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ABSTRACT

The realm of quantum engineering holds immense promise for revolutionizing tech-
nological landscapes, particularly with the advent of 2D materials in quantum device
applications. The fundamental properties of these materials make them pivotal in various
quantum applications. However, the progress in quantum engineering faces significant
roadblocks, primarily centered around two challenges: accurate 2D material detection and
understanding the random nature of quantum fluctuations. In response to the first challenge,
I have successfully implemented a new deep learning pipeline to identify 2D materials in
microscopic images. [ have used a state-of-the-art two-stage object detector and trained
it on images containing flakes of varying thickness of hexagonal boron nitride (hBN, a 2D
material). The trained model achieved a high detection accuracy for the rare category of
thin flakes (< 50 atomic layers thick). My further analysis shows that this proposed pipeline
is robust against changes in color or substrate background, and could be generalized to
various microscope settings. As an achievement, I have integrated my proposed method to
the 2D quantum material pipeline (2D-QMaP), that has been under development by the
MonArk Quantum Foundry, to provide automated capabilities that unite and accelerate
the primary stages of sample preparation and device fabrication for 2D quantum materials
research. My proposed algorithm has given the 2D-QMaP fully automatic real-time 2D flake
detection capabilities, which has never been done effectively before. To address the second
challenge, I assessed the random nature of quantum fluctuations, and I developed time series
forecasting deep learning models to analyze and predict quantum emission fluctuations for
the first time. My trained models can roughly follow the actual trend of the data and, under
certain data processing conditions, can predict peaks and dips of the fluctuations. The
ability to anticipate these fluctuations will allow physicists to harness quantum fluctuation
characteristics to develop novel scientific advances in quantum computing that will greatly
benefit quantum technologies. The automated 2D material identification, addressing the
laborious process of flake detection, and the introduction of innovative quantum fluctuations
analysis with predictive capabilities not only streamline research processes but also hold the
promise of creating more stable and dependable quantum emission devices, thus significantly
advancing the broader field of quantum engineering.
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INTRODUCTION

Quantum Materials and Properties

Two-dimensional (2D) materials, consisting of one or a few atomic layers in their
physical structure, exhibit many quantum phenomena in systems. Exploring these features,
including strong many-body interactions, pristine interfaces, and strong confinement in a
single direction, may lead to many research and development opportunities [11-14]. In bulk,
2D materials form van der Waals crystals where strong in-plane bonding within a single layer
is complemented by significantly weaker van der Waals bonding between the layers [15]. Van
der Waals forces refer to the attractive or repulsive forces between molecules or atoms. These
forces play a crucial role in the behavior of gases, liquids, and solids. Van der Waals crystals
typically refer to crystals held together primarily by van der Waals forces. The anisotropy
in bonding strengths, combined with a chemical structure where the bonds within a single
layer are completely passivated, enables individual layers of the 2D material to be isolated,
forming chemically and structurally robust sheets of atoms that are atomically thick (i.e.,
1-3 atomic layers thick). Although ultrathin, these 2D crystallites can have lateral sizes that
are 10-100 pm — 10,000-100,000x larger than their thickness.

In single- and few-layer form, many 2D materials exhibit excellent optical, electronic,
and/or magnetic phenomena that provide means to prepare, interact with, and study
quantum states in matter [16-20]. With over 1000 known van der Waals 2D materials
that span all functionalities (insulators, metals, semiconductors, ferromagnets, ferroelectrics,
etc.), a prolific parameter space of systems and structure-property relationships for quantum,
optoelectronic, and magnetic technologies exists [21-23]. Different Van der Waals materials

have been used to demonstrate appealing device applications such as emitting diodes. One
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such material is hexagonal boron nitride (hBN).

The wavelength, polarization, and intensity of the photons from a quantum emitter
must be stable in order for integrated quantum photonics to be as useful and valuable as
possible. However, random variation of emission energy caused by the inhomogeneity in
local environment is a major challenge for all solid-state single photon emitters. The task
of exploring the vast world of 2D materials requires the ability to efficiently and reliably
produce single- and few-layer samples of 2D materials [24, 25]. However, the most widely
used state-of-the-art method for preparing single- and few-layer samples of 2D materials relies
on the manual exfoliation of a large population of smaller crystallites from a bulk crystal.
The resulting crystallites have a range of thicknesses, and the entire population must be
manually searched using optical reflected light microscopy to identify those that have a
desired thickness, which is most often the thickness of a single layer. This labor-intensive
method for collecting single- and few-layer samples strongly inhibits rapid discovery and

exploration of these material systems.

Machine Learning for Detection and Prediction

Object detection is an important computer vision task that deals with detecting
instances of visual objects of certain categories in digital images. The goal of object detection
is to develop computational models and techniques that provide one of the most basic pieces
of information needed by computer vision applications [26]. In other words, the goal of object
detection is to determine whether there are any instances of objects from given categories
in an image and, if present, to return the spatial location and extent of each object instance
[27]. Object detection supports a wide range of applications, including robot vision, consumer
markets, autonomous driving, human computer interaction, content based image retrieval,
intelligent video surveillance, and augmented reality [27, 28].

