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Abstract

This study focuses on advancing the design, characterization, and optimization of
photonic structures by integrating elementary and advanced deep learning tech-
niques. The primary aim is to develop predictive models that enhance both the
accuracy and efficiency of photonic structure simulations, enabling faster design it-
erations and real-time optimization.This is aimed to substitute the conventionally
used simulation softawares for similar purpose.The first part involves utilizing Ar-
tificial Neural Networks (ANNs) to predict key linear optical parameters of PCFs,
including effective refractive index, dispersion, mode purity, and effective area. The
ANN model achieved a high prediction accuracy, evidenced by a Mean Squared
Error (MSE) of 0.0218, with a training time of approximately 31 seconds. This rep-
resents a substantial reduction in computational time compared to traditional nu-
merical methods while maintaining precise predictions, demonstrating the model’s
practical applicability.The second objective focuses on modeling the nonlinear dy-
namics of supercontinuum generation in optical fibers, with particular attention to
chalcogenide planar waveguides. An ANN-based deep learning model was em-
ployed to accurately capture the complex pulse propagation dynamics, achieving an
MSE of 0.0032 with a computational training time of 472 seconds. The model’s abil-
ity to predict spectral evolution across various pump powers accurately provides
a significant potential for real-time optimization of experimental setups.The third
objective introduces a novel approach using Closed-Form Continuous-Time Neural
Networks (CfC) for predicting supercontinuum spectra in waveguides with diverse
material compositions. The CfC model outperformed conventional methods such
as Recurrent Neural Networks (RNN) and Long Short-Term Memory (LSTM) net-
works, achieving high accuracy with MSE values as low as 7.4199× 10−4 for a three-
material dataset and 6.9408 × 10−4 for a four-material dataset. The model demon-
strated low computation time, confirming its robustness, scalability, and adaptabil-
ity across different materials.Overall, this research demonstrates that integrating
machine learning techniques with photonics significantly enhances the accuracy of
predictive models while reducing computational time. These advancements have
practical implications for the design, optimization, and real-time control of photonic
devices, paving the way for future innovations in the field.
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Chapter 1

Introduction

In recent years, deep learning has emerged as a transformative approach across
various fields, offering advanced methods for data analysis, prediction, and opti-
mization. Unlike traditional techniques that can be limited by human error and the
constraints of manual processes, deep learning systems excel in handling and inter-
preting large datasets to uncover complex patterns and make informed decisions.
This capability is particularly relevant in areas requiring sophisticated data analy-
sis, such as in the design and optimization of optical waveguides.

Traditionally, optimizing parameters like dispersion, mode area, and refractive
index in optical waveguides has relied heavily on time-consuming numerical simu-
lations. However, deep learning presents a compelling alternative by leveraging ex-
tensive datasets to predict both linear and nonlinear characteristics of waveguides.
This shift has the potential to accelerate the design process and enable exploration
of new configurations that were previously impractical.

The integration of deep learning with photonics has led to significant advance-
ments, including the development of neural networks specifically tailored for pho-
tonic applications. These innovations have improved the efficiency of characteriz-
ing waveguide behavior and predicting optical properties. While the application of
deep learning to photonics continues to evolve, there remains considerable poten-
tial for further exploration and development. Addressing challenges such as under-
standing nonlinear dynamics and bridging the gap between linear and nonlinear
aspects of waveguides are crucial for advancing this field. As deep learning tech-
niques continue to progress, they promise to enhance the design and optimization
of photonic systems, opening up new possibilities for future research.
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1.1 Literature Review

The application of deep learning techniques to photonics research has become a rev-
olutionary strategy in recent years, with promising advances in the characterisation,
optimization, and comprehension of optical phenomena and systems. Artificial in-
telligence’s deep learning subfield revolutionizes photonics research by providing
a novel way for deriving useful insights from large datasets. Deep learning models
have proven to be exceptionally adept in pattern recognition, prediction, and opti-
mization across a wide range of fields by utilizing interconnected layers of neurons
to handle complex data.

Deep learning approaches provide researchers with a flexible toolkit to inves-
tigate the complex dynamics of light-matter interactions, ranging from construct-
ing elaborate photonic structures to forecasting nonlinear optical occurrences. Deep
learning models can detect minute correlations and patterns that may escape the no-
tice of traditional analytical or simulation-based techniques by independently learn-
ing from data.

Exploration was done on the rapidly growing subject of deep learning in pho-
tonics research in this evaluation of the literature with the goal of giving a thorough
rundown of current advancements, approaches, and applications. Deep learning
has been utilized in photonics for a variety of purposes, such as nonlinear dynamics
comprehension, optical property prediction, and photonic device design and op-
timization.By synthesizing insights from recent studies and highlighting key ad-
vancements, this review seeks to elucidate the potential of deep learning to reshape
the landscape of photonics research. This thesis focuses on the main approaches,
obstacles, and possibilities related to incorporating deep learning methods into pho-
tonics research by means of a methodical review of the literature. Through an ap-
preciation of the state-of-the-art and the identification of future research directions,
scientists may better utilize deep learning to tackle challenging photonics issues.
This survey of the literature paves the path for future research into the complemen-
tary fields of deep learning and photonics, opening new avenues for innovative
thinking and novel findings in this quickly developing area.
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1.1.1 Conventional Methods in Photonics and Deep Learning

Structural designs are crucial in developing photonic devices such as waveguides,
plasmonic nanowires, metamaterials, photonic crystals, laser diodes, and photo-
voltaic cells. Generally, two primary approaches are employed in this design pro-
cess. The first approach involves physics-based methods, such as simplified ana-
lytical models, insights from previous designs or similar applications, and scientific
intuition. For example, photonic crystals can create complete photonic bandgaps,
allowing light to navigate sharp bends with near-perfect efficiency within crystal
structures [1]. Broadband mid-infrared (MIR) supercontinuum (SC) generation in
waveguides is also analyzed using the Generalized Nonlinear Schrödinger Equa-
tion (GNLSE). This approach was utilized by Karim et al. [2] to produce super-
continuum spectra in dispersion-engineered waveguides. However, while physics-
based methods provide valuable insights, designing structures to achieve specific
photonic properties is challenging, particularly as their geometry and spatial ar-
rangements grow more complex.

Consequently, photonic engineers often resort to the second approach: numeri-
cal simulations of electromagnetic fields using methods like the finite-element method
[3], finite-difference time-domain method [4], and finite integration technique [5].
These methods discretize the computational domain into a finite number of meshes,
with the mesh count increasing as the structure size grows. Alternative mesh-free
methods, such as the finite cloud [6] and spectral [7] approaches, are also available.
A critical step in these simulations is solving the time-independent Maxwell equa-
tions to determine optical modes, typically the initial stage in designing any pho-
tonic device. At this stage, engineers focus on optimizing mode distributions, field
confinement, effective refractive indices, and group velocity dispersion. However,
achieving desired outcomes often requires numerous iterative adjustments and sim-
ulations, which are time-consuming and heavily dependent on prior experience and
expertise. Moreover, these methods allow for only a limited number of design vari-
ables to be modified, necessitating state-of-the-art computational tools. This repet-
itive process is inefficient, wasting substantial computational resources in today’s
data-driven environment. Therefore, deep learning (DL)-based models present an
excellent alternative to the constraints of even the most advanced simulation tools,
providing a more efficient pathway for photonic design optimization. Deep learn-
ing (DL) represents an advanced computational model comprised of multiple lay-
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ers of processing units, enabling it to discern and learn various levels of abstraction
from data inputs [8]. Initially achieving notable successes in computer science and
engineering, DL has since demonstrated its efficacy across a range of fields includ-
ing natural language processing [9], automatic speech recognition [10], robotics [11],
and laser physics [12]. Additionally, DL has gained traction in materials science [13],
quantum mechanics [14], and microscopy [15], reflecting its broad applicability and
impact. The primary advantage of deep learning lies in its data-driven approach,
which facilitates the automatic extraction of meaningful insights from extensive
datasets, contrasting with traditional rule-based or physics-based methodologies.
In recent years, DL has emerged as a novel approach in the design and optimization
of photonic systems.

1.1.2 Deep Learning in Photonic Crystal Fibers (PCFs)

In the field of photonic crystal fibers (PCFs), a new wave of innovative research
projects has been spurred by the revolutionary potential of machine learning (ML)
methods. Together, these investigations aim to open new vistas in PCF-based sens-
ing and optical communication by bringing together cutting edge computational
techniques and creative fiber optic design tactics. Vijayan et al. introduce a novel
use of deep learning multi-output regression modeling to decipher the complex re-
lationship between optical design parameters and sensing performances in asym-
metric Twin Elliptical Core PCFs (TEC-PCF), which starts this paradigm shift. Their
method, supplemented with Explainable AI (XAI) feature analysis, improves in-
terpretability and optimizes modeling efficiency, paving the way for more percep-
tive and effective modeling paradigms[16]. Building on this foundation, Ma et al.
achieve unprecedented design process streamlining by fusing the differential evo-
lution algorithm (DE) with artificial neural networks (ANN) to realize precise dis-
persion compensations in Ge-doped dual-core dispersion compensation PCFs (DC-
DCPCF)[17]. Additionally, a unique highly negative dispersion compensating pho-
tonic crystal fiber has been introduced[18]. It uses machine learning to anticipate
important output qualities from input parameters, offering computational efficiency
and the possibility of being used in high-rate optical communication applications.

Jabin and Fok (2022) highlight the potential of machine learning (ML) in speed-
ing up PCF characterisation by demonstrating the quick prediction of crucial optical
characteristics for silica-based PCFs using deep learning-based multilayer percep-
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tron models[19]. Similar to this, Sridevi et al. present a novel method that pre-
dicts optical characteristics of PCF temperature sensors by integrating deep neural
networks (DNN) and autoencoders (AE)[16]. This method greatly reduces com-
putation time while retaining good prediction accuracy. To further investigate the
possibilities of machine learning, research has been conducted using several ML al-
gorithms to forecast PCF design parameters. This research has provided insights
into PCF sensitivity and confinement loss dynamics.

Verma, Kumar, and Jindal (2022) broaden the scope of applications by develop-
ing a highly sensitive gold/TiO2-coated PCF biosensor for the detection of breast
cancer cells. They achieve this by utilizing machine learning approaches to im-
prove sensing performance[20]. Li et al. demonstrate the potential of data-driven
optimization by using a DL-based forward modeling approach to assess the link
between PC nanocavity optical characteristics and design parameters[21]. To cap
off this innovative wave, Zelaci et al. provide a novel GAN-based method to en-
hance datasets used in ANN model training, resulting in a notable improvement in
PCF sensor prediction accuracy[21].Furthermore, Ferreira et al and Asano et al op-
timized Q-factors for Photonic Crystal Fibers (PCF) in 2018 by using ML and DL
algorithms[22].

When taken as a whole, these groundbreaking studies highlight how ML can
revolutionize PCF design and sensing applications. By improving modeling tech-
niques, investigating new architectures, and incorporating experimental validations
to increase resilience and practical application, they set the stage for future advance-
ments. The combination of ML and PCF technologies promises to spur previously
unheard-of advancements in the sector as it develops, making it possible to create
smarter, more effective, and more adaptable optical systems for a variety of uses,
from biomedical sensing to telecommunications and beyond.

1.1.3 Deep Learning in Waveguide and Different photonic struc-

tures

The integration of deep learning into photonics research has sparked a wave of
innovation, offering transformative methods for the characterization, design, and
optimization of optical devices. Recent advancements in deep learning have high-
lighted its potential across various domains of photonics research. For example,
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Alagappan et al. introduced a deep neural network (DNN)-based modal classifica-
tion technique to rapidly distinguish between single-mode and multi-mode optical
waveguide geometries, thereby streamlining the design of on-chip integrated pho-
tonic devices [23]. Similarly, Mia et al. utilized optical neural networks to accurately
predict fundamental modal indices in silicon channel waveguides, showcasing the
efficacy of these networks in forecasting optical properties with high precision [24].
The integration of deep learning with photonics substantially improves the pre-
diction and comprehension of intricate nonlinear dynamics. For instance, Ma et
al. highlighted the effectiveness of machine learning regression algorithms in ana-
lyzing nanophotonic waveguides, which facilitates the swift estimation of optimal
parameters crucial for enhancing device performance [25]. Similarly, Chugh et al.
employed machine learning regression methods in conjunction with finite element
simulations and artificial neural networks to optimize integrated silicon photonics
devices, achieving notable improvements in prediction accuracy for mode effective
indices and other vital metrics [26]. Furthermore, Alagappan et al. investigated
the use of deep learning models to predict effective refractive indices in silicon ni-
tride waveguides, demonstrating the potential for expediting predictions related to
waveguide properties [27]. Ghosh et al. proposed the use of deep learning models
as viable alternatives to finite element methods for the precise assessment of pho-
tonic crystal fiber parameters, especially concerning orbital angular mode transmis-
sion. Their approach achieved notable accuracy in translating design parameters
into optical properties [28]. Building on this, Alagappan et al. introduced an in-
novative method for the swift evaluation of the group refractive index in photonic
channel waveguides by leveraging automatic differentiation combined with neural
networks. This method offers a more efficient alternative to conventional numeri-
cal techniques in photonics design and modeling [29]. Further advancing the field,
they developed a novel deep deconvolutional neural network (DCNN) technique
to address optical modes in photonics. This technique enabled precise and efficient
predictions by correlating photonic parameters with mode images, thereby acceler-
ating device design for applications in optical sensing and integrated circuits. It also
marked a pioneering demonstration of the effectiveness of such neural networks in
the domain of photonics [30].

The field of physics has increasingly embraced machine learning (ML) tech-
niques for analyzing dynamic and complex systems over time. Unlike traditional
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electromagnetic simulation-based methods, ML distinguishes itself through its data-
driven approach, which enables algorithms to autonomously extract relevant infor-
mation from extensive datasets. For example, Kiarashinejad et al. [31] developed a
deep learning approach utilizing dimensionality reduction techniques to better un-
derstand the characteristics of optical wave-matter interactions in nanostructures.

These developments have greatly improved forecast accuracy and comprehen-
sion of complex nonlinear dynamics in addition to streamlining design procedures.
DL methodologies offer a faster, more efficient, and accurate alternative to tradi-
tional simulation tools, paving the way for unprecedented innovation in various
fields, including telecommunications, spectroscopy, imaging, and beyond. As re-
searchers continue to explore the capabilities of DL and machine learning (ML) in
photonics, further advancements in understanding and harnessing light-matter in-
teractions for a wide range of applications, thus shaping the future landscape of
photonics research and technology can be expected.

1.1.4 Deep Learning in Non Linear Photonics

In recent years, deep learning (DL) techniques have attracted significant attention
in nonlinear photonics, particularly for their potential to predict and understand
complex nonlinear dynamics. Unlike the extensive research focused on linear pulse
propagation—such as through rectangular waveguides, where DL methods like
feedforward neural networks (FFNN) have been used to predict optical phenomena
such as dispersion properties, nonlinear coefficients, mode effective areas, and effec-
tive refractive indices—the nonlinear aspects of pulse propagation through waveg-
uides have been comparatively understudied. Notable pioneering studies in this
area, including those by Wetzel et al. [32] and Tzang et al. [33], have explored
the optimization and analysis of spectral and temporal intensities in single-mode
fibers. Recent efforts have aimed to fill this gap by demonstrating the effectiveness
of Feed Forward Neural Networks (FFNN) and long short-term memory (LSTM)
recurrent neural networks (RNNs) in modeling the complex nonlinear dynamics
of ultrashort pulse evolution governed by the generalized nonlinear Schrödinger
equation (GNLSE). These models have also been employed to predict the behav-
ior of rogue solitons in supercontinuum generation processes [34][35][36]. These
advancements enable not only accurate and rapid predictions of temporal and spec-
tral evolution but also enhance the understanding of nonlinear optical processes,
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facilitating real-time optimization of experimental setups.
Nonetheless, a thorough examination of the geometrical factors and restrictions

related to pump sources in supercontinuum generation is still lacking. These de-
velopments lead to improved knowledge of nonlinear optical processes and enable
real-time experiment optimization, in addition to enabling rapid and accurate pre-
dictions of temporal and spectral evolution. By utilizing advanced experimental se-
tups, computational methodologies, and machine learning strategies, scholars have
acquired significant understanding of nonlinear optical processes. Unlocking the
full potential of DL in nonlinear photonics requires more study in this area. This
could result in ground-breaking discoveries and breakthroughs in a range of appli-
cations, including as imaging, spectroscopy, and telecommunications.

1.2 Literature Gap

Despite the significant advancements in integrating deep learning techniques with
photonics, there remain notable gaps in the existing literature. Current studies have
predominantly focused on predicting linear optical properties, such as refractive
indices and dispersion, in relatively simple photonic structures like silicon waveg-
uides and photonic crystal fibers (PCFs). However, the application of deep learning
to more complex, nonlinear phenomena—such as supercontinuum generation in di-
verse material systems—remains underexplored. Additionally, while deep learning
models have been applied to specific materials, there is a lack of research on mod-
els that can generalize across different material compositions within planar waveg-
uides. These gaps highlight the need for more versatile and robust predictive mod-
els that can efficiently handle both linear and nonlinear optical phenomena across a
broader range of photonic materials.

1.3 Motivation

The motivation for this research stems from the desire to address the aforemen-
tioned gaps in the literature by developing deep learning models that can accurately
predict both linear and nonlinear optical properties across a variety of photonic
materials and structures. The limitations of traditional numerical methods, which
are time-consuming and computationally intensive, further emphasize the need for
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more efficient predictive models. By leveraging advanced neural network architec-
tures, such as Closed-Form Continuous-Time Neural Networks (CfC), this research
aims to create models that not only reduce computational overhead but also en-
hance the accuracy and generalizability of predictions. Ultimately, this work seeks
to contribute to the broader field of photonics by providing tools that can accelerate
the design and optimization of photonic devices, thereby enabling new innovations
in areas such as optical communications, biomedical imaging, and spectroscopy.

