size likely contributed to some of the generalization challenges observed, particularly in the

Transformer model. Neural networks typically benefit from large amounts of training data,

and while techniques such as data augmentation or synthetic data generation could improve

generalization, this remains an area for further research.

7.2.3 Model Generalization and Data Limitations

The dataset’s relatively modest size likely contributed to some of the generalization challenges

observed, particularly in the Transformer model. Neural networks typically benefit from large

amounts of training data, and while techniques such as data augmentation or synthetic data

generation could improve generalization, this remains an area for further research.
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Chapter 8

Future Work

The final chapter is based on the future work possible in this study and final conclusions.

8.1 Prospective work

8.1.1 Hybrid Architectures

A promising avenue for future research involves combining the strengths of multiple architec-

tures. For instance, integrating a GNN with a CNN could enable efficient feature extraction

while preserving spatial dependencies. Similarly, augmenting Transformers with graph-based

positional encoding may improve their ability to process point cloud data more effectively.

8.1.2 Improved Hyperparameter Optimization

While Optuna provided a systematic approach to hyperparameter tuning, exploring more

advanced search strategies, such as Bayesian optimization with early stopping, could yield

better performance. Additionally, fine-tuning architectures with task-specific loss functions

might further enhance predictive accuracy.
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8.1.3 Expanded Dataset and Transfer Learning

Acquiring a larger dataset or employing transfer learning techniques could significantly

improve model robustness. Pretraining on related physics-based datasets before fine-tuning

on the specific problem domain could help mitigate data scarcity issues.

8.2 Conclusion

In summary, this study demonstrated the type of plasmon polariton interactions in the

metamaterial system as well as the fact that while all four neural network architectures

exhibited potential for predicting absorptance and reflectance spectra, their effectiveness

varied based on computational efficiency, the ability to capture spatial relationships, and

generalization capabilities. The ANN ensemble model provided robust predictions but

was computationally intensive. The Transformer model struggled with dataset constraints

and spatial relationships. The GNN leveraged graph-based structures but required further

refinement to match fully connected models. The CNN delivered strong performance with a

balance between accuracy and efficiency.

Moving forward, hybrid models, enhanced hyperparameter tuning, and larger datasets

present promising avenues for further research. Ultimately, selecting the most suitable

neural network depends on the specific trade-offs between accuracy, interpretability, and

computational feasibility, ensuring that future applications can leverage machine learning to

its full potential in nanophotonic device modeling.
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