Rapid progressions in deep learning (DL) and improvements in device capabilities
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including computing power, memory capacity, power consumption, image sensor resolution,
and optics have improved the performance and cost-effectiveness and assisted the spread of
vision-based applications as well as time-series problems. Compared to traditional computer
vision techniques, which have a long trial-and-error process, deep learning enables end-
to-end object detectors to achieve greater accuracy in tasks such as image classification,
semantic segmentation, object detection and Simultaneous Localization and Mapping [29].
Deep learning computer vision methods identify and analyze numerous images into useful
information at a fast rate with a high accuracy. Deploying DL algorithms for 2D material
search can automate the flake detection task with minimal need for human intervention. So
far, there have been various attempts taken toward flake identification in images [3, 30-35]

However, these methods failed to detect flakes within different microscope settings and
image magnification.

Time-series modeling has held a significant role in academic research and practical
applications across various fields, including climate modeling [36], biological sciences[37],
medicine[38], retail[39], and finance[40]. Traditional approaches have centered on parametric
models informed by domain knowledge, such as autoregressive (AR), exponential smoothing,
or structural time-series models. However, modern machine learning techniques offer the
capability to capture temporal patterns solely through data-driven methods. Given the
growing availability of data and improved computing power in recent years, deep learning
has emerged as a crucial component of the next wave of time-series forecasting models. [41].
Therefore, deep learning time-series forecasting models have the capacity and potential to

analyze and address QE prediction problem.

Dissertation Outline

In this work, I focus on two obstacles preventing the commercial adoption of quantum

materials: 2D material detection and quantum emitter fluctuation prediction. Solving this



4

problems will enable the mass production of quantum materials as well as improve the
consistency of their behavior within a fabricated quantum device. In Chapter 2, I delve into
the foundational knowledge required for a comprehensive understanding of the topics covered
in this study. This chapter gives an overview of several key concepts, each contributing
to the overall context and groundwork for my research. In this chapter, the nuances of
computer vision techniques and object detection methods are explored, showcasing their
diverse applications across domains. Firstly, I delve into the atomic-level intricacies of 2D
materials, exploring their practical applications, and the fascinating quantum phenomena
that underpin their behavior. Then, I dive into object detection and the talk about the
traditional techniques versus machine learning techniques that are used in this area. Here,
I explain the crucial role of machine learning in object detection and image processing.
Furthermore, I investigate the art of time-series forecasting, underpinned by recurrent neural
networks, highlighting its relevance in predicting future trends and patterns. This chapter
serves as the intellectual bridge that connects the areas of machine learning and quantum
material development and characterization, setting the stage for the innovative research that
follows.

In Chapter 3, I present on a comprehensive exploration of 2D materials detection. This
chapter presents an overview of prior research in the field, providing insights into established
methodologies that laid the foundation for my work. Subsequently, I discuss my contribution
in developing a new detection pipeline which not only makes improvements in detection
accuracy, but also is able to detect the rare class of thin flakes (< 50 atomic layers). My
work is divided into several critical areas: data acquisition, data preprocessing and labeling,
model development and training, results analysis, and the integration of techniques for a fully
automatic real-time 2D flake detection. By examining the progress made in this domain and
my innovative approaches, I contribute to the advancement of 2D material research and

studies.
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In continuing my research in machine learning for 2D materials, chapter 4 presents
my work on developing time-series forecasting machine learning models to analyze and
predict QE fluctuations for the first time. Within this chapter, I initiate my exploration by
introducing the fundamental concepts and complexities surrounding this phenomenon. Here,
[ investigate the fluctuations of QEs in monolayer tungsten disulfide (1L-WS2), and state the
problem of QE fluctuations. Then I outline my methodology to address this problem, which
includes data acquisition, preprocessing, and model development. Subsequently, I provide a
detailed explanation of my experimental procedures and the models employed in predicting
the QE patterns. As I navigate through this chapter, I offer comprehensive insights into my
findings, encompassing correlations and the predictive capabilities of my models. Finally, I
engage in a thorough discussion, highlighting the broader implications of my research within
the intriguing field of quantum emission prediction.

Chapter 5 presents a comprehensive summary that distills the key insights and findings
from the preceding chapters of this thesis. Over the course of the prior chapters, I have
delved into a deep exploration of my extensive study on automatic detection of 2D materials
and quantum emission prediction using deep learning based models, dissecting the various
elements, uncovering critical insights, and examining the implications. This last chapter
offers readers a consolidated perspective, allowing them to grasp the overarching themes
and conclusions that have emerged from the earlier sections, and paving the way for future

investigations in the field.
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BACKGROUND

2D Material

Atomic Structure and Application

To study quantum phenomena in systems, researchers often turn to two-dimensional
(2D) materials: single sheets of atoms arranged in a lattice. They are described as 2D
because the sheets are much smaller in one dimension than the other two. Since they are
only a few atomic layers thick and cannot be made thinner, 2D materials are sometimes called
monolayers and are subject to the laws of quantum mechanics. Properties such as thermal
and electrical conductivity are retained in a monolayer, but at this scale, the properties may
become more or less efficient, or the material could take on other qualities altogether. These
materials come in all types of different flavors. There are over 1,000 known 2D materials,
each of which could possess a unique set of quantum properties. They can have unique band
structures and characteristics which make them special for different applications.