1.4 Objectives with Specific Aims

Based on the literature review, some specific aims have been targetted in order to
contribute to the field linear and non linear photonics. The objectives are as follows,

a. To study linear properties of Photonic Crystal Fiber for OAM mode trans-
mission using deep learning technique and compare the results with the numerical
simulations done in COMSOL MULTIPHYSICS.

b. To study the phenomenon of Supercontinuum Generation (non-linear phe-
nomenon) in Chalcogenide planar waveguide using deep learning technique and
compare the results with the numerical simulations done in COMSOL MULTIPHYSICS.

c. To study the Supercontinuum Generation in a developed deep learning model
for specifically investigating the response of deep learning model to multiple mate-
rials in a planar waveguide and compare the results with numerical simulations

1.5 Contributions

This thesis makes several key contributions to the field of photonics through the
integration of advanced deep learning techniques for the design, characterization,
and optimization of photonic structures:

1. Development of an Artificial Neural Network (ANN) Model for Predict-
ing Linear Optical Parameters: This research introduces an innovative ANN-
based model designed to predict key linear optical parameters of Photonic
Crystal Fibers (PCFs), such as effective refractive index, dispersion, mode pu-
rity, and effective area. By achieving high prediction accuracy and significantly
reducing computational time, this model provides a more efficient and precise
method for PCF design, surpassing traditional numerical approaches.
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2. Modeling Nonlinear Dynamics of Supercontinuum Generation: The the-
sis presents an ANN-based deep learning model that accurately captures the
complex dynamics of pulse propagation in supercontinuum generation within
chalcogenide planar waveguides. This model enhances the ability to predict
spectral evolution under various pump powers, thereby facilitating real-time
optimization of experimental setups and advancing the practical application
of supercontinuum generation techniques.

3. Introduction of Closed-Form Continuous-Time Neural Networks (CfC) for
Supercontinuum Spectra Prediction: A novel approach employing CfC net-
works is introduced for predicting supercontinuum spectra in waveguides
with diverse material compositions. This model demonstrates superior per-
formance compared to traditional methods, highlighting its efficiency, robust-
ness, and adaptability for various materials. It represents a significant ad-
vancement in predictive modeling within photonics.

These contributions collectively advance the field by integrating machine learn-
ing techniques to enhance the accuracy and efficiency of photonic structure sim-
ulations. They provide valuable tools for the design, optimization, and real-time
control of photonic devices, paving the way for future innovations in the field.

1.6 Thesis Overview

The thesis is structured into six chapters, starting with this introductory chapter.
Chapter 1 establishes the foundation for a comprehensive exploration of integrating
deep learning techniques with photonics research. It outlines the importance of
advancing optical waveguide design and performance analysis through machine
learning and sets the stage for the subsequent chapters.

Chapter 2 introduces the theoretical concepts of optical waveguides. It covers
the fundamentals of various waveguide structures such as planar waveguides, pho-
tonic crystal fibers, and tapered waveguides, along with their linear and nonlinear
properties. This chapter provides a thorough understanding of the key parameters
and phenomena relevant to waveguide analysis.

Chapter 3 focuses on the application of deep learning in photonic crystal fiber
analysis. It details the methodology for utilizing machine learning models to pre-
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dict and optimize orbital angular momentum (OAM) transmission, highlighting the
data collection, model development, and performance evaluation processes.

Chapter 4 expands the discussion to supercontinuum generation in chalcogenide
waveguides. This chapter presents the methodology for using Artificial Neural Net-
works (ANNs) to model supercontinuum spectra, including the data acquisition,
model evaluation, and analysis of various operating conditions.

Chapter 5 explores the use of Closed-Form Continuous-Time Neural Networks
(CfC) for modeling supercontinuum generation across multiple materials. It com-
pares the performance of CfC models with traditional machine learning techniques
and demonstrates their efficacy in capturing complex spectral patterns with im-
proved computational efficiency.

The final chapter synthesizes the key findings from the research, summarizing
the contributions made in integrating deep learning with photonics. It discusses the
implications of the results, potential applications, and outlines future research di-
rections to further advance the field of photonics and machine learning integration.

1.7 Conclusion

In summary, this introduction has outlined the transformative potential of deep
learning in the field of photonics, particularly in the design and optimization of op-
tical waveguides. The convergence of machine learning techniques with photonic
research addresses the limitations of traditional methods, offering new pathways for
accelerating the design process, improving accuracy, and enabling the exploration
of complex photonic structures. By leveraging advanced neural network models,
this thesis seeks to contribute to both the theoretical understanding and practical
applications of photonic systems, demonstrating how deep learning can revolution-
ize the way we approach optical waveguide design and nonlinear dynamics. As
the field continues to evolve, the integration of deep learning promises to unlock
new possibilities in photonic research, setting the stage for future innovations and
discoveries.
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Chapter 2

Theoretical Concepts

The theoretical underpinnings regulating optical waveguides are laid out in this sec-
tion. Firstly the basic ideas of waveguide technology, including notions like mode
propagation and light confinement have been discussed. After that, investigation
the linear characteristics of waveguides, looking at variables like dispersion, mode
purity, and effective refractive index were done. Going forward, study of nonlinear
characteristics displayed by waveguides, such as the formation of supercontinuums,
four-wave mixing, and self-phase modulation are discussed. Then, numerical ap-
proaches to waveguide analysis are covered, including time domain simulations us-
ing finite element and finite difference techniques.To comprehend the special qual-
ities and potential uses of advanced waveguide structures, such as photonic inte-
grated circuits and metamaterial waveguides, they are also studied. Deep learning
techniques might be used to optimize waveguide performance and design, provid-
ing insights into how they might completely transform waveguide technology.

2.1 Introduction to Optical Waveguides

2.1.1 Planar Waveguides

Planar waveguides are essential components of integrated optics because they offer
vital paths for light to go through thin films that are placed on substrates. A basic ar-
chitecture of such a waveguide is shown in Figure 2.1 where light is confined in the
core[37]. These waveguides, which provide compactness, low propagation losses,
and compatibility with semiconductor fabrication processes, are essential for the de-
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velopment of photonic integrated circuits (PICs) and on-chip optical devices. They
do this by taking advantage of total internal reflection at the interfaces between the
waveguide layer and the surrounding medium. Depending on the waveguide ge-
ometry and refractive index profile, planar waveguides can allow numerous guided
modes of light confinement, which mainly happens in the transverse dimensions.
Planar waveguides have many uses, including optical interconnects in data centers,
biophotonics, sensing, and telecommunications [38][39]. Ongoing research endeav-
ors are dedicated to optimizing waveguide designs where they enable low-loss light
propagation and are used to connect different optical devices and components[40].

Figure 2.1: Planar Waveguide Schematic.

Planar waveguides are widely applicable to a variety of material platforms, such
as semiconductors, glass, and polymers, each of which has its own set of benefits
and drawbacks. Innovative processes like inkjet printing and structures influenced
by metamaterials are examples of how fabrication technology have advanced. Pla-
nar waveguides have many benefits, but they can also have losses due to many
reasons, which is why it’s important to investigate ways to reduce these losses.

Notwithstanding these difficulties, planar waveguides offer a promising foun-
dation for integrated photonic applications because of their low propagation losses
and ability to combine a large number of features. Beyond just helping light travel,
they are essential in tying together different optical components and devices, allow-
ing for smooth communication and effective light control in intricate optical sys-
tems. Planar waveguides are likely to become even more important as research into
the technology proceeds, establishing their place as key components of integrated
optics and facilitating next-generation optical communication, sensor, and comput-
ing systems.
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2.1.2 Photonic crystal fibers

A novel family of optical fibers known as photonic crystal fibers (PCFs) have spe-
cial structural characteristics, most notably a periodic arrangement of air holes that
run the length of the fiber.Basic configuration of PCF is shown in Figure2.2 which
shows the distribution of airholes around the core[41]. The periodic architecture
of the fiber allows for accurate customization of its optical characteristics, such as
nonlinearities, confinement, and dispersion. PCFs are highly adaptable for a wide
range of applications, including nonlinear optics, ultrafast lasers, and telecommuni-
cations. They offer advantages including low loss, large mode area, and customiz-
able dispersion profiles[42]. Novel functions and devices including supercontin-
uum sources, high-power lasers, and sensors have been made possible thanks in
large part to PCFs [43]. PCFs are still being researched in order to further optimize
their performance, investigate new designs for particular applications, and incor-
porate PCFs into intricate photonic systems and networks. Photonic crystal fibers

Figure 2.2: Photonic Crystal Fiber.

are a new class of optical fibers that have a unique microstructure, resulting in vari-
ous advantageous properties. These fibers can guide light through both total inter-
nal reflection and the photonic bandgap effect, allowing for single-mode operation,
soliton propagation, and controllable group velocity dispersion. The cross-section
of these fibers can be optimized to achieve specific functionalities, such as rare-
earth doping for high-performance optical amplifiers and lasers. The fabrication
and modeling methods of photonic crystal fibers are also discussed in the literature.
These fibers have a circular cross-section with a core layer, cladding layer, and coat-
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ing layer, and their microstructure includes air holes arranged in a concentric and
circular array pattern[44]. Photonic crystal fibers now have more varieties and uses
thanks to recent advancements in the sector. It has been demonstrated that photonic
crystal fibers may transmit many orbital angular momentum modes with low dis-
persion, modest nonlinear coefficient, and low confinement loss[45]. With their un-
matched performance and adaptability in guiding and modifying light, these fibers
offer a potential path for the development of next-generation optical communication
systems and devices.

2.1.3 Tapered Waveguides

Tapered waveguides are optical devices that smoothly transition the guided mode
properties over their length by progressively changing the cross-sectional dimen-
sions.The properties of the waveguide design are illustrated in Figure2.3, demon-
strating the light propagation mechanism[46]. In order to achieve effective mode
conversion, coupling, and light confinement, tapering alters the mode field distri-
bution, effective refractive index, and mode size. Applications for tapered waveg-
uides include mode conversion in nonlinear optics, fiber-to-chip coupling in inte-
grated photonics, and mode matching in optical fiber systems. Advantages of their
gradual transition include improved optical parametric amplification in integrated
circuits, possible reduction of waveguide length, and ease of fabrication for optical
signal processing and telecommunication applications[47].Tapering reduces spec-
tral dip problems and produces highly coherent mid-infrared supercontinuum (SC)
output. This is especially noticeable in the parabolic taper design[48].Ongoing re-
search in tapered waveguides focuses on optimizing taper profiles for specific ap-
plications, exploring novel taper designs, and integrating tapered waveguides into
photonic devices and systems for enhanced performance. Tapered waveguides can
exhibit phenomena such as zero group velocity and strong spatial compression, ob-
served in tapered plasmonic waveguides and spatio-temporal systems[49]. Curved
shape photonic crystal tapers have been designed and modeled to enhance coupling
efficiency in photonic crystal waveguides, with different approaches and shapes
considered. Tapered waveguides are a common design constraint in photonic in-
tegrated circuits (PICs) for mismatch adaptation between waveguides of different
cross-sections[50].
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Figure 2.3: 2D Tapered Waveguide Schematic.

2.1.4 Metallic Waveguides

Surface plasmon polaritons (SPPs) and other metallic resonances are exploited by
metallic waveguides, which use metal-dielectric interfaces to guide electromagnetic
waves, including light, at subwavelength scales. These waveguides offer special
properties like strong field confinement and enhanced light-matter interactions. These
waveguides provide subwavelength imaging, increased spectroscopy, and on-chip
optical circuits and find applications in nanophotonics, plasmonics, sensing, inte-
grated optics, and terahertz networks. For applications in communications, sensing,
and imaging, ongoing research focuses on performance optimization, investigating
new materials and geometries, and incorporating metallic waveguides into func-
tional photonic devices[51] [52].

2.1.5 Rib Waveguide

When light is guided through a raised ridge or rib structure on a substrate, it is
known as a rib waveguide. Fig2.4 shows the basic layout of a rib waveguide, high-
lighting the process of light propagation through the core[53].This type of waveg-
uide is ideal for integrated photonics, optical interconnects, and photonic integrated
circuits (PICs) because it provides precise mode confinement and propagation con-
trol. Their planar geometry makes it simple to fabricate and integrate with other
optical components, which makes it easier to create compact, multipurpose pho-
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tonic devices that can be used in data transmission, optical sensing, biomedical
imaging, and telecommunications. The current focus of rib waveguide research
is on improving performance, investigating cutting-edge fabrication methods, and
incorporating them into cutting-edge photonic systems and networks for new ap-
plications. Common fabrication techniques involve lithography and etching, with
demonstrated methods including reflowed photoresist etch masks and photolithog-
raphy for lithium niobate on insulator (LNOI)[54], as well as wet-chemical etching
for silica-titania structures[55]. Additionally, investigations into the single-mode
operation of submicron rib waveguides made of silicon-on-insulator material have
been conducted using numerical methods, contributing to enhancing the under-
standing and optimization of rib waveguide designs for various applications in pho-
tonics and optical communication.

Figure 2.4: Rib Waveguide Schematic.

2.1.6 Advanced Waveguide Structures

Metamaterial Waveguides, Bragg gratings and resonators, Photonic Integrated Cir-
cuits (PICs), and other advanced waveguide structures are examples of photonic
technologies. PICs are complex systems that combine several optical components
onto a single chip. They provide low power consumption, high integration density,
and improved performance for optical communications and sensing applications
[56][57]. Laser mirrors, sensors, and modulators use Bragg gratings and resonators,
optical devices that manipulate light waves through periodic fluctuations in refrac-
tive index [58]. The goal of this field’s research is to increase spectral selectivity and
performance by using methods like dielectric Bragg mirrors and guided-mode res-
onance. By utilizing artificial electromagnetic properties, metamaterial waveguides
can achieve previously unattainable features like as reduced loss, subwavelength
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confinement, and negative refraction[59]. Research focuses on novel compositions
and geometries for advanced imaging, sensing, and communication applications .
These waveguides promise superior performance compared to traditional counter-
parts, offering scalability, reconfigurability, and enhanced control over electromag-
netic properties[60].

2.2 Linear Properties of Waveguide

2.2.1 Effective Refractive Index

Effective refractive index, or neff, is a crucial parameter that affects phase velocity,
mode confinement, signal transmission, and dispersion management. As such, it
is important for maximizing waveguide performance in a variety of applications,
such as sensing, laser systems, and telecommunications. neff, a crucial parameter
that carefully takes into account the refractive indices of the waveguide materials
and design, describes how light travels through a waveguide in comparison to how
it travels in free space.Pastotta (2024) cite. neff, for example, precisely controls the
modal characteristics of guided modes in optical fibers, which has a major impact
on the fiber’s overall performance. Relationship of effective refractive index with
wavelength of the guiding light is shown in Figure2.5.The effective refractive in-
dex (neff) of waveguides can be obtained through a variety of methods and mate-
rials. These include employing well-established techniques like the effective index
method (EIM) for simulations, as well as novel all-dielectric zero-index materials
(ZIMs) like Dirac-like cone-based ZIMs (DCZIMs)[61]. Furthermore, the complex
interaction between anisotropic optical gain and non-Hermitian characteristics of
the waveguide structure and materials is taken into consideration while deriving
equations for the effective medium refractive index in waveguide design[62]. By
means of a thorough comprehension and skillful use of neff, scientists and engineers
can fully realize the possibilities of waveguide technology, propelling creativity and
progress across several domains.

2.2.2 Mode Purity (η)

The degree to which a particular mode predominates over other modes in a waveg-
uide’s light transmission is measured by the mode purity (η). It indicates the degree
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Figure 2.5: Example of Effective Refractive Index and Dispersion profile of Waveg-
uide

of mode mixing or contamination by higher-order modes by reflecting the modal
content of the optical signal traveling through the waveguide. In single-mode ap-
plications like high-power laser systems and long-distance telecommunications, ob-
taining high mode purity is essential to minimize signal deterioration and maximize
system performance. Numerous elements, such as coupling losses, mode conver-
sion procedures, and waveguide flaws, can affect mode purity. Optimizing waveg-
uide shape, managing fabrication procedures, and putting mode filters or mode-
selective components into place are methods for improving mode purity.The mode
purity of waveguides is an important factor in various applications. In the study
by Soltani et al., a proposed integrated optical mode converter based on multimode
interference (MMI) waveguides achieved an output mode purity of 94% and 82%
for beams carrying OAM with topological charge values of l = ±1 and l = ±3, respec-
tively [63] This is a suggestion of desired high mode purity for various application.
Mode purity calculation in a ring core PCF can be presented by the equation given
below,
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η =

∫
r ring

∣∣∣E⃗∣∣∣ dx dy∫
whole section whole-section

∣∣∣E⃗∣∣∣2 dx dy
(2.1)

2.2.3 Dispersion

When various light wavelengths go through a waveguide at different rates, result-
ing in the temporal spreading of optical pulses, this phenomenon is referred to as
dispersion in waveguides. Two primary types of dispersions can be broadly clas-
sified as follows: chromatic dispersion and modal dispersion. The wavelength-
dependent refractive index of the waveguide material causes chromatic dispersion,
which affects how broadband optical signals propagate. Conversely, modal disper-
sion arises from the different rates at which directed modes with different spatial
distributions propagate. In many optical systems, such as communication networks,
laser systems, and optical sensing applications, managing dispersion is essential for
regulating pulse broadening and distortion[64].

A variety of dispersion control strategies are used by engineers to efficiently ad-
dress dispersion. One method is to design the waveguides’ internal structures. For
example, atomic layer deposition (ALD)-deposited silicon nitride waveguides with
cladding layers provide accurate dispersion tuning over a range of regimes, includ-
ing normal, near-zero, and anomalous[65]. Similar to this, dispersion properties can
be freely controlled by patterning the cladding of waveguide microresonators with
substances like air, oxide, or SU-8 polymer[66]. Lower index oxide layers allow
improved supercontinuum generation with customized bandwidths and spectrum
broadening dynamics in highly doped silica glass slot waveguides[67]. Further-
more, high-performance nanophotonic device design is made possible by the ad-
vanced dispersion engineering capabilities offered by subwavelength metamaterial
waveguides on the silicon-on-insulator platform[68].