Fig. 2.1 shows different 2D materials and their interesting applications areas. For
example, graphene has distinctive band structure and high carrier mobilities for some
applications, however it is not desirable for semiconductors due to its zero bandgap [1, 42].
Another 2D material, is hexagonal boron nitride (hBN), an isomorph of graphene with a
very indistinguishable layered structure. hBN holds interesting opto-electrical properties
merged with mechanical robustness, thermal stability and chemical inertness [43]. These
properties have made hBN highly convenient for various demanding applications in Deep
Ultraviolet (DUV) photonic devices [44], dielectric tunneling [45], power devices [46],
electronic packaging [47], bio-medicines [48], and nanoelectronics [49]. Several 2D layered
inorganic materials such as MoS;, WSy and SnS,, due to their layer-dependent electrical
properties, have recently been developed and used in various applications like new sensors

including gas sensing, electrochemical sensing, surface-enhanced Raman scattering (SERS)
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and biosensing, SERS sensing and photodetection [50].

Insulator
L0
oS B

h-BN oL

BP family Graphene family
HI-VI family TMD (MX,) f.

amily ﬁ g
@ &7
&

Figure 2.1: Different 2D Materials [1].

These 2D materials have been under research in diverse areas during the past several
years [51-57]. Ultrathin 2D nanosheets of layered transition metal dichalcogenides (TMDs),
unlike the graphene sheet, are chemically versatile, therefore they are of interest. Single- or
few-layer TDMs are direct-gap semiconductors. Depending on their composition, structure
and dimensionality, they can have different bandgap energies and carrier types (n- or p-
type). In [58], Manish et al. have investigated the TMDs features which make them a
good fit for various applications including opto-electronics and energy storage like batteries.
Xu et al. [59] have investigated 2D materials considering their distinct properties and high

speed surface areas for flexible supercapacitors as they are one of the most promising energy
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storage devices. Wenbin et al. [60] have examined the thermodynamic and kinetic features
of 2D phase transitions resulting from dimensionality confinement, elasticity, electrostatics,
defects and chemistry inherent in 2D materials. They also discussed the applications of 2D

phase transitions and future opportunities.

Material Exfoliation

The properties of 2D crystals discussed previously are very different from the 3D
compounds from which they are derived. As an example, the 2D-material graphene is a
zero-gap semiconductor, while the 3D-material compound graphite is a semimetal with a
band overlap. Many monolayers of transition metal dichalcogenides (TMDC) in 2H phase
are direct-bandgap semiconductors, whereas the band-gap of bulk forms is indirect. Any
one of these materials, or layered combinations of them, have led to the creation of unique
heterostructures, enabled the study of new physical effects and development of new devices
[61] and also could be the basis of the next generation of quantum technology.

Crystalline planar structures bound by in-plane covalent bonds and out-of-plane van
der Waals forces characterize layered materials. Single layers can be peeled away from bulk
material by breaking the van der Waals conds using adhesive tape [1]. The most effective
methods to obtain high-quality single- or few-layer nanocrystals from their native multi-
layers structures are mechanical exfoliation and transfer [62]. Fig. 2.2 shows the mechanical
exfoliation of 2D crystals using a tape, and Fig. 2.3 shows optical microscopic images from
exfoliated 2D materials.

Relatively few of the 1,000-plus 2D materials have been explored because studying
2D materials has one major impediment: acquiring them in a single-layer form involves a
time-consuming procedure. Hence, obtaining high quality samples of 2D materials is a major
bottleneck. The manual exfoliation process based on transferring thin layers of material with

adhesive tape is an impediment for future discovery and exploration of 3D materials [63], as
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searching for these materials within microscopic images manually is a time consuming and

tedious task.

(a)

Figure 2.2: Mechanical exfoliation of 2D crystals. (a) Pressing adhesive tape against 2D
crystal. (b) Top few layers are attached to the tape. (c) Pressing the tape with crystals
against a surface of choice. (d) The bottom layer remains on the substrate after peeling off

[2].
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Figure 2.3:  Optical microscopic images after exfoliation. (a) hBN, (b) MoS2, (c¢) Graphene
and (d) WTe2 [3].
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Quantum Fluctuations

Being able to apply quantum science to real world technologies would enormously
benefit certain tasks such as communication [64], computation [65], simulation [66], sensing
and fundamental science [67]. However, it requires novel manufacture of quantum technolo-
gies to be capable of implementing huge instances of quantum algorithms or deploying a
global communication network. Exploiting single particles of light as quantum information
carriers, together with wafer-scale fabrication, Integrated Quantum Photonics (IQP) is a
compelling platform for the future of quantum technologies [68]. Various Van der Waals
materials, including semi-metallic graphene, semiconducting transition metal dichalcogenides
and insulating hBN, have been used to demonstrate attractive device applications [69] such
as emitting diodes [70], laser [71] and optical modulators [72]. Quantum emitters (QEs)
are the essential components in any integrated quantum photonic systems. To maximize
the utility and value of IQP, the wavelength, polarization and intensity of the photons from
a QE must be stable. However, the random variation of emission energy, caused by the
inhomogeneity in the local environment, is a major challenge for all solid-state single photon
emitters as it breaks the indistinguishability of single photons from multiple emitters [73].

Fig. 2.4 shows induced deleterious fluctuations in a QE caused by the local environment
surrounding the QE, including nearby metallic and dielectric structures. Large-area
encapsulation of the devices with thin layers of hBN provides a potential means to mitigate
these fluctuations. However, they are not an absolute solution to eliminate them completely.
To address further stability, QEs that are dynamically tunable can be used alongside a
feedback system that intermittently samples of QLED emission and applies corrective stimuli.
Machine learning time-series forecasting models have the potential to predict QE fluctuations

and apply corrective stimuli to stabilize their emission wavelength and intensity.
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Figure 2.4: Fluctuations in intensity and energy for a nanobubble QE in 1L-WS, on an Au
surface.

Object Detection

Computer vision is an interdisciplinary field that aims to enable computer-based systems
to work the same as human vision, that is, to extract and understand useful information
from visual inputs such as images and videos. There are various tasks in computer vision
like object classification, segmentation and detection. Among current computer vision tasks,
object detection is an important task that deals with detecting instances of visual objects of
certain categories in digital images. The goal of object detection is to develop computational
models and techniques that provide one of the most basic pieces of information needed by

computer vision applications [26]. In other words, the goal of object detection is to determine
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whether there are any instances of objects from given categories in an image and, if present, to
return the spatial location and extent of each object instance [27]. Object detection supports
a wide range of applications, including robot vision, consumer markets, autonomous driving,
human computer interaction, content based image retrieval, intelligent video surveillance,
and augmented reality [27, 28].

Over the past decades, object detection progress has mostly followed two historical
eras: the traditional object detection period and the machine learning period. Traditional
object detection methods deploy image processing techniques that require a domain expert
to identify the majority of the applicable characteristics and features in order to simplify the
data and make patterns easier for algorithms to learn. As a result, feature engineering is a
major part of traditional methods where the raw data is needed to be selected, manipulated
and transformed into features that can be used by the algorithms.

On the other hand, machine learning-based models have revolutionized object detection
by automatically learning discriminative features from data. Machine learning is a subset
of artificial intelligence that teaches computers to learn from experience. Without using a
preexisting equation as a model, machine learning algorithms employ computer techniques
to learn information directly from data. Machine learning-based approaches have grown
dramatically over the past ten years, having an impact on a wide range of applications,
including autonomous driving [74], healthcare [75], security systems [76], medicine [77],
banking [78], and manufacturing [79], to name a few. Machine learning algorithms are
capable of handling multivariate and multi-dimensional data, and of creating a mapping
from the input data to decision-making outputs. They are able to classify the data into
various categories without human intervention needed.

ML methods are commonly divided into four categories: supervised learning, unsuper-
vised learning, semi-supervised learning and reinforcement learning. Supervised learning

models have transformed object detection by leveraging labeled training data. These
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models learn from labeled examples and require annotated data for training. In contrast,
unsupervised learning-based models, like clustering or generative adversarial networks
(GANSs), can discover patterns and structures in unlabeled data. They aim to identify objects
without explicit labels by learning from inherent data properties. Semi-supervised learning
is situated between supervised and unsupervised learning, in that it uses both labeled and
unlabeled data to perform specific learning tasks. The idea of these techniques is to leverage
the large amount of unlabeled data available for many use cases, combined with a smaller set
of labeled data [80]. In reinforcement learning, an agent receives a state and a reward from
the environment. The agent’s job is to choose the best course of action that that maximizes
the reward, which is sometimes referred to as being exploitative [81]. Similar to how infants
explore their environment and discover the behaviors that enable them to accomplish a task,
reinforcement models learn through interactions with the environment and observations to
achieve a goal. In other words, reinforcement learning is trial-and-error learning based on
rewards for desired behaviors and punishment for undesired behaviors.

All four types of learning approaches have played pivotal roles in advancing object
detection, offering diverse avenues for developing accurate and efficient models for a variety
of applications in computer vision. In the following, I will focus my review on (1) traditional
methods for object detection, (2) supervised ML for object detection, and (3) unsupervised

ML for object detection.

Traditional Methods

Conventional digital image processing algorithms focus on performing different oper-
ations on image data in order to get specific information and enhance visual information
to facilitate human interpretation. These techniques involve the use of mathematical or
statistical operations to modify images for many applications, including medical [82, 83] and

satellite imagery [84], digital photography, object recognition and tracking, remote sensing,
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augmented reality and industrial inspection [85]. Digital image processing involves various
procedures, including data preprocessing, image enhancement and restoration, as well as
image analysis to extract features, segment and classify specific data [86, 87].

Raw image data obtained from a camera does not often yield optimal results when
used directly for computer vision tasks due to various factors such as environment noise and
compression artifacts. Preprocessing is an essential step that encompasses the operations
that are typically necessary prior to the main analysis of data and extraction of information.
Some preprocessing techniques used to improve image processing results include noise
reduction, image resizing, filtering and blur and focus corrections [88]. The selection of
these techniques relies on the characteristics of the image and the intended application.
Following are some well-known image processing techniques that are widely employed.