These dispersion engineering techniques hold significant promise for various
applications. Integrated photonic circuits, optical communication systems, spec-
troscopy setups, sensors, and on-chip broadband light manipulation can all benefit
from precise control over dispersion. By leveraging the diverse methods available
for managing dispersion in waveguides, engineers can optimize the performance
and efficiency of optical systems across a wide range of domains, advancing the ca-
pabilities of modern photonics technology. The equation that expresses dispersion
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looks like this ,

D = −λ

c
d2Re(Ne f f )

dλ2 (2.2)

2.2.4 Mode Effective Area (Aeff)

A waveguide’s effective area (Aeff) measures the cross-sectional area that optical
power travels through. It defines the optical mode’s spatial extension and affects
phenomena like mode confinement, attenuation, and nonlinear effects. Weaker opti-
cal nonlinearities and decreased sensitivity to optical losses are generally associated
with greater effective areas. In optical fiber systems, Aeff plays a crucial role in influ-
encing nonlinear phenomena such as four-wave mixing and self-phase modulation.
Designing waveguides with improved power handling, dispersion management,
and nonlinear optics is made possible by optimizing Aeff. Numerous scholarly ar-
ticles examine the Aeff of various waveguide configurations.According to numeri-
cal simulations, supercontinuum generation in photonic crystal fibers is influenced
by the frequency-dependent effective mode area. This is especially true for low-
ering the extreme long-wavelength edge of the spectrum, which is important for
precise comparisons with experiments that use pump sources in the 1000–1500 nm
range[69]. Slot waveguides are shown to be more appropriate for this purpose by
Luo et al., who investigate the relationship between the nonlinear effect and the
waveguide’s cross-section and adjust the construction to maximize the nonlinear ef-
fect [70].The effective area of photonic crystal fibers with a triangular air-hole lattice
is the subject of another study that offers numerical analyses and insights into the
nonlinear behavior and single-mode operation of these fibers, which are important
for a variety of optical communication and sensing applications[71]. The equation
that characterizes the mode effective area looks like this,

Ae f f =

(∫∫
|E(x, y)|2 dx dy

)2∫∫
|E(x, y)|4 dx dy

(2.3)

2.2.5 Orbital Angular Momentum (OAM)

A spiral wavefront representing the helical phase structure of light defines orbital
angular momentum (OAM), a unique feature of light. When used and controlled
inside waveguides, this property allows optical signals to carry additional informa-
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tion beyond their amplitude and phase. The potential for improving data transmis-
sion capacity and robustness against channel impairments in OAM-based commu-
nication systems has sparked a great deal of interest in waveguides that can gen-
erate, manage, and detect OAM modes.Figure2.6 outlines the structural configu-
ration of a PCF, explaining how light is directed and maintained within for sup-
porting OAM mode[72]. Applications for these advances can be found in many
different fields, including as high-capacity data transfer, quantum information pro-
cessing, and optical communications. The main focus of current research efforts is
on creating effective waveguide platforms that can incorporate OAM modes into
useful photonic systems for sensing and communication applications. As a possible

Figure 2.6: Orbital Angular Momentum Mode Generator

medium for OAM transmission, photonic crystal fibers (PCFs) are being investi-
gated for their ability to accommodate numerous OAM modes with low losses and
high purity. Using PCFs with double-layer rings, where the transmission domain
is doped with germanium dioxide and the inner circle is doped with fluoride, is
one such method [45]. A different approach makes use of hybrid cladding ring-
core PCFs, which break the fiber structure’s circular symmetry to improve bend-
ing resistance and decrease spin-orbit coupling. This allows for the support of 22
OAM modes over a large bandwidth with minimal confinement losses [73]. Fur-
thermore, formalisms based on Stokes parameter measurements and Barnett’s for-
malism have been devised to experimentally determine the OAM of optical beams
[74]. These advancements pave the way for more accurate characterization and
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manipulation of OAM modes within waveguides. In order to improve resolution
and capacity, efforts have also been focused on modeling and reducing crosstalk in
OAM-multiplexed holographic systems. The goal of research is to maximize the
performance of OAM-multiplexed holographic systems by developing models for
multiplexing crosstalk in OAM holography and suggesting techniques to minimize
crosstalk [75]. Exciting prospects exist for optical communication and sensing tech-
nologies to be revolutionized through the investigation of OAM in waveguides. Ad-
vances in waveguide engineering and OAM manipulation techniques are making it
possible to integrate OAM-based systems into real-world photonic devices, which
could lead to greater system robustness and increased data transmission capacities.

2.3 Non-linear Properties of Waveguide

2.3.1 Nonlinear Refractive Index n2

Understanding the nonlinear optical behavior of materials requires an understand-
ing of the nonlinear refractive index (n2), which is the change in refractive index
caused by the intensity of incident light. n2 regulates nonlinear processes in waveg-
uides, including self-phase modulation and self-focusing, which are important for
nonlinear signal processing and all-optical switching applications. The strength
of these interactions is determined by the magnitude of n2, which influences the
waveguide design for nonlinear optics applications. The characterization and ap-
plication of waveguides’ nonlinear refractive index have been the subject of numer-
ous studies. Wang et al. introduce a refractive index sensor that uses Fano reso-
nance to achieve extraordinary sensitivity [76], whereas Neradovskiy et al. propose
a method based on second harmonic production to determine waveguide refractive
index profiles[77]. Yeoh et al. present a graphene-coated multimode interference
waveguide sensor for precise refractive index measurements suitable for real-time
environmental monitoring [78]. These studies collectively contribute insights into
diverse techniques and materials for manipulating and measuring the nonlinear re-
fractive index of waveguides, paving the way for advancements in nonlinear optics
research and practical device applications.

39



2.3.2 Self Phase Modulation

Self-phase modulation (SPM) is a nonlinear optical phenomena in which an opti-
cal pulse’s phase is changed as it travels through a waveguide by its own intensity.
Phase shifts that depend on the duration and form of the optical pulse are caused by
the waveguide material’s refractive index changing in response to the optical pulse’s
instantaneous intensity in surface photometry (SPM). SPM is a helpful tool in non-
linear optics applications, but it can also produce spectral widening and temporal
aberrations of light pulses. Applications including optical signal processing, super-
continuum production, and nonlinear microscopy require an understanding of and
ability to regulate SPM[79].Self-phase modulation (SPM) is a fascinating nonlinear
optical effect where a laser beam interacts with a medium, inducing a phase mod-
ulation on itself due to the medium’s intensity-dependent refractive index change,
resulting in spatial and temporal distortions and leading to well-known phenomena
like self-focusing and self-defocusing[80].

2.3.3 Four Wave Mixing

Through the nonlinear coupling of optical fields, interacting optical waves create
new frequencies in a process known as four-wave mixing (FWM). FWM occurs in
waveguides as a result of the medium’s nonlinear response, which creates new op-
tical frequencies that meet phase-matching and energy-saving requirements. Ap-
plications including optical parametric amplification, frequency comb creation, and
wavelength conversion can all benefit from the use of FWM. In optical communica-
tion systems, it can also result in crosstalk and signal deterioration, though. Opti-
mizing waveguide designs for nonlinear optics and photonics applications requires
a thorough understanding of and control over FWM[79].

2.3.4 Supercontinuum Generation

Supercontinuum generation is a nonlinear optical phenomena in which a narrow-
band input source produces an optical spectrum with a wide range of wavelengths.
It happens when different nonlinear phenomena in waveguide structures interact,
such as self-phase modulation, stimulated Raman scattering, and four-wave mix-
ing. Applications for supercontinuum sources include ultrafast laser systems, spec-
troscopy, optical frequency metrology, and optical coherence tomography. To design
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sources with customized spectral properties and high coherence for various appli-
cations, it is crucial to comprehend and manage the formation of supercontinuum
in waveguides [81]. Figure2.7 represents the spectral broadening of light with spa-
tial and temporal evolution plot that varies with the geometric variations[82] An

Figure 2.7: Supercontinuum Generation

effective method of obtaining extreme spectrum widening of pulsed laser light is
supercontinuum generation through waveguides. Applications include frequency
conversion, optical light manipulation, and telecommunication. Achieving the ap-
propriate supercontinuum spectra requires careful consideration of waveguide de-
sign and dispersion management. Supercontinuum generation has been studied
with a variety of waveguide configurations. Different dispersion profiles and spec-
trum broadening dynamics are provided by these waveguides, which enable the cre-
ation of remarkably diverse supercontinuum spectra. Supercontinuum generation
in chip-based platforms is now more understood and controlled because to the de-
velopment of photonic integrated waveguides and photonic crystal fibers. These de-
vices present new prospects for supercontinuum generation due to their finely con-
trolled lithographic dispersion, small footprint, and enhanced power consumption[43].

Supercontinuum generation is the process of transforming laser light into a wide
spectrum, which is essential for many uses. Because of the customized dispersion
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characteristics of optical fibers, particularly photonic crystal fibers, it usually hap-
pens in nonlinear devices. Spectral broadening is caused by mechanisms such as
self-phase modulation and Raman scattering, which require numerical modeling
to fully comprehend. High spatial coherence can be seen in supercontinua despite
their wide spectrum. Supercontinuum sources’ wide bandwidth and spatial coher-
ence are advantageous for spectroscopy, microscopy, and optical coherence tomog-
raphy, among other applications. Supercontinuum sources are also useful in optical
frequency metrology and ultrafast laser physics[83].

2.3.5 Stimulated Raman Scattering (SRS)

Induced photons interact with the material’s vibrational modes in stimulated Ra-
man scattering (SRS), a nonlinear optical process that produces new light frequen-
cies as a result of the scattering process. SRS can cause optical power in waveg-
uides to be transferred from the incident wavelength to new wavelengths that are
specified by the Raman spectrum of the material. SRS is used in spectroscopy,
wavelength conversion, and Raman amplification, among other applications. On
the other side, it may also result in nonlinear signal distortion and restrict waveg-
uide devices’ ability to handle power. Optimizing waveguide designs for nonlinear
optics and photonics applications requires an understanding of and control over
SRS[84].

Important details about the material, including its spectral band structure, de-
gree of polarization, and scattering efficiency, can be learned from the scattered ra-
diation.Many pieces of equipment, such as light pulse generators, optical systems,
and detectors, can be used to find stimulated Raman scattering [85]. It may be used
to generate bright tunable light in the infrared range, measure the relaxation times
of lattice waves and molecular vibrations, and determine spontaneous Raman pa-
rameters [86].

2.3.6 Absorption of Two Photons (TPA)

Two photons are simultaneously absorbed in two-photon absorption (TPA), a non-
linear optical process that causes an electronic transition in a material. The mate-
rial’s absorption coefficient and refractive index alter as a result of this phenomena,
which only happens at high intensities. TPA is essential in waveguides for quan-
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tum information processing applications, nonlinear optical microscopy, and optical
switching[87] [79].

2.4 Numerical Technique Used in Waveguide Analysis

2.4.1 Finite Element Method (FEM)

By discretizing the domain into finite elements, the Finite Element Method (FEM) is
a potent numerical technique that is frequently used in waveguide analysis to solve
partial differential equations. The realistic simulation of light propagation and inter-
action with complicated waveguide systems characterized by flexible nonuniform
patches or elements is made possible by FEM, which converts differential equa-
tions into matrix equations. FEM, which was first founded on the research of Ritz,
Galerkin, Trefftz, and others, uses weighted residual methods or mechanical prin-
ciples to translate differential equations into variational issues. FEM builds sys-
tems of algebraic equations using finite element meshes and basis functions, en-
abling the study of modal features, dispersion characteristics, and nonlinear effects
in waveguides. Its versatility in handling complex geometries, material properties,
and boundary conditions makes FEM an invaluable tool for a wide range of waveg-
uide designs and applications[88][89]. Finite Element Analysis shown in Figure2.8
is a helpful mechanism of knowing the electromagnetic field distribution[90].

Figure 2.8: Finite Element Analysis of Waveguide
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2.4.2 Finite Difference Time Domain (FDTD)

By discretizing space and time into a grid, the Finite Difference Time Domain (FDTD)
method is a numerical methodology that simulates the propagation of electromag-
netic waves. With its great temporal and spatial resolution, FDTD is especially well-
suited for exploring transient events, dispersion, and nonlinear effects in waveguide
analysis. FDTD effectively computes temporal derivatives from spatial derivatives
by using trigonometric basis functions and Taylor series extension[91]. Application
of the finite-difference time-domain (FDTD) method lies in solving Maxwell’s equa-
tions for photonics and nanophotonics, providing a rigorous and versatile technique
for accurately modeling nanophotonic devices and understanding novel effects in
nano-optics and photonics, particularly advantageous for modeling surface plas-
mon waves and plasmonic waveguides due to its affordability in computational
resources[92].

2.4.3 Sellmeier Equation

The Sellmeier equation, developed by W. Sellmeier in 1871, is an empirical formula
used to describe the wavelength dependence of the refractive index in transparent
materials like glasses. It provides a relationship between the refractive index of a
material and its wavelength, incorporating material-specific coefficients. In waveg-
uide analysis, the Sellmeier equation is essential for modeling the refractive index
dispersion of waveguide materials, allowing for accurate simulations of light prop-
agation and dispersion effects. By integrating Sellmeier coefficients into numerical
simulations, waveguide designers can predict and optimize the optical properties of
waveguide structures across a broad spectral range[93]. The equation is as follows,

n2(λ) = 1 +
N

∑
i=1

Biλ
2

λ2 − Ci
(2.4)

Where represents wavelength in µm. Where represents wavelength in µm.

2.4.4 Perfectly Matched Layer (PML)

In numerical simulations, the Perfectly Matched Layer (PML) plays a critical role
as a boundary condition, decreasing reflections at computational domain bound-
aries and absorbing outgoing waves. PMLs are essential for accurately simulating
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open boundaries and truncating waveguide structures without adding undesired
reflections in waveguide analysis. PMLs provide correct modeling of waveguide
behavior, including modal characteristics, dispersion, and nonlinear effects. This
ensures accurate and dependable results in finite-difference and finite-element sim-
ulations of waveguide structures by effectively simulating an infinite computational
domain. Beyond waveguide analysis, PMLs are also used in optical simulations,
soil-structure interaction analysis, and wave propagation studies. These applica-
tions allow PMLs to efficiently absorb light across a range of incident angles and
customizable bandwidths, which improves computational efficiency and has a prac-
tical impact in a variety of fields.Recent advancements, such as novel PML designs
tailored for specific materials and domains, further expand the utility and effective-
ness of PML in a wide range of applications, promising even greater accuracy and
efficiency in numerical simulations[94][95].

2.4.5 Meshing

In order to discretize the space for numerical simulations, the computational do-
main is divided into tiny geometric parts, or meshes. Meshwork is essential to ac-
curately describing the waveguide geometry, material interfaces, and field distri-
butions in waveguide analysis. Accurate numerical simulations are guaranteed by
proper meshing, which appropriately resolves spatial variations in the electromag-
netic fields. Depending on the complexity of the waveguide structure and the needs
of the simulation, different meshing techniques are applied, including structured,
unstructured, and adaptive meshing[96].

2.4.6 Convergence

The point at which an iterative numerical simulation achieves a stable solution or
the required degree of accuracy is referred to as convergence. Convergence is nec-
essary in waveguide analysis in order to produce accurate and significant results
from numerical simulations. As computing resources (such as mesh density and
time steps) are optimized, it guarantees that the answer derived from the numer-
ical method is in close proximity to the actual solution of the underlying physical
problem. Convergence criteria, including error norms, residual values, and solution
stability, are evaluated as part of the monitoring process to see if more fine-tuning is
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required to provide accurate outcomes.

2.4.7 Softwares

Software packages specifically designed for waveguide analysis provide powerful
tools for simulating and optimizing waveguide structures. These software packages
typically incorporate advanced numerical techniques, intuitive graphical user inter-
faces (GUIs), and extensive libraries of optical materials and components. Examples
of such software include Lumerical’s MODE Solutions, COMSOL Multiphysics, and
RSoft’s BeamPROP. These software packages enable waveguide designers to effi-
ciently model, analyze, and optimize a wide range of waveguide structures, includ-
ing photonic crystal fibers, planar waveguides, and integrated photonic devices,
facilitating the development of novel photonic technologies.

2.5 Generalized Nonlinear Schrödinger Equation (GNLSE)

2.5.1 Introduction to GNLSE

The propagation of optical pulses in nonlinear media, such optical fibers and waveg-
uides, is described by the Generalized Nonlinear Schrödinger Equation (GNLSE), a
basic mathematical model. It can simulate a wide range of nonlinear phenomena in
waveguide constructions and takes into consideration both linear and nonlinear ef-
fects, such as dispersion, self-phase modulation, and four-wave mixing. The GNLSE
is a popular tool in photonics research and optical communication systems for pre-
dicting optical signal behavior and evaluating pulse propagation dynamics. It is
developed from the nonlinear Schrödinger equation[97]. With applications in weak
nonlinear dispersive water waves, quantum field theory, and nonlinear optics, the
generalized nonlinear Schrödinger (NLS) equation is a fully integrable model[98].
The equation is also used in the field of slowly varying envelope of the electric field
in optical fibers, with various methods employed to find soliton solutions[99]. These
studies contribute to the understanding of the behavior and properties of solutions
to the generalized NLS equation in different physical systems.
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2.5.2 Mathematical Form of GNLSE

The Generalized Nonlinear Schrödinger Equation (GNLSE) is fundamental for mod-
eling the evolution of the complex envelope of an optical pulse as it traverses through
a nonlinear medium. This equation integrates both linear and nonlinear effects, cap-
turing a comprehensive range of optical phenomena. The linear terms account for
dispersion and attenuation, while the nonlinear terms represent effects such as self-
phase modulation (SPM) and nonlinear gain.