Image enhancement: Image enhancement refers to processing images with the aim of
improving their usefulness by increasing the clarity and details. Depending on the applica-
tion, the enhancement objective may be to improve perceptual aspects such as intelligibility
and visual appearance- or to improve machine object detection performance. The algorithms
used in image enhancement often exhibit simplicity and a qualitative nature [86]. An image
can often be enhanced through various techniques including gray-scale modification (where
the gray scale is change to a different gray scale based on a specific transformation), filtering
(such as low-pass and high-pass filtering, median filtering and adaptive filtering), color and
contrast enhancement (enhancing the colors and contrast between different elements within
the image to make them more distinguishable), hue, intensity and saturation enhancement
(an important color system to manipulate image appearance) and edge enhancement (to
highlight and enhance the edges or boundaries between different objects or regions within
an image) [89]. Image restoration and enhancement are closely interconnected processes.
In the context of image restoration, the goal is to recover a degraded image and make the

processed image closely resemble the original as much as possible. The degraded image is
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assumed to be an imperfect version of the ideal or original image, and restoration techniques
are employed to reduce or reverse the effects of degradation, such as noise, blurring, or other
forms of distortion.

Image thresholding: Image thresholding is a popular technique used for image
segmentation and classification, which involves separating an image into distinct regions
or objects based on pixel intensity values. Thresholding techniques assign pixels to different
classes or labels depending on various criteria. It is a commonly used technique for extracting
foreground objects, creating binary images, or identifying specific regions of interest in
an image. Common image thresholding algorithms include global thresholding, adaptive
thresholding, and Otsu’s thresholding [90]. In global thresholding, a single threshold value
is applied to the entire image. All pixels with intensities above the threshold are assigned
to one class, while pixels with intensities below the threshold are assigned to another class.
This technique assumes a bimodal distribution of pixel intensities in the image. Adaptive
thresholding is useful when the image has varying illumination or local intensity variations.
Instead of using a single threshold for the entire image, adaptive thresholding calculates
different thresholds for different image regions based on local characteristics. This allows for
more accurate segmentation in images with uneven lighting or intensity gradients. Otsu’s
method is an automatic thresholding technique that determines the optimal threshold value
based on the image’s histogram. It aims to maximize the separability between foreground
and background classes by minimizing the intra-class variance. This technique is effective
when the image has a clear bimodal histogram.

Morphological operations: Morphological operations are a set of image processing
techniques used to analyze and manipulate the shape, structure, and spatial features of
objects within a digital image. These operations are based on mathematical morphology,
which applies set theory concepts to image processing [91]. There are two fundamental

morphological operations that are often used in combination to implement image processing
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operations: erosion and dilation. Erosion removes pixels from the boundaries of objects in an
image. It involves scanning the image with a small, predefined structuring element (often a
small matrix or kernel) and replacing each pixel in the image with the minimum pixel value
within the corresponding neighborhood defined by the structuring element. Erosion can
be used to eliminate small noise or thin structures, shrink objects, and separate connected
objects. In contrast to erosion, dilation adds pixels to the boundaries of objects in an image.
Like erosion, it uses a structuring element and replaces each pixel with the maximum pixel
value within its neighborhood. Dilation can be used to fill in gaps or holes in objects, enlarge
or thicken structures, and merge nearby objects.

Traditional image segmentation and classification methods have been categorized into
three following approaches as pixel-based, edge-based and region based methods [92].

Pixel-based methods: These methods also known as point-based segmentation, and
encompass techniques such as thresholding in the feature space. The goal is to partition the
image into meaningful regions or objects at the pixel level, by assigning labels to individual
pixels in an image based on certain criteria or features.

Edge-based methods: These methods focus on detecting and delineating boundaries
between different objects or regions based on intensity gradients or other edge-related
properties. Common techniques include edge detection using operators like Sobel, Canny, or
Laplacian, and subsequent edge linking or contour tracing [93].

Region-based methods: These methods divide an image into regions based on criteria
such as homogeneity, texture, similarity and spatial proximity [94, 95]. These methods
often involve iterative processes to merge or split regions to achieve desired segmentation.
Examples include region growing, merging and splitting techniques and their combinations.

Traditional image processing methods have been foundational in the field of computer
vision, primarily focusing on manipulating and enhancing images through a series of

systematic techniques. These methods often involve preprocessing steps such as image
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enhancement and image segmentation to improve the overall quality of the visual data.

Supervised Machine Learning

As technological progress continues, the integration of supervised machine learning
methods seamlessly complements traditional computer vision techniques, ushering in a new
era of enhanced capabilities in image analysis and interpretation. In supervised learning, a
set of input data along with their known responses (outputs) is fed to the algorithm. During
the training procedure, the algorithm tries to learn an effective way to map inputs to their
corresponding outputs. Once the model is trained, it is used to predict the outputs for new
data. In a supervised learning model, a preliminary step is to collect and label the data.
Supervised learning consists of two main categories: classification and regression. Regression
is the problem of predicting direct responses (such as numerical values), whereas classification
has the goal of classifying the input into a specific category. To address classification
task, there are many traditional supervised machine learning methods, such as Support
Vector Machines (SVMs), Random Forest, k-Nearest-Neighbor, and Naive Bayes [96]. More
recently, deep learning (DL) methods, including convolutional neural networks (CNNs) have
been successfully used for classification and object detection. Traditional classifiers and
object detectors are based on physically definable and extractable image features (shape,
color, texture, and spectral features) that are manually chosen, whereas in DL methods, the
selection of suitable image features is handled in the training procedure.

In 2001, the first real-time human face detection algorithm without limitations such
as skin color was developed by Viola and Jones (VJ detector) [97, 98]. This detector
incorporates integral image, feature selection and detection cascade techniques and utilizes
sliding windows to go over all possible locations within an image and find the possible
windows that contain a human face. A few years later, thehistogram of oriented gradients

(HOG) feature descriptor was introduced by Dalal and Triggs [99] using a linear SVM
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detector. They used locally normalized histograms of gradient orientation features in a
dense overlapping grid for person detection. The HOG detector scales the input image
several times while maintaining the size of a detection window in order to detect objects of
various sizes. The HOG detector has served as a crucial building block for numerous object
detectors [100-102] and a wide range of computer vision applications [103]. As inspired
by the HOG detector, the Deformable Part-Based Model (DPM) detector [100] achieved
the best average precision in the 2006 PASCAL person detection challenge. The training
procedure in this model can be thought of as simply learning the correct way to break down
an object, and the inference can be thought of as an ensemble of various object parts. In
this method, a margin-sensitive approach for data mining hard negative examples with a
latent SVM is used to build a recognition system based on multiscale, deformable models.
The fundamental building blocks for this model are the HOG features. Later on this model
was enhanced to handle real world objects with greater variations [101, 104-106].

Rapid progressions in deep learning and improvements in device capabilities including
computing power, memory capacity, power consumption, image sensor resolution, and optics
have improved the performance and cost-effectiveness and further quickened the spread of
vision-based applications. At present, deep learning-based object detection frameworks fall
into two main categories: two-stage detectors and one-stage detectors. Two-stage detectors,
consist of two stages: one stage to generate region of proposals as candidate boundary
boxes and another stage to do object classification for each proposed region. In one-stage
detectors, both stages are done directly on an image without proposing any pre-generated
regions. Therefore, on public benchmarks, one-stage detectors are significantly more time-
efficient and more suited to real-time applications, whereas two-stage detectors typically
achieve higher accuracy [107]. Following, some representative methods in each group are
described.

Two-Stage Detectors: In 2014, Girshick et al. [4] proposed a new object detection
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algorithm by combining region proposals with CNNs. They called their method R-CNN,
which stands for Regions with CNN features. Their object detection systems consists of
three modules. The first modules proposes regions which are category-independent, by
using a selective search method. A CNN consisting of five convolutional layers and two fully
connected layers is used in the second module to extract a 4096-dimensional feature vector
from each region. To make the regions compatible with the CNN (inputs size of 227 * 227),
they are wrapped in a tight bounding box. The third module consists of a set of linear SVMs
to classify each region. Fig. 2.5 shows this architecture. This object detection algorithm
succeeded to give a 30% relative improvement over the best previous results on PASCAL

Visual Object Classes Challenge 2012.
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Figure 2.5: Architecture of R-CNN object detection [4].

Fast R-CNN [5] and Faster R-CNN [108], which are the fast and faster version of R-
CNN, were introduced within one year after R-CNN. In R-CNN, a ConvNet forward pass
is performed for each object proposal without sharing computation, hence it is slow on
SVMs classification. Fast R-CNN uses pooling networks to speed up R-CNN by sharing
computation. In this method, a convolutional feature map is computed for the entire input

image and then each object proposal is classified using a feature vector extracted from the
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shared feature map. In fact, both the full image and the identified regions of interests (ROIs)
are fed into a CNN. Then each ROI is pooled into a a feature map which is fixed in size,
and then fully connected layers map them to a feature vector. Softmax probabilities and
bounding-box regression offsets are two outputs for each ROI. This architecture is shown in

Fig. 2.6.
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Figure 2.6: Fast R-CNN framework for object detection [5].

R-CNN and Fast R-CNN use selective search for proposal regions which is slow. Faster
R-CNN, introduces the Region Proposal Network (RPN) to improve the region-based CNN
baseline and enable nearly cost-free region proposals. RPN improves the baseline by sharing
the full-image convolutional features with the detection network. It not only reduces the
region proposal time, but also improves the detection accuracy. Up to now, all these methods
were only for object detection and providing a boundary box around the object. Mask R-
CNN [6] is a later extension of Faster R-CNN primarily for object instance segmentation.
Each candidate object in Faster R-CNN has two outputs: a class label and a bounding-box

offset. Mask R-CNN uses the same two-stage procedure with an identical RPN which is the
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first stage as Faster R-CNN. In the second stage, by adding a branch for predicting an object
mask, Mask R-CNN detects objects in an image while generating a segmentation mask for

each instance. Mask R-CNN’s framework for instance segmentation can be seen in Fig. 2.7.
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Figure 2.7: Architecture of Mask R-CNN framework [6].