The GNLSE is generally expressed in either the time domain or frequency do-
main and is often solved using various numerical techniques. A thorough under-
standing of the GNLSE’s mathematical formulation is crucial for accurate simu-
lation and modeling of nonlinear optical processes in waveguide structures. The
equation is given by [43]:

∂A
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∂
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)(
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∫ +∞

−∞
R(T′)|A(z, T − T′)|2 dT′

)
(2.5)

Here, A(z, T) represents the slowly varying envelope of the pulse, which prop-
agates at the group velocity vg = 1

β1(ω)
in a retarded time frame T = t − z/vg. The

higher-order dispersion terms, βk, are obtained from the Taylor series expansion of
the mode propagation constant β(ω). The central angular frequency is denoted as
ω0, and α signifies the attenuation constant. The nonlinear coefficient γ is calculated
using n2ω0

cAeff
, where n2 is the nonlinear refractive index at ω0, c is the speed of light,

and Aeff is the effective mode area.
The GNLSE encapsulates both linear and nonlinear dynamics governing the

propagation of optical pulses within waveguides. The linear components include
group velocity dispersion (GVD), chromatic dispersion, and losses, which describe
how the optical signal evolves linearly. In contrast, the nonlinear terms represent
effects driven by the intensity-dependent refractive index of the waveguide ma-
terial, such as self-phase modulation (SPM), cross-phase modulation (XPM), and
four-wave mixing (FWM). A deep understanding of how these linear and nonlinear
terms interact is essential for accurately predicting the behavior of optical pulses in
waveguide structures.
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2.5.3 Numerical Solvers for GNLSE

To effectively solve the Generalized Nonlinear Schrödinger Equation (GNLSE) and
simulate optical pulse propagation in waveguides, various numerical solvers are
employed. One prevalent approach involves transforming the GNLSE from the time
domain to the frequency domain using the Fast Fourier Transform (FFT) [100]. This
technique allows for efficient and accurate solution of the GNLSE by leveraging iter-
ative methods in the frequency domain. FFT-based solvers are particularly valuable
for modeling the dynamics of pulse propagation, analyzing dispersion effects, and
understanding nonlinear interactions within waveguide systems. They are exten-
sively used in the design and optimization of waveguides for photonics research
and optical communication applications due to their speed and precision.

In addition to FFT-based methods, alternative approaches have been proposed
for solving the multimode generalized nonlinear Schrödinger equation (MM-GNLSE).
A notable method involves transforming the MM-GNLSE into a system of first-
order ordinary differential equations (ODEs). These ODEs can be solved using stan-
dard ODE solvers, simplifying the modeling of pulse propagation in multimode
fibers. This approach has been verified for basic multimode cases, such as those
involving two orthogonal polarization states in a non-birefringent microstructured
optical fiber [101]. By converting the MM-GNLSE into a more manageable system
of ODEs, researchers can efficiently tackle complex multimode scenarios and gain
insights into pulse behavior in advanced optical fiber designs.

2.5.4 Experimental Validation and Comparison

It is imperative to conduct experimental validation and compare numerical simu-
lations with real-world observations in order to confirm the precision and depend-
ability of GNLSE-based models in forecasting waveguide behavior. The process
of experimental validation entails measuring the optical characteristics and oper-
ational efficiency of waveguide structures in controlled laboratory settings. The
agreement between theory and experiment is then evaluated by contrasting these
measurements with numerical simulations based on the GNLSE. Disparities be-
tween simulation and experimental data can point to flaws or restrictions in the
model’s assumptions or experimental configurations, allowing for more waveguide
design optimization and refinement.
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2.5.5 Softwares

MATLAB is a widely used numerical computing environment and programming
language that provides powerful tools for solving and analyzing mathematical prob-
lems, including the GNLSE. MATLAB offers a range of built-in functions and tool-
boxes for numerical simulation, signal processing, and optimization, making it well-
suited for implementing numerical solvers for the GNLSE and conducting simula-
tions of waveguide behavior. MATLAB’s intuitive interface and extensive library
of functions enable researchers and engineers to develop custom simulation scripts,
visualize simulation results, and analyze waveguide properties efficiently. MAT-
LAB’s versatility and flexibility make it a popular choice for waveguide analysis
and optimization in both academic and industrial settings.

2.6 Deep Learning

2.6.1 Artificial Neural Networks

Artificial Neural Networks (ANNs) are computational models inspired by the struc-
ture and function of biological neural networks found in the human brain. The
design and operation of ANNs mirror the way neurons interact within the brain,
where they process and transmit information through complex networks. An ANN
typically comprises several layers: an input layer, one or more hidden layers, and an
output layer [102]. Each layer in an ANN serves a distinct purpose and contributes
to the network’s ability to process data and make predictions.In an ANN, every
node, or neuron, within a layer performs a mathematical transformation on its in-
puts. This transformation is governed by a set of weights and activation functions,
which are crucial for determining the node’s output. The output from a node is then
passed to the nodes in the subsequent layer, effectively propagating the information
through the network. This process continues from the input layer through the hid-
den layers to the output layer, as depicted in Figure 2.9.ANNs are highly versatile
tools used for a wide range of machine learning tasks. They excel in pattern recogni-
tion, regression, and classification problems due to their ability to learn and model
complex relationships within data. For instance, ANNs can effectively analyze op-
tical waveguide parameters by learning from large datasets, making them valuable
for tasks such as predicting waveguide performance or optimizing design parame-
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ters.The most common type of ANN is the multi-layer feedforward network. This
architecture consists of an input layer that receives the initial data, one or more hid-
den layers that process the data, and an output layer that provides the final results.
The connections between neurons, known as links or edges, transmit information
from one layer to the next. These connections are weighted, and the weights are ad-
justed during the training process to minimize prediction errors.Training an ANN
involves providing it with a set of input patterns and their corresponding output
patterns. The network learns by adjusting the weights of the connections to im-
prove its predictions for new, unseen input patterns. This iterative learning process
continues until the network achieves satisfactory performance.ANNs have found
widespread applications across various fields including business, engineering, and
medicine [65] [103]. Their ability to model complex and nonlinear relationships
makes them an invaluable tool for solving challenging problems and making in-
formed decisions based on large volumes of data.

Figure 2.9: Artificial Neural Network Architecture

2.6.2 Recurrent Neural Networks (RNNs)

Recurrent Neural Networks (RNNs) are advanced neural network architectures de-
signed to handle sequential data by leveraging their ability to remember previous
inputs. Unlike feedforward neural networks, which process each input in isola-
tion, RNNs incorporate feedback connections that create directed cycles within the
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network. This unique architecture allows RNNs to capture and utilize temporal
dependencies in sequential data, enabling them to model and understand patterns
over time. Figure 2.10 illustrates how sequential data is used in the training process
of an RNN model [104].RNNs are particularly adept at tasks that involve sequences
and time-dependent information. They are widely employed in various domains
such as time-series analysis, where they forecast future values based on historical
data, and language modeling, where they predict the next word in a sequence based
on previous words. In speech recognition, RNNs are used to interpret spoken lan-
guage by analyzing sequences of audio features. Their ability to manage sequential
data makes them invaluable for a range of applications.In the context of waveguide
simulations that involve time-dependent phenomena, RNNs are especially benefi-
cial. They can effectively model dynamic changes in waveguide parameters over
time, providing insights into complex interactions within the system. Beyond their
use in waveguide simulations, RNNs also demonstrate their versatility in several
other areas. They are capable of analyzing non-stationary random processes, which
are processes whose statistical properties change over time. Additionally, RNNs
have been applied in medical diagnostics for forecasting cardiac conditions, in en-
vironmental engineering for evaluating sewage treatment efficacy, and in various
other fields where temporal correlations in data are critical [105].Overall, RNNs of-
fer a powerful toolset for dealing with sequential and time-dependent data, making
them a valuable asset in both theoretical and practical applications across numerous
disciplines.

Figure 2.10: Recurrent Neural Network and LSTM Architechture

2.6.3 Long Short-Term Memory (LSTM) Networks

A particular kind of recurrent neural network (RNN) called Long Short-Term Mem-
ory (LSTM) networks is designed to address the difficulty of the vanishing gradi-
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ent problem that arises during deep neural network training. LSTMs are particu-
larly good at capturing long-range relationships in sequential data because of their
special architecture, which combines memory cells and gating mechanisms. This
helps them deal with problems such as vanishing or ballooning gradients. LSTM
models are widely used in a wide range of domains, including time series predic-
tion, brain-computer interfaces (BCIs) for decoding physiological and neural sig-
nals, stock and currency market forecasting, and optimizing hardware implemen-
tation for lightweight applications. Renowned for their ability to accurately predict
market movements, decode brain signals with high accuracy, and enhance predic-
tion accuracy across various domains, LSTM models are often combined with other
deep learning methods to further improve prediction accuracy[106].

2.6.4 Convolutional Neural Networks (CNNs)

In computer vision tasks, Convolutional Neural Networks (CNNs) are adaptable
models that demonstrate human-like performance via experiential learning. CNNs
have the potential to be more closely aligned with their biological counterparts due
to their noteworthy parallels to the monkey visual system. This could lead to new
research areas beyond basic object recognition. Their versatility may be seen in a
wide range of applications, such as helping doctors by helping to categorize brain
tumors according to different factors and maximizing time efficiency. CNNs are use-
ful for picture categorization in automated driving and driver assistance systems.
They provide robustness in large-scale image processing by utilizing characteristics
like pooling, shared weights, and local connections[107].CNN model, as can be seen
in Figure2.11, uses convolution technique of mathematics across different layers of
the network[108].

2.6.5 Liquid Time-Constant Networks (LTCNs)

Recurrent neural networks called Liquid Time-Constant Networks (LTCNs) are made
to deal with problems such as disappearing gradients in training sequences. LTCNs,
which are composed of linked nodes with different time constants, are able to ef-
fectively represent long-range dependencies and temporal dynamics in sequential
data[109]. LTCNs are useful for tasks involving dynamic waveguide behavior and
optical signal processing. They are especially well-suited for modeling dynamic
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Figure 2.11: Convolutional Neural Network Architecture

processes and time-series data. With no need for scenario-specific data or retraining,
an extension known as Liquid Time-Constant (LTC) networks uses received signal
power to forecast future blockage status in millimeter-wave links with excellent ac-
curacy. Additional developments such as LTC-SE improve the compatibility and
versatility of liquid neural networks, increasing their use in robotics and time-series
prediction, among other machine learning applications[110]. Long-term dependen-
cies between image, text, audio, and medical time-series data can be shown by LTC.

2.6.6 Closed-Form Continuous-Time Neural Networks (CfCNs)

Closed-Form Continuous-Time Neural Networks (CfCNs) are a specialized class
of neural network architectures designed to model dynamical systems within a
continuous-time framework. These networks excel in capturing complex spatiotem-
poral dynamics, making them particularly well-suited for applications that require
continuous-time simulations. Their ability to handle real-time data is advantageous
for tasks such as predicting optical properties and modeling waveguide dynam-
ics.CfCNs utilize continuous-time optimization methods during training, which al-
lows them to effectively represent and process continuous-time data. This approach
is highly beneficial for applications that demand real-time analytics and precise tem-
poral predictions. A related variant, known as Closed-Form Continuous-Time Neu-
ral Networks (CfC), focuses on representation learning for spatiotemporal decision-
making tasks. CfC models, which are defined by continuous differential equa-
tions, encounter challenges related to scaling when employing traditional numer-
ical solvers.To address these challenges, a novel method has been developed that
leverages closed-form continuous-time liquid neural networks. This revolution-
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ary approach facilitates real-time analytics by providing a solution to the scaling
issues associated with numerical solvers. By utilizing closed-form networks, this
method enables the creation of comprehensive digital twin simulations in health-
care, allowing for detailed and dynamic views of patient health data.CfC networks,
derived from analytical closed-form solutions, offer a simpler and more efficient al-
ternative to continuous-depth neural models. They demonstrate strong modeling
capabilities and often outperform advanced recurrent models in time-series predic-
tion tasks. This makes them particularly suitable for environments where compu-
tational resources are limited, showcasing their potential for real-time applications
and resource-constrained scenarios [111].

2.6.7 Data Acquisition

Data acquisition is the process of collecting and organizing experimental or simu-
lated datasets to train machine learning models effectively. In the context of waveg-
uide analysis, this may involve generating synthetic datasets, performing numerical
simulations of waveguide behavior, or conducting physical experiments to measure
optical properties. Ensuring high quality and diversity in the datasets is critical, as
it directly impacts the accuracy and reliability of the trained machine learning mod-
els. Effective data acquisition strategies include methods for integrating, validating,
and cleansing data to ensure it is representative and free from errors [112].

2.6.8 Dataset

A dataset comprises a collection of samples used to train, validate, and test machine
learning and deep learning models. For waveguide analysis, this dataset may con-
sist of experimental measurements, simulated data, or synthetic representations of
different waveguide configurations. Constructing well-organized and accurately la-
beled datasets is essential for training models that can generalize across a range of
waveguide designs and accurately predict their optical properties. A robust dataset
ensures that the model can learn effectively and perform well on unseen data, im-
proving its ability to make precise predictions [28].
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2.6.9 Back-propagation

Back-propagation is a key algorithm used to train neural networks by adjusting the
model’s parameters based on the gradient of the loss function with respect to each
parameter [113]. During the training process, back-propagation calculates the error
gradients and updates the weights and biases of the neural network to minimize
the loss function. In waveguide analysis, this algorithm enables the neural network
to learn from input-output pairs, thereby enhancing its predictive accuracy over
time. Back-propagation is fundamental for optimizing deep learning models and
improving their performance in tasks such as predicting waveguide properties and
optimizing designs.

2.6.10 Learning Rate

The learning rate is a hyperparameter that determines the step size for parameter
updates during the optimization process of machine learning models. In neural
network training, the learning rate affects how quickly the model’s parameters are
adjusted during back-propagation. A higher learning rate can lead to faster con-
vergence but may risk overshooting the optimal solution, while a lower learning
rate may result in slower convergence but offer greater stability[114]. Proper tun-
ing of the learning rate is crucial for optimizing the training process and achieving
accurate predictions of waveguide properties.

2.6.11 Cross-Validation

Cross-validation is a statistical method used to evaluate the performance and gen-
eralization ability of machine learning models by partitioning the data into com-
plementary subsets for training and validation[115]. In waveguide analysis, cross-
validation helps assess the predictive performance of models trained on limited data
and ensures they generalize well to new waveguide configurations or operating
conditions. By repeatedly splitting the data into different training and validation
sets, cross-validation provides robust estimates of model performance and helps
identify potential issues like bias or overfitting.
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2.6.12 Activation Function

An activation function is a mathematical operation applied to the output of each
node in a neural network layer to introduce nonlinearity and enable complex map-
pings between inputs and outputs. Common activation functions include the sig-
moid function, hyperbolic tangent (tanh), and rectified linear unit (ReLU). In waveg-
uide analysis, activation functions play a crucial role in modeling the nonlinear be-
havior of optical signals and[116] capturing complex relationships between waveg-
uide properties and input features. Choosing an appropriate activation function is
essential for ensuring that the neural network can effectively learn and represent the
underlying physics of waveguide dynamics.

2.6.13 Optimization Algorithm

Optimization algorithms are techniques used to adjust the model’s parameters to
minimize the loss function during the training of machine learning models. Ex-
amples of commonly used optimization algorithms include Stochastic Gradient De-
scent (SGD), Adam, and RMSprop[117]. Selecting an appropriate optimization al-
gorithm is crucial for waveguide analysis to effectively train deep learning models
and achieve desirable convergence properties. The effectiveness of different opti-
mization algorithms can vary depending on the neural network’s architecture and
the complexity of the waveguide simulation task.

2.6.14 Hyperparameters

Hyperparameters are external parameters that determine the configuration and per-
formance of machine learning models but are not learned during the training pro-
cess. They include settings such as the learning rate, batch size, and the number
of hidden layers in a neural network[118]. Proper tuning of hyperparameters is vi-
tal for optimizing deep learning models for waveguide analysis and ensuring they
generalize effectively to new data. Techniques like grid search or random search are
commonly employed to systematically explore the hyperparameter space and find
the best configurations for training neural networks.
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2.6.15 Loss Curves

Loss curves, also known as training curves or learning curves, are graphical repre-
sentations of the loss function’s value over the course of model training. Loss curves
provide insight into the training process’s dynamics, showing how the model’s per-
formance improves or deteriorates over successive iterations[119]. In waveguide
analysis, monitoring loss curves helps assess the convergence of neural network
models during training and diagnose issues such as overfitting or underfitting. An-
alyzing loss curves allows researchers to fine-tune training parameters and optimize
the performance of deep learning models for predicting waveguide properties. The
gradual reduction of loss with each, as shown in Figure2.12, is a big concern in neu-
ral network training[120].

Figure 2.12: Example of Loss curve in the Neural Network Training Process

2.6.16 Overfitting and Underfitting

Overfitting and underfitting are common challenges encountered in machine learn-
ing models. Overfitting occurs when a model learns the training data too well, cap-
turing noise or random fluctuations that are specific to the training set but do not
generalize well to new, unseen data. This results in poor performance on test or vali-
dation data. On the other hand, underfitting happens when a model is too simplistic
to capture the underlying structure of the data, leading to poor performance on both
training and test sets. Balancing between these two extremes is crucial for building
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models that generalize well to unseen data. Techniques such as cross-validation,
regularization, and adjusting model complexity help mitigate overfitting and un-
derfitting, ensuring the model’s robustness and effectiveness across various datasets
and real-world scenarios[121].

2.6.17 Mean Squared Error (MSE)

Mean Squared Error (MSE) is a commonly used loss function for regression tasks in
machine learning, measuring the average squared difference between the predicted
and actual values of a target variable[122]. In waveguide analysis, MSE is often
used as a metric for evaluating the accuracy of deep learning models in predicting
optical properties such as effective refractive index or mode purity. Minimizing
MSE during model training helps ensure that the neural network learns to produce
accurate predictions of waveguide behavior and effectively captures the underlying
relationships between input features and target outputs.

Mean Squared Error (MSE) identifies the deviation of points from their actual
values:

MSE =
1
N

N

∑
i=1

(y′i − yi)
2 (2.6)

Where:

N is the total number of points,

y′i is the predicted intensity at pointi,

yi is the actual intensity at point i.

2.6.18 TensorFlow and Keras

TensorFlow and Keras are popular open-source machine learning frameworks widely
used for building and training deep learning models. TensorFlow provides a flex-
ible and scalable platform for implementing various machine learning algorithms,
including neural networks, while Keras offers a high-level API for building and
configuring neural network models with minimal code. Together, TensorFlow and
Keras simplify the process of designing, training, and deploying deep learning mod-
els for waveguide analysis, enabling researchers and engineers to explore complex
waveguide structures and predict optical properties efficiently
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2.7 Conclusion

This section has provided a comprehensive overview of the theoretical concepts es-
sential for understanding optical waveguides, both linear and nonlinear. The dis-
cussion began with various types of waveguides, including planar, photonic crystal
fibers, and advanced structures, establishing the foundational knowledge needed
to grasp the waveguiding mechanisms. It then delved into the linear properties of
waveguides, such as effective refractive index and dispersion, which are critical for
guiding light efficiently. The exploration of nonlinear properties highlighted phe-
nomena like self-phase modulation and supercontinuum generation, which are piv-
otal for advanced optical applications. Additionally, the numerical techniques and
methods, including the Finite Element Method and Finite Difference Time Domain,
were discussed, emphasizing their role in waveguide analysis. The section con-
cluded with an introduction to the Generalized Nonlinear Schrödinger Equation
(GNLSE) and the potential of deep learning approaches, such as Artificial Neural
Networks and Convolutional Neural Networks, in enhancing waveguide research
and design. This solid theoretical foundation sets the stage for further exploration
and innovation in optical waveguiding technologies.
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Chapter 3

Deep Learning in Photonic Crystal
Fiber Analysis for OAM Transmission

This study centers on the efficacy of a Deep Learning (DL) model, based on Artifi-
cial Neural Network (ANN), in accurately predicting linear parameters crucial for
Photonic Crystal Fiber (PCF) design. The selection of these parameters stems from
their significance in determining the propagation characteristics of OAM modes in
PCFs. By focusing on the predictive capabilities of the DL model, this research aims
to shed light on its potential for facilitating efficient design optimization in high-
capacity optical communication systems.

To forecast the propagation characteristics of OAM modes across a broad band-
width, spanning the S-band and C+L+U band, a DL model based on ANN architec-
ture has been proposed. Trained using data derived from COMSOL Multiphysics
simulations, this model exhibits promising accuracy in predicting key linear param-
eters essential for PCF design. These parameters include effective refractive index,
mode purity, effective area, nonlinear coefficient, and the presence of higher order
radial modes. With a Mean Squared Error (MSE) of 0.02185, the DL model demon-
strates noteworthy precision in predicting these parameters, underscoring its poten-
tial for optimizing PCF design.

Subsequent sections delve into the background of OAM, elucidating the funda-
mental structure of ring-core fibers and their performance matrices. The utilization
of a Ring Core Photonic Crystal Fiber (RC-PCF) underscores its suitability for OAM
transmission, particularly in accommodating multiple OAM modes effectively. By
modulating parameters such as refractive indices, thickness, and outer radius of the
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ring region, the RC-PCF offers enhanced performance in OAM transmission. Addi-
tionally, the incorporation of air holes in the cladding further optimizes performance
characteristics, highlighting the complexity involved in parameterizing RC-PCF for
optimal OAM transmission.The proposed ANN model, tailored for predicting lin-
ear parameters relevant to PCF, is then introduced. Through meticulous training
and tuning, the ANN model achieves optimal performance, with multiple hidden
layers facilitating accurate predictions. Hyperparameter tuning, activation func-
tion selection, and optimizer optimization contribute to the ANN model’s remark-
able accuracy in predicting key linear parameters essential for OAM transmission
in PCFs.

The subsequent sections detail the numerical results and computational per-
formance of the proposed ANN model, showcasing its efficacy in predicting pa-
rameters such as mode purity, dispersion,effective refractive index, effective area,
and nonlinearity. Through comprehensive analysis and comparison with simulated
data, the ANN model’s capability in accurately predicting these parameters is sub-
stantiated. Furthermore, the significant reduction in computational time afforded
by the ANN model underscores its practical utility in facilitating rapid and efficient
design optimization.

3.1 Methodology

3.1.1 Data Collection and Preparation

The methodology employed in this study revolves around the collection and prepa-
ration of data necessary for training the Deep Learning (DL) model based on Artifi-
cial Neural Network (ANN) for predicting the propagation characteristics of OAM
modes in Photonic Crystal Fiber (PCF). The data collection process involved utiliz-
ing simulation results from COMSOL Multiphysics for various fiber designs and
their corresponding optical characteristics. A total of 1925 data points were col-
lected, covering a wide range of parameters including outer ring radius (R2), air
fraction of cladding ( f ), pitch (Λ), ring thickness (t), wavelength (λ) and refractive
indices of guided and ring areas Nring, nclad. The figure 3.1 represents the design
used in numerical simulation for producing the dataset.
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Figure 3.1: Cross-sectional View of the Ring Core PCF.

3.1.2 Data Splitting

To train, validate, and test the DL model effectively, the collected dataset was ran-
domly split into three subsets: a training set, a validation set, and a test set. Specifi-
cally, 70% of the data points were allocated to the training set, 20% to the validation
set, and the remaining 10% to the test set. This splitting strategy ensures that the
model is trained on a diverse range of data while also having separate datasets for
validation and evaluation.

3.1.3 Model Development

A range of Artificial Neural Network (ANN) models were designed and trained us-
ing the provided training dataset. Each ANN architecture began with an input layer
comprising eight nodes, each corresponding to one of the eight input parameters.
These were followed by one or more hidden layers, with the number of hidden lay-
ers varying from 2 to 4. The models utilized various activation functions, including
Rectified Linear Unit (ReLU), Gaussian Error Linear Unit (GELU), and Exponential
Linear Unit (ELU), to assess their impact on performance. Different optimization al-
gorithms, such as ADAMAX and Stochastic Gradient Descent (SGD), were also ex-
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plored to enhance the model’s performance. The neural network architecture used
in this study is illustrated in Figure 3.2, showcasing the typical layout of the ANN
model employed for predicting linear parameters.

Figure 3.2: Artificial Neural Network Model Used for the Prediction of Linear Pa-
rameters.

3.1.4 Hyperparameter Tuning

Hyperparameter tuning involved adjusting several parameters to optimize the per-
formance of the artificial neural network (ANN) models. Key hyperparameters,
such as the number of hidden layers, the number of nodes within each layer, the
choice of activation functions, and the selection of optimization algorithms, were
systematically varied. This process required training multiple models with differ-
ent combinations of these hyperparameters and evaluating their performance based
on Mean Squared Error (MSE) metrics calculated on the validation set. The opti-
mal configuration was determined by selecting the model that achieved the lowest
MSE, thereby ensuring the highest predictive accuracy and overall performance of
the ANN models.
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3.1.5 Model Evaluation

The trained ANN models were evaluated using the validation set to assess their per-
formance in predicting the propagation parameters of OAM modes in PCF. The MSE
was used as the primary metric to measure the discrepancy between the predicted
values and the ground truth values obtained from simulation results. Additionally,
computational time required for training each model was recorded to evaluate the
efficiency of the models.

3.1.6 Model Selection

Based on the evaluation results, the ANN model with the most optimal configura-
tion, as determined by its performance on the validation set, was selected for further
analysis. The selected model was then tested using the independent test dataset to
assess its generalization ability and validate its predictive accuracy on unseen data

3.2 Results and Analysis

In this section, the results of the developed Deep Learning (DL) models for predict-
ing the propagation parameters of Orbital Angular Momentum (OAM) modes in
Photonic Crystal Fiber (PCF) along with the implications of these results are dis-
cussed.

3.2.1 Model Performance

The performance of each DL model was evaluated based on various metrics, includ-
ing Mean Squared Error (MSE), convergence of the loss curve, and computational
time. Table 3.1 summarizes the hyperparameters and MSE for each model, with
Model 2 demonstrating superior performance compared to others.

The loss curves, as depicted in Figure3.3, illustrate the convergence of the MSE
over the training epochs for each model. After approximately 500 epochs, the loss
curves for both the training and validation sets stabilize, indicating effective learn-
ing.
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(a) Model 1 (b) Model 2

(c) Model 3

Figure 3.3: Training and Validation Loss Acquired for the Epochs from Different
Models.

3.2.2 Parameter Prediction

The DL models were employed to predict the propagation parameters of OAM
modes in PCF, including Dispersion (D) ,Mode Purity(η) ,Effective Refractive Index
(neff), Non linearity(γ) Effective Area (Aeff).

The Figure 3.4 depicts the performance of Model 1 in predicting various prop-
agation parameters of OAM modes in PCF. Figure3.4c shows the actual and pre-
dicted dispersion for HE7 and HE2 modes, indicating the model’s ability to capture
dispersion characteristics accurately. Similarly, Figure3.4a presents the actual and
predicted effective refractive index (neff) for both modes, demonstrating the model’s
good predictive accuracy. Figure 3.4b illustrates the actual and predicted mode pu-
rity (η) for HE7 and HE2 modes, with the model performing well in predicting mode
purity. Figure3.4d showcases the actual and predicted effective area (Aeff) for both
modes, highlighting the model’s accurate predictions. Lastly, Figure3.4e showcases
the actual and predicted nonlinearity (γ) for both modes. The performance of the
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(a) Actual and Predicted (neff) of HE (7,1) and
HE (2,1) Modes

(b) Actual and Predicted η of HE (7,1) and
HE (2,1) Modes

(c) Actual and Predicted (D) of HE (7,1) and
HE (2,1) Modes

(d) Actual and Predicted Aeff of HE (7,1)
and HE (2,1) Modes

(e) Actual and Predicted γ of HE (7,1) and HE
(2,1) Modes

Figure 3.4: Performance of Optimized in Predicting Various Parameters
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Table 3.1: Hyperparameter Tuning, Computational Time, and MSE of the Used
ANN Models.

Model Layers Nodes in Layers Activ. Function Optimizer Time (s) MSE
1 4 90-90-90-100 GELU ADAMAX 40.001 0.02258
2 3 90-90-90 GELU ADAMAX 30.917 0.02185
3 2 90-90 GELU ADAMAX 25.205 0.02208
4 4 90-90-90-100 ELU ADAMAX 48.132 0.02197
5 4 90-90-90-100 ReLU ADAMAX 42.886 0.24939

proposed model in predicting key optical parameters for higher-order modes in a
ring-core photonic crystal fiber (RC-PCF) was evaluated against actual simulated
data across various characteristics. These parameters include the Effective Refrac-
tive Index (neff), Mode Purity (η), Dispersion (D), Effective Area (Aeff), and Nonlin-
earity (γ). The model demonstrated a strong capability to predict these parameters
with varying degrees of accuracy.

For the Effective Refractive Index (neff), the model’s predictions closely matched
the actual simulated data, particularly for HE (2,1) and HE (7,1) modes, showing
that the model effectively predicts neff across different wavelengths. This is crucial
as neff decreases at higher wavelengths due to mode leakage into the cladding.

When it comes to Mode Purity (η), the model also showed high accuracy, with
only a minor deviation observed for the HE (7,1) mode at a wavelength of 1.675 µm.
The negligible difference of 0.07% suggests that the model is reliable for predicting
mode purity, an important factor for the transmission of orbital angular momentum
(OAM) modes.

Dispersion(D) predictions were reasonably accurate, though less precise for the
HE (7,1) mode. Despite this, the model successfully predicted nearly flat dispersion
across the wavelength range of 1.5 to 1.675 µm, which is critical for minimizing sig-
nal distortion in fiber optic communication systems. The observed dispersion mis-
match indicates that while the model performs well, its accuracy could be enhanced
by incorporating more data into its training set.

Regarding Effective Area (Aeff) and Nonlinearity (γ), the model performed bet-
ter at predicting Aeff than γ, particularly for the HE (7,1) and HE (2,1) modes. The
discrepancy in predictions was larger at shorter wavelengths, with errors ranging
from approximately 2.14% to 4.43%. This is because γ is more sensitive to changes
in wavelength, making its accurate prediction more challenging. To improve preci-
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sion in predicting γ, especially at lower wavelengths, the model would benefit from
additional training data.

Overall, the model exhibits a strong predictive capability across most parame-
ters, with some areas, such as dispersion and nonlinearity, showing room for im-
provement. By refining the training data, especially in regions where the model
shows larger discrepancies, its predictive accuracy could be further enhanced.

3.2.3 Comparison of Computational Time

The DL models outperformed traditional simulation methods in terms of compu-
tational efficiency, as shown in Table 3.2. The training time required for the DL
models was significantly lower compared to simulation in COMSOL Multiphysics,
demonstrating the advantage of using DL for predicting PCF parameters. Normal
meshing is good enough for simulating PCF behaviours in OAM mode transmis-
sion.It is found that computational time of ANN model is near 200x times less than
traditional method. It affirms the high computational speed of neural networks.

Table 3.2: Comparison of Computational Time in COMSOL Multiphysics and ANN
Model.

Tool Time (s)
COMSOL Multiphysics (Normal Mesh) 7059

COMSOL Multiphysics (Finer Mesh) 8981
COMSOL Multiphysics (Extra Finer Mesh) 10159

ANN Model 30.19

3.3 Discussion

The results of this study reveal significant insights into the application of Deep
Learning (DL) models, specifically Artificial Neural Networks (ANNs), for predict-
ing key linear parameters in Photonic Crystal Fibers (PCFs) designed for Orbital
Angular Momentum (OAM) mode transmission. The primary goal was to assess
whether ANN models could accurately forecast parameters such as the effective
refractive index, dispersion, mode purity, and effective area, which are critical for
optimizing PCF designs in high-capacity optical communication systems.
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The ANN models, particularly Model 2, demonstrated a strong predictive capa-
bility, as evidenced by its remarkably low Mean Absolute Error (MAE) and Mean
Squared Error (MSE) values. These results indicate that the model can closely ap-
proximate the values obtained through traditional simulation methods. For in-
stance, the MSE value close to 0.002 suggests that the ANN model can reliably pre-
dict these parameters with minimal deviation from the actual values. This level of
accuracy is crucial for designing PCFs that require precise control over these prop-
erties to maintain high mode purity and low loss in OAM mode transmission.

The ability of the ANN models to predict these parameters with high accuracy
also points to the potential for significantly reducing the computational time re-
quired for PCF design. Traditional methods, such as those relying on COMSOL
Multiphysics simulations, are computationally intensive and time-consuming. In
contrast, the ANN models developed in this study can provide rapid predictions
once trained, making them a highly efficient tool for iterative design processes.

Moreover, the study highlights the versatility of ANNs in handling complex,
multi-dimensional data typical of photonic simulations. The models effectively cap-
tured the non-linear relationships between the geometric parameters of the PCF and
its optical properties, which is a challenging task for conventional analytical meth-
ods. This suggests that ANNs could be further explored and possibly expanded to
predict other non-linear optical phenomena in photonic devices.

However, while the results are promising, it is important to consider the lim-
itations of the study. The accuracy of the ANN models is inherently dependent
on the quality and quantity of the training data. The dataset used in this study
was generated through simulations, and while comprehensive, it is still limited by
the parameters and conditions considered. Real-world variations and manufactur-
ing imperfections could introduce discrepancies not accounted for in the current
model. Future work should focus on enhancing the robustness of these models by
incorporating more diverse training data, potentially including experimental data,
to improve their generalizability.

3.4 Conclusion

In this study, the efficacy of Deep Learning (DL), specifically Artificial Neural Net-
works (ANN), has been demonstrated in accurately predicting the linear parame-

69



ters crucial for the design and optimization of Photonic Crystal Fibers (PCFs) used
in Orbital Angular Momentum (OAM) mode transmission. The ANN models were
trained on a dataset generated through COMSOL Multiphysics simulations. Model
2, in particular, exhibited superior performance, achieving a mean squared error
close to 0.02. This high level of accuracy underscores the ANN’s capability to fore-
cast critical parameters like dispersion, effective refractive index, mode purity, and
effective area with remarkable precision. Moreover, the study highlights the signif-
icant reduction in computational time, with the ANN models delivering results in
a fraction of the time required by traditional simulation methods, thus paving the
way for more efficient and optimized PCF designs for high-capacity optical commu-
nication systems.
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Chapter 4

Supercontinuum Prediction in
Chalcogenide Waveguides via ANN

This section presents a novel approach employing an Artificial Neural Network
(ANN) based Deep Learning (DL) model to predict the dynamics of supercontin-
uum generation in chalcogenide planar waveguides. The research is motivated by
the need for efficient simulation techniques to anticipate the impact of various pa-
rameters, such as pump wavelength, pump power, pulse width, waveguide width,
and thickness, on the generation of supercontinua. By transitioning from linear
parameter considerations to the intricate nonlinear phenomena involved in super-
continuum generation, this study aims to offer a robust alternative to conventional
simulation methods, thereby streamlining simulation efforts and reducing compu-
tational resources.