One-Stage Detectors: You Only Look Once (YOLO) [7] is a well known one-stage
object detector. In this algorithm, object detection is posed as a regression problem to
spatially separate bounding boxes and corresponding class probabilities. Here, instead of two
separate stages for proposing regions and classifying them after, bounding boxes and class
probabilities are predicted only in one step and directly from full input images. Therefore,
you only look once at an image to do object prediction. In this detection system, the input
image is resized to 448 by 448, then it is fed to a single CNN which has 24 convolutional
layers followed by 2 fully connected layers. Then, the resulting detections are threshold by the
model’s confidence score. This simple and straightforward detection system is extremely fast.

The base YOLO model proposes 98 bounding boxes per image, which is much fewer than 2000
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from selective search method. Since the first introduction of YOLO, it has been improved
through time in terms of accuracy and speed to the various versions such as YOLOv2 [109],

YOLOvV3 [110] and YOLOv4 [111]. The YOLO detection framework is presented in Fig. 2.8.

1. Resize image.
2. Run convolutional network.
3. Non-max suppression.

Figure 2.8: YOLO framework [7].

Another famous single-stage detector is the Single-Shot Detector (SSD) [112]. In SSD,
there is no region proposal generation and all computation is done using a single deep neural
network. In this method, a feed-forward CNN produces a fixed-size collection of bounding
boxes and allocates each box a confidence number. Final object detection is done using a
non-maximum suppression step. In comparison to YOLO, SSD has extra feature layers at
the end of a base network to predict the offsets to boxes with different scales, aspect ratios
and confidence numbers. With an input image of size 300 by 300, SSD surpasses YOLO in
terms of accuracy and speed.

RetinaNet [8] is another one-stage detector. This detector addresses the foreground-
background class imbalance by proposing focal loss function as the classification loss that
down-weights the loss assigned to well-classified examples. This focal loss concentrates on
training hard examples rather than surpassing the training with immense negatives. Lin
et al. have shown that RetinaNet outperforms previous one-stage detectors and two-stage
detectors such as Faster R-CNN. This framework uses a Feature Pyramid Network (FPN)

[113] as the backbone on top of a feedforward ResNet architecture [114] (Fig. 2.9).
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Figure 2.9: RetinaNet network architecture [8].

Unsupervised Learning

In contrast to supervised learning, unsupervised learning techniques try to automat-
ically find structures and patterns in data without having it labeled. Computer vision
techniques using unsupervised learning methods aim to extract meaningful information and
patterns from visual data without the need for labeled examples or explicit supervision.
Unsupervised learning approaches in computer vision often involve tasks such as clustering,
dimensionality reduction, and generative modeling. Subsequently, I provide descriptions of
some typical methods within each category.

Clustering: Clustering is one of the most common unsupervised learning techniques
which is used to find hidden patterns in data and group inputs into clusters. Clustering
methods can be categorized into two main groups of probability model-based approaches and
nonparametric approaches based on a statistical point of view [115]. Probability model-based
approaches assume that the data points are generated from a mixture model. Therefore,
these approaches employ a clustering method based on the likelihood of the mixture model
[116]. Nonparametric approaches in clustering primarily rely on an objective function that
measures the similarity or dissimilarity between data points. These approaches can be further

classified into hierarchical and partitional methods, with partitional methods being the most
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commonly employed techniques [117, 118]. Expectation-maximization (EM) and K-means
are two representative algorithms for the two groups respectively. The EM algorithm is an
iterative process that aims to estimate the parameters of the mixture model and assign data
points to their respective clusters. It consists of two main steps: the expectation step (E-
step) and the maximization step (M-step). K-means partitions data into K clusters based on
minimizing the distance between data points and cluster centroids. Clustering can be used
for tasks like image segmentation and object recognition.

Dimensionality Reduction: Dimensionality reduction techniques aim to reduce
the number of input features or variables while preserving the important structure and
information of the data. These techniques are used to tackle the curse of dimensionality [119],
improve computational efficiency, remove redundant or irrelevant features, and enable better
visualization and understanding of high-dimensional data. Principal Components Analysis
(PCA) [120, 121] is one of the most widely used dimensionality reduction techniques. It
identifies the directions (principal components) in the data that capture the most significant
variability. PCA transforms the original data into a new set of uncorrelated variables
called principal components, where each component is a linear combination of the original
features. By selecting a subset of the principal components, PCA allows for reducing the
dimensionality of the data while preserving the maximum amount of information. Sparse
coding is another dimensionality reduction technique that represents data as a sparse linear
combination of a set of basis vectors. The training procedure attempts to find a sparse
representation that minimizes the reconstruction error. By using a sparse representation,
sparse coding effectively reduces the dimensionality of the data through selecting only the
most relevant and informative basis vectors [122].

Generative Adversarial Networks: Generative Adversarial Networks (GANs) offer
a means to acquire deep representations without the need for extensive annotated training

data. GANs provide a framework through which meaningful representations can be learned,
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leveraging the power of adversarial training instead of relying solely on labeled examples
[123, 124]. GANSs consist of two components: a generator network and a discriminator
network, which are trained together in an adversarial manner. The generator’s task is
to learn and capture the underlying distribution of real data and generating new samples
accordingly. On the other hand, the discriminator serves often as a binary classifier, aiming
to accurately distinguish between real samples and those created by the generator [125].
The learned representations from GANs have versatile applications across a range of tasks,
such as image synthesis, semantic image editing, style transfer, image superresolution, and

classification [124].