The initial section outlines the methodology employed for data acquisition, which
involves meticulously designing waveguides using advanced software tools like
COMSOL Multiphysics. Through parametric sweeps and systematic variations in
dimensions and parameters, comprehensive datasets are generated to capture the
intricate interplay between various input variables and the resulting supercontin-
uum spectra. Subsequently, a Generalized Nonlinear Schrödinger Equation (GNLSE)
is utilized to simulate the dynamics of supercontinuum generation, incorporating
nonlinear effects such as Kerr-type and Raman responses. This comprehensive
dataset serves as the base for training and validating the ANN model.

The ANN model architecture is tailored to accommodate the complexity of the
problem, with multiple hidden layers and optimized hyperparameters facilitating
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accurate predictions of spectral power across a broad wavelength range. By train-
ing the model on a diverse dataset encompassing different waveguide structures
and parameter variations, the ANN model demonstrates promising performance in
predicting the spectral power output corresponding to varying input parameters.

The subsequent sections delve into the numerical findings and analysis of the
proposed ANN model. Through comprehensive comparisons with simulated data
and evaluation metrics such as Mean Squared Error (MSE), the efficacy of the ANN
model in capturing the nonlinear dynamics of supercontinuum generation is sub-
stantiated. Additionally, insights into the impact of individual input parameters on
the resulting supercontinuum spectra are elucidated, providing valuable guidance
for optimizing waveguide design and parameter selection.

4.1 Methodology

4.1.1 Data Acquisition

Data acquisition involves the careful collection and organization of extensive datasets,
which are thoroughly analyzed to support the development of an artificial neu-
ral network (ANN) model. The prediction of the power spectrum output in rela-
tion to the waveguide’s wavelength is carried out in two main stages that work
together to achieve the desired results. In the first stage, advanced software tools
such as COMSOL Multiphysics are used to design a waveguide incorporating var-
ious parameters. Figure 4.1 shows a channel waveguide with Ge11.5As24Se64.5 as
the core material, and air and MgF2 as cladding materials for simulations and data
collection. The core dimensions are systematically varied in height (from 0.8 µm to
0.83 µm) and width (from 3.5 µm to 4 µm) with a 100 nm step size. A paramet-
ric sweep technique is utilized to vary the wavelength from 1 µm to 5 µm, also in
100 nm increments, to extract data on the waveguide’s effective refractive index.
In the subsequent stage, the collected datasets are used as critical inputs for the
Generalized Nonlinear Schrödinger Equation (GNLSE) to create a detailed dataset
of supercontinua. Detailed analysis is required at this point as the input parame-
ters— pump power,pump wavelength and pulse width (measured at full width at
half maximum, FWHM)—are systematically varied. The pump wavelength is ad-
justed between 2500 nm and 3400 nm in 100 nm increments, covering a wide range.
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The pump power varies from 750 W to 2500 W with a 250 W step size, and the
pulse width ranges from 50 fs to 175 fs. This comprehensive dataset is designed to
meet the specific requirements of the ANN model. For all the simulation, the device
length was kept constant at 5 mm.

Figure 4.1: 2D Cross-sectional Representation of a Chalcogenide Planar Waveguide
(CPW) Used for Simulated Data Generation.

To investigate supercontinuum (SC) generation in the mid-infrared (MIR) region,
simulations were conducted using the Generalized Nonlinear Schrödinger Equation
(GNLSE) [43] for a steadily fluctuating envelope of the pulse:
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where A denotes the amplitude of the electrical field, α refers to the linear prop-
agation loss of the waveguide, βk (k ≥ 2) is the kth order dispersion parameter,
and T = t − z/vg refers to the deferred time frame moving with the group velocity
vg = 1/(β1(ωo)) at the pump frequency ωo. The nonlinear coefficient is given by
γ = (n2ωo)/(cAeff(ωo)), where n2 is the nonlinear refractive index, c is the speed
of light in vacuum, Aeff(ωo) is the effective area of the mode at the pump frequency
ωo. The material’s response function incorporates both the electronic response (Kerr
type) and the delayed Raman response:
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R(t) = (1 − fR)δ(t) + fRhR(t) (4.2)

where the fractional contribution of the delayed Raman response is represented
by fR, and hR(t) is given by:

hR(t) =
τ2

1 + τ2
2

τ2
1 τ2

2

(
e−t/τ2

)
sin
(

t
τ2

)
(4.3)

Here, τ1 and τ2 are the characteristic time constants associated with the Raman
scattering process, which define the decay and oscillatory nature of the response.

Split-Step Fourier Method (SSFM) is used for solving Generalized Nonlinear
Schrödinger Equation (GNLSE) for simulating supercontinuum generation in op-
tical fibers and waveguides. This method efficiently handles the complex interplay
of linear and nonlinear effects—such as dispersion, self-phase modulation, and Ra-
man scattering—by splitting the propagation distance into small segments. In each
segment, the SSFM alternates between solving the linear effects in the frequency
domain using the Fast Fourier Transform (FFT) and the nonlinear effects in the time
domain.

SSFM is particularly effective for modeling supercontinuum generation because
it captures the rapid spectral broadening that occurs during pulse propagation in
nonlinear media. The method’s accuracy stems from its ability to compute both lin-
ear and nonlinear interactions iteratively over short distances, accommodating com-
plex effects like higher-order dispersion and stimulated Raman scattering. How-
ever, the choice of step size is crucial: smaller steps improve accuracy at the cost of
computational resources, while larger steps may reduce accuracy.

For simulating the GNLSE, there are some required parameters such as propa-
gation loss, raman paramters, kerr non linearity etc. Table 4.1 provides an overview
of the remaining simulation parameters that were used.

Table 4.1: Parameters Employed in Numerical Simulation of Chalcogenide Planar
Waveguide

Parameters Value
Linear loss (α) [123] 0.6 dB/cm
fR [124] 0.013 Null
τ1 [124] 21.3 fs
τ2 [124] 195 fs
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The nonlinear dynamics of the waveguide are shown in Figure4.2, which depicts
the spatial and temporal evolution of the pulse. The coherence plot reveals that the
waveguide exhibits partial coherence. For each precise variation, the correspond-
ing numerical values of spectral power, measured in decibels (dB), were carefully
organized, resulting in a well-structured and comprehensive dataset.

In this study, a comprehensive analysis was conducted by generating a dataset
with 8192 data points using a fast Fourier transform applied to the Generalized
Nonlinear Schrödinger Equation (GNLSE) for a single waveguide configuration.
Subsequently, 228 distinct waveguide structures were used to assemble the com-
plete dataset. To optimize the performance of the artificial neural network (ANN)
model, data augmentation techniques were applied, expanding the dataset to 1080
instances. This dataset includes five input parameters, and the model can also pre-
dict data along the length of the waveguide, providing an in-depth understanding
of its behavior. As is customary, the ANN model was divided into training, valida-
tion, and testing sets. The testing dataset was meticulously organized to isolate the
effects of individual variables on the output spectrum while keeping the other four
variables constant.

The input parameters for the waveguide’s structural configuration included width,
height, pump wavelength, power, and pulse width. To illustrate the impact of these
five variables, 15 models were selected from the 1080 simulated data models to
showcase their practical relevance. The remaining data was used for training and
validation, distributed randomly in a 9:1 ratio to facilitate effective training.

4.1.2 Artificial Neural Network (ANN) Model

Several artificial neural network (ANN) models were developed and trained with
the dataset to predict the spectral power of supercontinuum generation in chalco-
genide planar waveguides (CPWs). The ANN architecture typically comprises mul-
tiple hidden layers, with the number of layers ranging from 2 to 5. Each input layer
corresponds to specific parameters such as waveguide dimensions, pump character-
istics, and pulse width, while the output layer generates predictions for the spectral
power distribution.

The ANN model undergoes hyperparameter tuning to enhance its performance.
Hyperparameters such as the number of hidden layers, nodes per layer, activation
functions (e.g., Tanh), and optimizers (e.g., Adam) are adjusted to improve model

75



(a) Dispersion (b) SC Spectra

(c) Degree of Coherence (d) Spatial Density Plot

(e) Temporal Density Plot

Figure 4.2: Dispersion (a), SC spectra (b), Degree of Coherence (c), Spatial Den-
sity Plot (d), Temporal Density Plot (e) of Chalcogenide Planar Waveguide for
H = 0.8µm, W = 3.8µm, PWL=3200 nm, PPW=750 W, FWHM=50 fs.
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Figure 4.3: Architecture of the Artificial Neural Network (ANN) Model Developed
for Prediction of Spectral Power of Supercontinuum in Chalcogenide Planar Waveg-
uides.
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accuracy. The trained ANN model can predict spectral power values across a range
of input parameters.

Table 4.2: Summary of Tuned Parameters Employed in the ANN Model

Model Summary Details
No. of hidden layers 5
Nodes in hidden layer 1 120
Nodes in hidden layer 2 120
Nodes in hidden layer 3 120
Nodes in hidden layer 4 120
Nodes in hidden layer 5 512
Loss Mean Squared Error
Optimizer Adam
Activation function Tanh
Learning rate Exponential Decay

(initial rate = 0.005, decay steps = 1000, decay rate = 0.8)

The architecture of the ANN model and the number of nodes in each layer de-
pend on the complexity and size of the dataset. After multiple fine-tuning iterations,
the number of layers and neurons were finalized. With 120 neurons in the first four
layers and 512 neurons in the fifth layer, the model has a high number of connec-
tions and weights adjusted during backpropagation. Although linear regression
models face problems, ANN can learn nonlinear patterns in large datasets. Given
the nonlinear dynamics involved, the Tanh activation function was chosen as it per-
formed better than other functions in trials. Table 4.2 provides a representation of
the used hyperparameters in the ANN model after proper tuning. The Min-Max
scaling method was employed for preprocessing the spectra before applying the
Tanh activation function. Google Colab, which provides dedicated GPU support,
was used for training the model, with Python as the programming language.

4.1.3 Model Evaluation

The ANN model’s performance is assessed using Mean Squared Error (MSE) to
measure how closely the predicted spectral power values match the actual values.
The evaluation process incorporates training, validation, and testing datasets to de-
termine the model’s accuracy and its ability to generalize. The model undergoes
iterative adjustments to enhance performance, focusing on optimizing the number
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of epochs and learning rates.
Given that the study relies on numerical values from the GNLSE, MSE serves as

the principal metric for evaluating model performance. It effectively measures the
deviation between predicted and true values.

MSE =
1
N

N

∑
i=1

(y′i − yi)
2 (4.4)

In this equation, N represents the total number of wavelength bins, y′i is the
predicted intensity at wavelength i, and yi is the actual intensity at the same wave-
length.

4.2 Results and Analysis

The ANN model was designed to produce outputs corresponding to 8192 points,
consistent with the 213 data points derived from the GNLSE after performing FFT.
Each node in the output layer represents a specific power value in decibels (dB),
and these values are plotted against wavelengths to illustrate the model’s predic-
tion of nonlinear dynamics. The ANN model effectively identifies patterns in large
datasets, validating its design. While the model avoids abrupt spectrum variations,
it accurately mirrors changes in spectral width and the envelope of spectral power
with respect to wavelength.

Figure 4.4 presents the loss curve, which tracks the model’s learning progress
over iterations. Training was conducted over 500 epochs, during which a signifi-
cant reduction in variance in the supercontinuum spectra was observed compared
to fewer epochs. A random search method was used to finalize the model’s con-
figuration. This model was compared against alternatives with 3 and 5 layers and
configurations using GRU cells, demonstrating superior performance.

The initial model configuration included four layers with 120 neurons each and
a final layer with 8192 neurons for predicting FFT points. Introducing an additional
intermediate layer with 29 neurons after the fourth layer, along with employing a
decaying learning rate rather than a fixed rate, led to notable improvements. These
modifications resulted in a lower MSE with fewer epochs, thus shortening the train-
ing duration.

The evolution of the spectrum across the entire range can impact pulse temporal

79



Figure 4.4: Loss Curve Tracking Training and Validation Accuracy Over Epochs for
the ANN Model.

variation. The MSE loss, used as the evaluation metric, is summarized for different
epoch counts in Table 4.3.

Table 4.3: Summary of Test Set Results and Training Time for the ANN Model.

Epochs MSE Loss Time (s)
100 0.0052 30
300 0.0033 90
500 0.0032 152

1000 0.0032 288

The following section discusses the numerical analysis results from the ANN
model, focusing on how variables such as pump power, pump wavelength, pulse
duration, width, and height of the rectangular channel waveguide influence super-
continuum generation.

4.2.1 Effect of Pulse Width (FWHM) Variation

The full width at half maximum (FWHM) of the input pulse is a dynamic variable
that modulates pulse width, affecting the resulting output. Figure 4.5 highlights the
alignment between observed trends and spectral power output, demonstrating the
ANN model’s accuracy in capturing underlying phenomena.
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(a) H = 0.8 µm, W = 3.8 µm,
PWL = 3000 nm, PPW = 2000
W, Pulse Width, FWHM =
100 fs

(b) H = 0.8 µm, W = 3.8 µm,
PWL = 3000 nm, PPW = 2000
W, Pulse Width, FWHM =
125 fs

(c) H = 0.8 µm, W = 3.8 µm,
PWL = 3000 nm, PPW = 2000
W, Pulse Width, FWHM =
150 fs

Figure 4.5: Validation of Spectral Power Prediction of the ANN Model for Variation
of Pulse Width at Half of the Maximum Height(FWHM).

Furthermore, it is crucial to emphasize that the MATLAB code used for perform-
ing the Fast Fourier Transform (FFT) on the Generalized Nonlinear Schrödinger
Equation (GNLSE) is meticulously designed to segment the waveguide into 240 spa-
tial slices. Each slice represents a specific portion of the waveguide, allowing for a
detailed analysis of how spectral power evolves along its length. This study focuses
on the distribution of spectral power along the waveguide, particularly examining
the 240th segment, which reflects the spectral power condition at the waveguide’s
end. This segment serves as a key reference for assessing the accuracy and predic-
tive performance of the proposed Artificial Neural Network (ANN) model.

The ability of the ANN model to accurately forecast the spectral power for the
final segment demonstrates its effectiveness in predicting the spectral evolution
throughout the entire length of the waveguide. Remarkably, the model is able to
predict all 239 preceding spectra based on the GNLSE data provided. This exten-
sive coverage showcases the ANN model’s proficiency in capturing and replicating
the complex dynamics of supercontinuum generation along the waveguide. Fig-
ure 4.6 visually illustrates the model’s performance in predicting spectral evolution,
highlighting the smooth transition and development of spectral power from the in-
put to the output end of the waveguide, thereby validating the model’s accuracy
and its ability to capture the underlying spectral phenomena.
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(a) H = 0.8 µm, W = 3.7 µm,
PWL = 3000 nm, PPW = 1000
W, FWHM = 50 fs Section no.
56

(b) H = 0.8 µm, W = 3.7 µm,
PWL = 3000 nm, PPW = 1000
W, FWHM = 50 fs Section no.
96

(c) H = 0.8 µm, W = 3.7 µm,
PWL = 3000 nm, PPW = 1000
W, FWHM = 50 fs Section no.
56

Figure 4.6: Validation of Spectral Power Prediction of the ANN Model for Variation
of Pump Wavelength.

4.2.2 Effect of Pump Wavelength (PWL) Variation

The selection of the pump wavelength is crucial in defining the spectral charac-
teristics of supercontinuum generation. Figure 4.7 illustrates the comparison be-
tween spectral power results from numerical simulations and predictions made by
the deep learning model, demonstrating how changes in the pump wavelength in-
fluence the final spectrum. Shorter pump wavelengths generally produce broader
spectra, while longer wavelengths tend to result in narrower spectra. The ANN
model effectively captures these trends, reflecting its ability to model the complex
relationship between pump wavelength and spectral dynamics. Figure 4.7 visually
compares the spectral power from both numerical simulations and the ANN model,
confirming the model’s effectiveness in replicating observed phenomena.

(a) Pump Wavelength, PWL
= 3200 nm

(b) Pump Wavelength, PWL
= 3300 nm

(c) Pump Wavelength, PWL
= 3400 nm

Figure 4.7: Validation of Spectral Power Predictions of the ANN Model for Varying
Pump Wavelengths.
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4.2.3 Effect of Pump Power (PPW) Variation

Pump power is another significant factor affecting supercontinuum generation. Fig-
ure 4.8 presents a comparison between spectral power values from numerical simu-
lations and those predicted by the deep learning model under different pump power
conditions. Changes in pump power can shift and modify the positions of spectral
peaks, thus influencing the overall spectrum’s shape and width. The ANN model
accurately captures these variations, demonstrating its capability to model the sub-
tle dynamics of the system effectively.

(a) Pump Power, PPW = 1000
W

(b) Pump Power, PPW = 1500
W

(c) Pump Power, PPW = 2000
W

Figure 4.8: Validation of Spectral Power Predictions of the ANN Model for Varying
Pump Power.

4.2.4 Effect of Waveguide Width (W) and Height (H) Variation

Variations in the waveguide width have a notable impact on the resulting spectrum.
Figure 4.9 compares the supercontinuum spectra obtained from numerical simu-
lations with those predicted by the deep learning model for different waveguide
widths.

Figure 4.10 shows the comparison of supercontinuum spectra for different waveg-
uide heights. The model exhibits near-zero error in predicting the -40 dB bandwidth
of both predicted and actual spectra. However, there is some discrepancy in cap-
turing the nonlinear aspects of the curve, as indicated by the mean squared error
values. This reduced accuracy in height variations might be due to the heightened
sensitivity of the waveguide to changes in height and the higher volume of data
associated with a height of 0.8 µm compared to other variations. This discrepancy
may lead to less accurate predictions for other height variations.

This completes the numerical analysis section of the task, providing insights into
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(a) Waveguide Width, W =
3.8 µm

(b) Waveguide Width, W =
3.9 µm

(c) Waveguide Width, W = 4
µm

Figure 4.9: Validation of Spectral Power Predictions of the ANN Model for Varying
Waveguide Widths.

(a) Waveguide Height, H =
0.83 µm

(b) Waveguide Height, H =
0.84 µm

(c) Waveguide Height, H =
0.85 µm

Figure 4.10: Validation of Spectral Power Predictions of the ANN Model for Varying
Waveguide Heights.
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the influence of various parameters on supercontinuum generation using the ANN
model.

4.2.5 Time Constraints

To solve Maxwell’s field equations, the waveguide is broken down into tiny geomet-
ric elements using the meshing capabilities in COMSOL Multiphysics. The complex-
ity of the mesh and the intricate design of the waveguide’s cross-section significantly
affect the simulation time in each modeling tool. Additionally, performing a para-
metric sweep greatly extends the duration of simulations. Identifying the optimal
configuration often requires running multiple simulations to thoroughly investigate
different design options.

After achieving the desired Group Velocity Dispersion (GVD) through COMSOL
simulations, the next step involves applying the Generalized Nonlinear Schrödinger
Equation (GNLSE) using numerical software like MATLAB. MATLAB performs the
Fast Fourier Transform (FFT) of the GNLSE to produce the required spectral power.
This multi-step process is computationally intensive and time-consuming, particu-
larly for complex waveguide structures and extensive parametric ranges.

Training an Artificial Neural Network (ANN) model also depends on several
factors, including the size of the training dataset, the architecture of the network
(such as the number of hidden layers and nodes), dropout rates, and the optimiza-
tion techniques used. The training time is further influenced by the convergence
of the process and the number of iterations needed to adjust the network’s weights
and biases. Despite these factors, ANN models provide significant computational
efficiency advantages compared to traditional simulation methods.

Once trained, the ANN model can quickly predict the nonlinear dynamics of
supercontinua. As shown in Table 4.4, using the ANN model can result in a dramatic
reduction in computation time—approximately 2000 times faster than traditional
methods for the same data volume. This improved speed accelerates the design and
optimization process, ultimately enhancing productivity in photonics and nonlinear
optics research.
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Table 4.4: Total Simulation Time in COMSOL and MATLAB Compared to the ANN
Model

Simulation Method Time Required (Seconds)
COMSOL Multiphysics (Normal Mesh) 2203 × 1080 s
COMSOL Multiphysics (Finer Mesh) 3700 × 1080 s
COMSOL Multiphysics (Extra Fine Mesh) 4231 × 1080 s
GNLSE on MATLAB 240 × 1080 s
ANN Model (for training 1080 data) 472 s

4.3 Discussion

The deep learning model based on Artificial Neural Networks (ANNs) demon-
strates strong performance in predicting the nonlinear nature of supercontinuum
generation in chalcogenide channel waveguides. By varying design parameters and
pump sources, the model effectively forecasts changes in spectral power. However,
it is important to address that the ANN model does not completely capture the dis-
continuities observed in the spectral power dynamics from numerical simulations
using the Generalized Nonlinear Schrödinger Equation (GNLSE).

These discontinuities, present in GNLSE simulations, are likely due to the unique
characteristics of individual pulses. In practical scenarios, these discontinuities tend
to average out with an increased number of pulses, making the ANN model’s pre-
dictions more consistent with observed trends. Although the ANN model may not
fully replicate abrupt spectral variations, especially those with nonlinear changes,
improvements were achieved by using a variable learning rate and the nonlinear
activation function tanh.

The value of the proposed deep learning model lies in offering a computation-
ally efficient alternative to traditional simulation methods. By leveraging ANN
technology, researchers can significantly reduce simulation time and resource re-
quirements, streamlining the design process and facilitating quicker iterations and
optimizations, thereby enhancing the development cycle in photonics and nonlinear
optics.
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4.4 Conclusion

The ANN-based deep learning model presented in this task represents a significant
advancement in the field of supercontinuum generation modeling. In this task of
prediction spectra in a chalcogenide planar waveguide mean squared error of 0.0032
was achieved which suggests ANN model’s ability to accurately predict nonlinear
dynamics while offering computational efficiency.This makes it a valuable tool for
researchers in photonics and nonlinear optics. Further research exploring different
waveguide structures and photonic crystal fibers (PCFs) using similar DL models
such as convolutional neural networks (CNNs) and conventional machine learn-
ing approaches holds promise. Additionally, there is potential for investigating the
effectiveness of DL models in predicting temporal density and spatial density anal-
yses, expanding the scope of applications in this domain
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Chapter 5

Modeling Supercontinuum Using
Multi-Material Data with CFC
Networks

This task investigates the use of the Closed-Form Continuous-Time Neural Net-
works (CfC) model for predicting supercontinuum spectra within a comprehensive
dataset that includes various core materials in planar waveguides. The research ad-
dresses the critical need for efficient and accurate predictive modeling techniques
in photonics, particularly in the realm of supercontinuum generation. Supercon-
tinuum spectra, characterized by their broad bandwidth and smooth spectral pro-
files, play a crucial role in numerous applications such as optical communications,
biomedical imaging, and spectroscopy. Understanding and predicting the spectral
behavior of supercontinua across different materials and operating conditions are
paramount for optimizing device performance and advancing optical device design.

Traditionally, predicting supercontinuum spectra involves complex numerical
simulations and solving the Generalized Nonlinear Schrödinger Equation (GNLSE),
which can be computationally intensive and time-consuming. To overcome these
challenges, this study leverages the CfC model, a novel approach that offers closed-
form solutions to spatiotemporal problems, thereby enhancing computational effi-
ciency while maintaining accuracy.

The methodology employed involves the generation of comprehensive datasets
through numerical simulations performed with COMSOL Multiphysics, capturing
the intricate interplay between material properties, waveguide dimensions, and
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spectral output. These datasets serve as the basis for training and validating the
CfC model, which is designed to accurately predict supercontinuum spectra under
varying conditions.

The subsequent sections of this thesis delve into the detailed methodology, neu-
ral network architecture, and numerical findings, showcasing the efficacy of the
CfC model in accurately predicting supercontinuum spectra across multiple ma-
terials. Through comprehensive comparisons with simulated data and evaluation
metrics such as Mean Squared Error (MSE), the robustness and scalability of the CfC
model are demonstrated. Insights gained from this study not only contribute to the
advancement of predictive modeling in photonics but also hold promise for opti-
mizing supercontinuum generation processes and enhancing the design of optical
devices for diverse applications.

5.1 Methodology

To achieve precise predictions of supercontinuum spectra, constructing a robust
dataset is essential. The process begins with the use of planar waveguides to calcu-
late the effective refractive index (neff) through numerical simulations using COM-
SOL Multiphysics. This fundamental data serves as a basis for subsequent analyses,
including the evaluation of nonlinear spectral properties and dispersion character-
istics. The neff values obtained from these simulations are then utilized in MAT-
LAB to solve the General Nonlinear Schrödinger Equation (GNLSE). This iterative
procedure is repeated for each of the four materials investigated—Si3N4, LiNbO3,
SiC, and Ta2O5—to generate a comprehensive dataset comprising 8192 Fast Fourier
Transform (FFT) points per material, each representing distinct spectral information.

5.1.1 Data Acquisition

5.1.2 Data Acquisition

The data acquisition process is fundamental for assembling and organizing the datasets
necessary for training the CfC neural network model. In this study, datasets are
meticulously generated for four distinct core materials within a planar waveguide:
Si3N4, LiNbO3, SiC, and Ta2O5, while the cladding material is kept uniform across
all scenarios. Initially, the dataset focused on three core materials, with the fourth
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material, Ta2O5, introduced later to assess the model’s scalability and generaliza-
tion capabilities.The core dimensions are standardized with a width of 6 µm and
a height of 0.8 µm to ensure consistency. The wavelength of the incident light is
varied from 1 to 5 µm in 50 nm increments, which guarantees a comprehensive
coverage of the wavelength spectrum. Furthermore, the pulse’s full width at half
maximum (FWHM) is varied between 50 fs and 100 fs to capture a range of tempo-
ral pulse profiles. The input pump wavelength is adjusted from 1550 nm to 1750 nm,
covering a broad range to simulate different operational conditions. Additionally,
the pump power is systematically varied from 4200 W to 5500 W to encompass a
wide spectrum of power levels.Throughout this data acquisition process, the device
length is consistently set at 10 mm to maintain uniformity across the datasets. This
thorough and methodical approach ensures the creation of extensive and detailed
datasets, which are crucial for the effective training and validation of the CfC neural
network model. By systematically varying these parameters and maintaining con-
sistency where necessary, the datasets provide a robust foundation for developing
and refining the predictive capabilities of the CfC model.

Figure 5.1: The 2D cross-sectional view of the planar waveguide used to obtain data
simulated by COMSOL.

The refractive index of a material exhibits wavelength-dependent variations, a
phenomenon known as material dispersion. This variation is a key aspect of chro-
matic dispersion, which describes the differential propagation speeds of light at var-
ious wavelengths through a medium. The relationship between the refractive index
and wavelength is typically modeled using the Sellmeier equation, given by[93]:

n2(λ) = 1 +
N

∑
i=1

Biλ
2

λ2 − Ci
(5.1)
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where λ represents the wavelength in micrometers (µm). Chromatic dispersion
is crucial for the design and performance of optical waveguides, as it influences how
light of different wavelengths and velocities propagates through the medium. The
quantification of chromatic dispersion is expressed by[125]:

D = −λ

c

(
∂2Re(neff)

∂λ2

)
(5.2)

Here, c denotes the speed of light, and Re(neff) is the real part of the effective
refractive index. Chromatic dispersion arises from both material dispersion and
waveguide dispersion. Within the waveguide, the effective mode area, which de-
scribes the spatial distribution of the optical mode, is given by[126]:

Aeff =

(∫∫
|F(x, y)|2 dx dy

)2∫∫
|F(x, y)|4 dx dy

(5.3)

where Aeff represents the effective mode area. The nonlinear refractive index
(n2) and propagation losses for the core materials used in the waveguide are sum-
marized in Table 5.1.

Table 5.1: Optical Properties of Core Materials Used in Numerical Simulations

Material Linear Loss (α) (dB/cm) n2 (m2/W)
Si3N4 [127] 2.09 2.4 × 10−19

LiNbO3 [128] 2.7 2.4 × 10−19

SiC [129, 130] 2.3 8.6 × 10−19

Ta2O5 [131] 3 7.2 × 10−19

To model the propagation of optical pulses through nonlinear media, the Gen-
eralized Nonlinear Schrödinger Equation (GNLSE) is commonly employed. The
GNLSE is defined by[126]:

∂A
∂z

+
α

2
A− ∑

k≥2

ik+1

k!
βk

(
∂k A
∂Tk

)
= iγ

(
1 + iτshock

∂

∂T

)(
A(z, T)

∫ +∞

−∞
R(T′)|A(z, T − T′)|2 dT′

)
(5.4)

where α represents the linear propagation loss, βk denotes the k-th order disper-
sion coefficients, A = A(z, T) is the signal amplitude, T = t− z/vg is the time delay,
and vg = 1/β1(ω0) is the group velocity.
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5.1.3 Dataset Description

5.1.4 Dataset for Supercontinuum Spectra Prediction

The dataset plays a crucial role in the training and testing of the supercontinuum
spectra prediction model by providing a comprehensive array of input variables
along with their corresponding spectral data. Key input variables in the dataset in-
clude pump wavelength, full width at half maximum (FWHM), pump power, core
material, and section number. Each of the 240 segments within the 10 mm waveg-
uide length is associated with specific spectral data, ensuring detailed coverage of
the waveguide’s performance.

Initially, the dataset includes 8160 rows, representing three different core mate-
rials. Each row contains 8192 Fast Fourier Transform (FFT) output points, corre-
sponding to the five input variables. This initial subset is utilized for training and
evaluating the model’s performance. To further enhance the dataset, additional data
for the fourth core material, Ta2O5, is incorporated, resulting in an expansion of the
dataset by 2720 rows.

The primary objective of this dataset is to assess the model’s ability to predict
spectral variations resulting from changes in the core material. The test set is de-
signed to include consistent changes in input variables across all materials, facil-
itating a comparative analysis of the model’s performance in predicting spectral
fluctuations for different core materials. This comprehensive approach allows for a
robust evaluation of the model’s accuracy and generalization capabilities in captur-
ing spectral changes due to varying core materials.

5.1.5 Neural Network Description

The study utilizes a sequential deep learning architecture constructed with Tensor-
Flow and Keras libraries. This architecture consists of an input layer, several Closed-
Form Continuous-Time (CfC) layers, and Dense layers. The input layer has a shape
of (5, 1), which corresponds to the five input variables derived from the dataset.
The CfC layers are crucial for capturing the intricate spatial and temporal evolution
of supercontinuum spectra. The model includes three CfC layers, each with 200
neurons, and configured to return sequences, thereby preserving essential temporal
information.Subsequent to the CfC layers, the model integrates Dense layers with
varying neuron counts and activation functions. The first Dense layer comprises 512
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Figure 5.2: Diagram Illustrating the Overall Architecture of the Closed Form Con-
tinuous Time Neural Network Model for Predicting Spectral Power of Supercontin-
uum in Planar Waveguides.

neurons and uses a non-linear hyperbolic tangent (tanh) activation function. The
second Dense layer contains 8192 neurons and does not employ a specified activa-
tion function. An exponential decay learning rate is applied to optimize the training
process, starting with an initial learning rate of 0.0005. The learning rate decays ev-
ery 1000 steps with a decay rate of 0.8, which helps in fine-tuning the model over
time. This carefully designed architecture is intended to effectively learn from the
dataset and accurately predict the supercontinuum spectra, ensuring robust perfor-
mance in spectral analysis and prediction.

Since the numerical values obtained from GNLSE are used, comparing the mean
squared error (MSE) is the best method to explain the results. MSE measures the
deviation of predicted points from their actual values, calculated as follows:

MSE =
1
N

N

∑
i=1

(y′i − yi)
2 (5.5)

where N represents the total number of wavelength bins, y′i is the predicted in-
tensity at wavelength i, and yi is the actual intensity at wavelength i.

5.2 Results and Analysis

5.2.1 Results and Analysis

This section provides a comprehensive examination of the results, focusing on the
performance of the Closed-Form Continuous-Time Neural Network (CfC) model in
predicting supercontinuum spectra across various materials and conditions. The
analysis begins with a detailed comparison between observed and predicted spec-
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tra to assess the model’s capability in capturing intricate spectral details. The dis-
cussion also includes potential future research directions, highlighting possible im-
provements to the model and advancements in predictive modeling within the field
of photonics.

Initially, results are derived from a model trained on a dataset that includes three
core materials, while the cladding material remains constant. This model is then
expanded to incorporate a fourth core material, and results are presented incremen-
tally to reflect this addition. For the dataset encompassing four core materials, only
a portion of the results is shown for illustrative purposes.

Mean Squared Error (MSE) calculations are provided to quantify the perfor-
mance of the model. Specifically, 27 rows of data from the three-material dataset
and 36 rows from the four-material dataset are utilized for testing purposes. The
remaining data in both datasets are reserved for training the model. This approach
ensures a robust evaluation of the model’s predictive accuracy and generalization
capabilities across different material configurations and conditions.

5.2.2 Comparative Analysis of Actual and Predicted Spectra for

Various Materials and Input variables in the Three-Material

Dataset

Figure 5.3 presents a thorough analysis of the actual versus predicted spectra for dif-
ferent materials under a range of operating conditions. The goal is to evaluate the
performance of the Closed-Form Continuous Time Neural Network (CfC) model
in accurately capturing the complex spectral behaviors of various materials across
different pump wavelengths (PWL), pump powers (PPW), full width at half maxi-
mum (FWHM), and section numbers. Each subplot compares the spectra of Material
1 (Si3N4), Material 2 (LiNbO3), and Material 3 (SiC) under different combinations of
these operating parameters. The analysis covers three sets of operating conditions.

The CfC model’s spectral predictions show excellent accuracy, closely matching
the actual spectra for different materials and conditions. This high level of precision
highlights the model’s ability to generalize across various materials and capture
subtle spectral details. The strong agreement between predicted and actual spec-
tra demonstrates the model’s capability to understand and predict the nonlinear
behaviors of different materials, offering valuable insights into how spectral charac-
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(a) Material I for Set I (b) Material II for Set I (c) Material III for Set I

(d) Material I for Set II (e) Material II for Set II (f) Material III for Set II

(g) Material I for Set III (h) Material II for Set III (i) Material III for Set III

Figure 5.3: Comparison of Actual vs. Predicted Spectra for Materials 1, 2, and 3 with
Different PWL, PPW, and FWHM. Parameters: Set I - FWHM: 75 fs, PPW: 4600 W,
PWL: 1550 nm, Section: 231; Set II - FWHM: 100 fs, PPW: 4500 W, PWL: 1650 nm,
Section: 211; Set III - FWHM: 50 fs, PPW: 4200 W, PWL: 1750 nm, Section: 236

teristics evolve under varying conditions. This analysis provides a foundation for
optimizing supercontinuum generation processes by enhancing our understanding
of material interactions with optical signals in planar waveguides.

Figure 5.4 assesses the model’s effectiveness in predicting spectral variations
with different pump power levels while keeping other input variables constant.
The subplots display comparisons between actual and predicted spectra for three
distinct pump power settings, with a fixed pump wavelength of 1550 nm and a full
width at half maximum (FWHM) of 50 fs. This results in three sets of variable con-
ditions.

The close match between the actual and predicted spectra demonstrates the CfC
model’s ability to accurately capture spectral changes as pump power varies across
different materials. This evaluation offers valuable insights into how variations in
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(a) Material I for Set I (b) Material II for Set I (c) Material III for Set I

(d) Material I for Set II (e) Material II for Set II (f) Material III for Set II

(g) Material I for Set III (h) Material II for Set III (i) Material III for Set III

Figure 5.4: Comparison of Actual vs. Predicted Spectra for Materials 1, 2, and 3 at
PWL: 1550 nm. Parameters: Set I - FWHM: 50 fs, PPW: 4500 W, Section: 240; Set
II - FWHM: 50 fs, PPW: 5000 W, Section: 240; Set III - FWHM: 50 fs, PPW: 5500 W,
Section: 240.

pump power affect spectral behavior, assisting researchers in optimizing device per-
formance and improving supercontinuum generation efficiency.

Figure 5.5 explores the model’s capacity to predict spectral variations for differ-
ent full width at half maximum (FWHM) values, with other variables held constant.
The subplots compare actual and predicted spectra for three distinct FWHM val-
ues, illustrating the model’s accuracy across different pulse durations. The strong
alignment between the actual and predicted spectra highlights the CfC model’s ef-
fectiveness in capturing spectral changes with high precision, even as FWHM values
vary. This analysis offers valuable insights into how pulse duration influences spec-
tral behavior, providing researchers with a better understanding of the nonlinear
dynamics in supercontinuum generation.
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(a) Material I for Set I (b) Material II for Set I (c) Material III for Set I

(d) Material I for Set II (e) Material II for Set II (f) Material III for Set II

(g) Material I for Set III (h) Material II for Set III (i) Material III for Set III

Figure 5.5: Comparison of Spectra for Materials 1, 2, and 3 with Changing FWHM
values at PWL: 1550 nm and PPW: 4900 W. Parameters: Set I - FWHM: 50 fs; Set II -
FWHM: 75 fs; Set III - FWHM: 100 fs, Section: 240.

5.2.3 Comparative Analysis of Actual and Predicted Spectra for

Various Materials and Input variables in the Four-Material

Dataset

For the expanded dataset that includes four materials, the variations similar to those
observed in the three-material dataset yield 36 distinct outcomes. Figures 5.6, 5.7,
and 5.8 illustrate the comparison between actual and predicted spectra across var-
ious input parameters. These figures present spectral predictions for two different
sets of input parameters, covering spectral data for four materials: Si3N4 (Mate-
rial 1), LiNbO3 (Material 2), SiC (Material 3), and Ta2O5 (Material 4). In total, nine
unique sets of input parameters have been evaluated, consistent with the approach
used in analyzing the three-material dataset.
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(a) Material I for Set I (b) Material II for Set I (c) Material III for Set I(d) Material IV for Set I

(e) Material I for Set II (f) Material II for Set II(g) Material III for Set
II

(h) Material IV for Set
II

(i) Material I for Set III(j) Material II for Set III(k) Material III for Set
III

(l) Material IV for Set
III

Figure 5.6: Comparison of Spectra with Varying PWL, PPW, and FWHM for Four
Materials. Parameters: Set I - PPW: 4600 W, FWHM: 75 fs, PWL: 1550 nm; Set II -
PPW: 4500 W, FWHM: 100 fs, PWL: 1650 nm; Set III - PPW: 4200 W, FWHM: 50 fs,
PWL: 1750 nm.

The inclusion of Ta2O5 in the dataset introduces additional variability, enabling
a comprehensive evaluation of the model’s generalization capabilities. Despite the
expansion of the dataset to incorporate Ta2O5, the model continues to demonstrate
a high level of accuracy, as evidenced by the close alignment between actual and
predicted spectra. This indicates that the CfC model retains its robustness and reli-
ability even when applied to new materials.

This detailed assessment highlights the model’s effectiveness in predicting su-
percontinuum spectra across a wider range of materials and conditions. The ability
to accurately generalize to additional materials underscores the model’s strength
and versatility, offering valuable insights into its performance and potential appli-
cations in the field of photonics.

The continued strong performance of the CfC model, even with the addition of
new materials, highlights its flexibility and reliability in predicting supercontinuum
spectra across a diverse range of materials and operating conditions. The close cor-
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(a) Material I for Set I (b) Material II for Set I (c) Material III for Set I(d) Material IV for Set I

(e) Material I for Set II (f) Material II for Set II(g) Material III for Set
II

(h) Material IV for Set
II

(i) Material I for Set III(j) Material II for Set III(k) Material III for Set
III

(l) Material IV for Set
III

Figure 5.7: Comparison of Spectra for Four Materials with Varying PWL and PPW
at FWHM = 50 fs. Parameters: Set I - PPW: 4500 W, PWL: 1550 nm; Set II - PPW:
5000 W, PWL: 1550 nm; Set III - PPW: 5500 W, PWL: 1550 nm.

Table 5.2: Summary of Results on Test Set by the Neural Network

Epoch No. of Materials MSE Loss
100 3 7.4199 × 10−4

100 4 6.9408 × 10−4

relation between the actual and predicted spectra underscores the model’s ability
to capture detailed spectral features and accurately forecast spectral behavior under
various input conditions. The expansion of the dataset with additional materials
further enhances the model’s potential and accuracy.

This analysis provides valuable insights into the model’s scalability and general-
ization strengths, paving the way for further advancements in predictive modeling
and optimization of optical devices in photonics research. Figures 5.6, 5.7, and 5.8
offer a comprehensive understanding of the CfC model’s capabilities and its poten-
tial applications across different domains of photonics and spectral analysis.

Furthermore, the Mean Squared Error (MSE) loss values presented in Table 5.2

99



(a) Material I for Set I (b) Material II for Set I (c) Material III for Set I(d) Material IV for Set I

(e) Material I for Set II (f) Material II for Set II(g) Material III for Set
II

(h) Material IV for Set
II

(i) Material I for Set III(j) Material II for Set III(k) Material III for Set
III

(l) Material IV for Set
III

Figure 5.8: Comparison of Spectra for Four Materials with Varying Input Parame-
ters. Parameters: Set I - PWL: 1550 nm, PPW: 4900 W, FWHM: 50 fs; Set II - PWL:
1550 nm, PPW: 4900 W, FWHM: 75 fs; Set III - PWL: 1550 nm, PPW: 4900 W, FWHM:
100 fs.

provide quantitative measures of the model’s performance across different materi-
als. The MSE values for the models trained on both three and four materials are
notably low, indicating that the CfC model is highly effective in learning and gener-
alizing complex spectral patterns.

These results affirm the CfC model’s strong predictive accuracy for supercontin-
uum spectra, demonstrating its potential for applications in photonics and related
fields. The close alignment between the predicted and actual spectra, coupled with
the low MSE values, highlights the model’s robustness and reliability in accurately
forecasting spectral behavior across diverse materials and operating conditions. Ad-
ditionally, the model’s ability to capture intricate spectral features further under-
scores its effectiveness in predicting and analyzing supercontinuum spectra.The CfC
model’s performance, as evidenced by the low MSE values and the close match be-
tween predicted and actual spectra, reinforces its potential for advancing predictive
modeling in photonics. These findings suggest that the CfC model can be a valu-
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able tool for optimizing and designing optical devices, offering precise and reliable
predictions in various photonics applications.

The CfC model has demonstrated exceptional accuracy in predicting supercon-
tinuum spectra, effectively capturing even the most subtle spectral details. Unlike
conventional methods such as Artificial Neural Networks (ANNs), which may over-
look minor spectral features and require substantial computational resources, the
CfC model excels in identifying complex spectral patterns with greater efficiency.
It surpasses traditional approaches, including Recurrent Neural Networks (RNNs)
and Long Short-Term Memory (LSTM) networks, in both accuracy and computa-
tional efficiency.RNNs and LSTMs often face challenges related to vanishing gradi-
ents and difficulties in managing long-term dependencies, which can hinder their
performance in accurately capturing spectral details. In contrast, the CfC model
leverages its closed-form solutions to effectively address these challenges, provid-
ing accurate predictions without compromising performance.In the initial phase of
this study, the CfC model was trained and evaluated using a dataset that included
three different materials. This setup was crucial in demonstrating the model’s ability
to generalize across various material compositions. The subsequent incorporation
of a fourth material into the dataset further showcased the model’s scalability and
robustness. This ability to expand the dataset by adding new materials underscores
the CfC model’s adaptability and its effectiveness in handling diverse scenarios.
Overall, the CfC model’s superior performance in capturing detailed spectral fea-
tures and its scalability in incorporating additional materials highlight its potential
as a powerful tool for predictive modeling in photonics. The model’s efficiency and
accuracy make it a valuable asset for various applications in optical device design
and spectral analysis.

The findings here suggest that the CfC model not only achieves higher accuracy
in predicting supercontinuum spectra but also more effectively captures detailed
spectral characteristics than traditional methods like ANN, RNN, and LSTM. Its
scalability and capacity for generalization position the CfC model as a valuable tool
for a wide range of applications in photonics and spectral analysis.
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5.3 Discussion

This study successfully deals with Closed-Form Continuous-Time Neural Networks
(CfC) to predict supercontinuum spectra in planar waveguides for various materi-
als. The CfC model exhibits remarkable accuracy in capturing spectral behavior
under different operating conditions. Initially trained with data from three materi-
als—silicon nitride (Si3N4), lithium niobate (LiNbO3), and silicon carbide (SiC)—the
model demonstrates its effectiveness through minimal Mean Squared Error (MSE)
loss. Subsequently, the model was tested on an expanded dataset that includes a
fourth material, Ta2O5, highlighting its ability to generalize and scale.

The CfC model’s ability to accurately capture complex spectral patterns while
maintaining computational efficiency is evident when compared to traditional meth-
ods such as Artificial Neural Networks (ANN), Recurrent Neural Networks (RNN),
and Long Short-Term Memory (LSTM) networks. The inclusion of Ta2O5 data fur-
ther showcases the model’s flexibility and scalability. Overall, these findings under-
score the CfC model’s effectiveness in predicting supercontinuum spectra, offering
insights into nonlinear dynamics, and supporting the development of optical de-
vices for diverse applications in photonics and related fields.

Despite the CfC model’s impressive computational accuracy, handling the ever-
increasing size of the dataset presents a challenge. As more materials are incor-
porated, the dataset grows larger, which may necessitate alternative approaches
for managing the data. One potential solution is to refine the dataset by remov-
ing redundant information, focusing only on the spectral variations that are most
critical and sensitive to changes in input parameters. This targeted approach could
help in managing data size while maintaining the relevance of the information stud-
ied.Additionally, a limitation of the current study is the absence of a time-domain
analysis of the input pulse. Investigating the temporal evolution of the pulse dur-
ing propagation is essential for a comprehensive understanding of supercontinuum
generation. Employing advanced neural network architectures, such as the CfC
model, for time-domain studies could provide valuable insights into the dynamics
of pulse propagation and further enhance the model’s capabilities.Addressing these
challenges and limitations will be crucial for future research. Developing methods
to efficiently manage and analyze large datasets, along with incorporating time-
domain analysis, will help in fully leveraging the CfC model’s potential and im-
proving its application in predictive modeling of supercontinuum spectra.
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Moreover, this field may investigate expanding the dataset to encompass sub-
sets of chalcogenide materials, hence facilitating the creation of predictions for a
more extensive variety of materials with varied optical characteristics. The predic-
tive power of the model could also be improved by adding a greater range of ma-
terials and altering the cladding material. By doing so, knowledge of the processes
involved in supercontinuum creation and optimize optical devices for a wide range
of photonics applications could be improved.

5.4 Conclusion

This study has demonstrated the effectiveness of Closed-Form Continuous-Time
Neural Networks (CfC) in accurately predicting supercontinuum spectra across var-
ious core materials in planar waveguides, offering a significant improvement over
traditional, computationally intensive methods. By training the CfC model on data
from COMSOL Multiphysics simulations that incorporate key optical parameters,
the research shows that the model can generalize across different materials, achiev-
ing low prediction errors close to 0.0006 for four materials. This approach not only
reduces reliance on extensive numerical simulations but also accelerates the de-
sign process for optical devices, with broad implications for advancing photonic
technologies in areas like optical communications, biomedical imaging, and spec-
troscopy.Besides this task has successfully investigated neural networks efficacy in
dealing an extension of the existing dataset adding more complexity and variations.
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Chapter 6

Applications of the Thesis

The research presented in this thesis has significant implications for various fields
within photonics and optical communication. The integration of deep learning with
photonic crystal fibers (PCFs) and waveguides opens up new possibilities for en-
hancing the design and optimization of these structures. Orbital Angular Momen-
tum (OAM) mode transmission analysis using DL techniques, important part of
this thesis, is increasingly vital in advancing modern optical communication sys-
tems. Some of the researches that explore innovative methods for generating and
transmitting OAM modes can suggest the importance of OAM mode transmission.
For instance, the partial arc transmitting scheme proposed by Xiong et al. [132]
enables high-order OAM mode transmission and shows great potential for inte-
gration with photonic crystal fibers (PCFs), aligning well with this thesis’s objec-
tives. Moreover, Vigneswaran et al.’s [133]work on spiral photonic crystal fibers
(S-PCFs) demonstrates the support of multiple OAM modes with low nonlinear
effects and flat dispersion, crucial for space division multiplexing in optical fiber
communication systems. Additionally, the design by Yang et al. [134] of PCFs that
sustain 86 OAM modes with high mode quality and low nonlinear coefficients di-
rectly complements this thesis’s focus on optimizing communication system per-
formance through advanced OAM techniques. These studies underscore the sig-
nificance of OAM mode transmission in achieving high-capacity and efficient com-
munication systems, making this thesis a meaningful contribution to the ongoing
advancements in OAM-based technologies. Another part of the thesis focuses on
Non linear phenomenon, Supercontinuum generation prediction. Supercontinuum
generation (SCG) plays a vital role in nonlinear optics, with applications that in-
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tersect closely with the research focus of this thesis on predicting supercontinuum
spectra using deep learning techniques. Brès et al. [135]discuss how SCG in in-
tegrated photonics can bridge distant spectral regions, a capability that enhances
the precision and efficiency of predicting spectral outputs—a challenge addressed
through the deep learning methods developed in this thesis. Similarly, the work of
Cao et al. [136] on SCG in ultra-silicon-rich nitride waveguides emphasizes the po-
tential for creating CMOS-compatible light sources, which is directly applicable to
the predictive modeling of SCG spectra for advanced photonic devices. De Sterke’s
[137] overview of SCG applications in nonlinear photonics highlights the real-world
relevance of these phenomena, underscoring the importance of accurate and reliable
spectral predictions, which this research aims to achieve through machine learning.
Finally, Hary et al.’s [138]application of machine learning in controlling nonlinear
fiber SCG for molecular spectroscopy illustrates the broader potential of integrating
AI techniques with SCG, further validating the approach taken in this thesis. Collec-
tively, these references support the integration of deep learning into the prediction
of SCG spectra, enhancing the capabilities of next-generation photonic systems and
aligning with the objectives of this research.

105



Chapter 7

Conclusion

This research has made significant contributions to the field of photonics by inte-
grating advanced machine learning techniques with traditional numerical methods.
Specifically, the study focused on enhancing the understanding and predictive ca-
pabilities related to the linear and non-linear properties of photonic crystal fibers
(PCFs) and optical waveguides.

The first major outcome of this research involved the successful prediction of
linear optical parameters such as effective refractive index, dispersion, mode purity,
and effective area of PCFs using an Artificial Neural Network (ANN). The ANN
model proivided MSE values close to 0.0218 with approximately 31 seconds of train-
ing time. This improvement in prediction accuracy, alongside the reduced compu-
tational time compared to traditional simulation methods, underscores the model’s
efficiency and effectiveness in practical applications.

The second key result pertained to the non-linear dynamics of supercontinuum
generation in chalcogenide planar waveguides. By employing an ANN-based deep
learning model, the research achieved precise modeling of pulse propagation dy-
namics. The predictive model captured the complex interaction between parame-
ters such as pump power, wavelength, and waveguide dimensions, delivering in-
sights with a significantly reduced computational burden.The computation accu-
racy yielded a low MSE value of 0.0032 with a computational training time of 472
seconds which proves to be efficient on both the metrics. The model’s ability to
replicate empirical results closely was evidenced by the accurate prediction of spec-
tral evolution across varied pump powers, demonstrating its potential for real-time
optimization of experimental setups.
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Finally, the study introduced a novel approach using Closed-Form Continuous-
Time Neural Networks (CfC) for predicting supercontinuum spectra in diverse ma-
terial compositions. The CfC model outperformed traditional methods such as Re-
current Neural Networks (RNN) and Long Short-Term Memory (LSTM) networks,
particularly in terms of computational efficiency and scalability. The model main-
tained a low MSE while handling a dataset expanded to include four distinct ma-
terials, thereby proving its robustness and adaptability. The inclusion of additional
materials like Ta2O5 further validated the model’s generalization capabilities, en-
suring consistent prediction accuracy under different operating conditions.The CfC
model demonstrated high accuracy, with Mean Squared Error (MSE) values as low
as 7.4199 × 10−4 when trained on a three-material dataset, and 6.9408 × 10−4 on a
four-material dataset.The neural network was 15-16x faster compared to traditional
methods.

The impact of this work extends beyond the immediate technical advancements
in photonics and deep learning. By improving the accuracy and efficiency of pre-
dictive models for photonic devices, this research contributes to the broader societal
goal of advancing optical technologies that are foundational to modern telecommu-
nications, medical imaging, and environmental sensing. The reduction in compu-
tational time and resources, achieved through the integration of machine learning,
also holds significant potential for accelerating the development of next-generation
photonic devices, making advanced technologies more accessible and affordable.
Furthermore, this work sets a precedent in the research community for the appli-
cation of artificial intelligence in complex physical systems, encouraging interdisci-
plinary collaboration and inspiring future research that combines machine learning
with other areas of physics and engineering. By demonstrating the feasibility and
benefits of such an approach, this research opens new avenues for innovation, with
potential ripple effects across various sectors that rely on photonics and optical tech-
nologies.

In summary, this research has demonstrated that integrating deep learning tech-
niques with photonics not only enhances the accuracy of predictive models but also
significantly reduces computational time. These advancements have practical im-
plications for the design, optimization, and real-time control of photonic devices,
paving the way for future innovations in the field.
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