Applications of Object Detection Methods

Object detection is an integral part in a wide range of applications such as security
systems, anomaly detection, robotics, healthcare and medicine, self-driving cars and face
detection.

In recent years, autonomous vehicles have drawn a lot of interest as they have potential
to benefit human lives by reducing traffic accidents, helping elderly and disabled people, and
bringing comfort. The main key behind the advance of autonomous driving is real-time object
detection models. These models enable the system to automatically identify and locate the
objects around them such as pedestrians, vehicles and traffic signals. Many researchers have
been working towards driverless technology, evaluating different object detection algorithmes
and the improvement of self-driving machinery [126-129].

Face detection, or identifying human faces in digital images and videos, is another
example used in a variety of applications. Face detection is the backbone of all facial
analysis algorithms, including those for face alignment, face modeling, face recognition, face
authentication, head pose tracking, facial expression tracking, gender and age recognition,

and much more, which enables human-computer interaction (HCI) [130]. Various work
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has been done towards face detection using deep learning-based methods during the past
few decades, showing the promising results of CNN object detectors in areas such as real-
time detection and human face tracking [131], face detection [132-134], facial expression
recognition [1357 —137] and multi-view face detection [138-140).

Security is another practical application area of object detection. The demand for
effective security systems at airports is likely to be increased by rising crime. Dhiraj et al.
[141] performed threat object detection by using two-stage and one-stage models to detect
four classes of threat objects as gun, shuriken, razor-blade and knife. In another research,
Khalid et al. [142] built a real-time monitoring system that is capable of detecting violent
activities quickly and efficiently using deep learning models. This technology could benefit
public areas by allowing security departments to take necessary actions to prevent crimes
and violent activities.

The mentioned examples are just a few of the numerous applications of object detection
that are under research and applied in every day life. With these promising results, I am
highly confident that object detection will be an enabling technology for the mass production

of 2D materials.

Time-series Forecasting

Time-series forecasting is an important applied machine learning technique that includes
developing models to analyze (describe and predict) sequences of data collected during
time intervals. These models are widely used in different areas such as finance [143], sales
forecasting [144], climate time series [36], pore-water pressure [145], and medicine [146], to
name a few. In time-series forecasting models, future values of a target y;, for a given entity
1 at time t is predicted. The entity displays a logical grouping of temporal information. The

most straightforward models which can predict the one-step-ahead can be represented as
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?Qi,t+1 = f(yi,t—k:t> L t—k:ts 31’)

In this equation, @; .41 represents the model forecast, y;;—+ represent observations of
the target for the previous k samples, x;; . represents observations of the input over the
previous k samples, s; is static meta data linked to the entity, and f(-) is the prediction

model function which is learned by the model [41].

Recurrent Neural Networks

Deep learning algorithms have been developed and frequently used to extract informa-
tion from many types of data during the last several years [147, 148, 148]. Recurrent neural
networks (RNNs) are types of deep learning networks that can be used to analyze temporal
information due to their specific architecture feedback loops which is their memory. They
take information from prior inputs and update the current input and output [149] whereas in
traditional neural networks, inputs and outputs are independent from each other. Fig. 2.10
illustrates the difference between a traditional feed-forward neural network and a recurrent
neural network.

To be able to process the sequence data, RNNs have repeating modules arranged in
chains (Fig. 2.11), where they can share the parameters across different time steps with
the intention of employing these modules as a memory to store crucial data from earlier
processing steps. The capacity of RNNs make them suitable for many applications such as
natural language processing and language modeling [150, 151], speech recognition [152, 153]
and emotion recognition in videos [154].

Over time, various kinds of RNNs have been developed and applied to temporal
forecasting problems with strong results [155-158]. Recurrent connections can enhance
neural network performance by taking use of their capacity for comprehending sequential

dependencies. However, the techniques used for training RNNs might significantly restrict
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Figure 2.10: Recurrent neural network and feed-forward neural network architectures. The
figure on the left shows a recurrent neural network with recurrent connections on hidden
states which do the back propagation, whereas the figure on the right shoes the feed-forward
architecture of neural networks that have no recurrent connections.

the memory generated from the recurrent connections. Older variants of RNNs suffer from
exploding or vanishing gradients during the training phase, causing the network to fail to
learn long term sequential dependencies in data [159].

Ezplanation of LSTM Networks : Long short-term memory (LSTM) is the most popular
method and model to address the insufficient memory of RRNs and tackling the problem of
exploding and vanishing gradients. LSTM was introduced in 1997 for the first time to address
the problem of long lasting learning to store information over extended time intervals by
recurrent backpropagation [160]. In LSTM, instead of sigmoid or tanh activation functions,
there are memory cells with inputs and outputs which are controlled by gates [160, 161]. In
other words, LSTM is a modified version of RNN made of repeating modules called memory
cells. These cells consist of three gates: an update or input gate, a forget gate, and an output
gate. These gates work together handle learning long term dependencies. The input gate
and output gate decide what information to update and pass on to the next cell respectively,
while the the forget gate decides the least relative information to throw away. This structure

is shown in Fig. 2.12.
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Figure 2.11: Unfolded sequential architecture in an RNN. X, is the input at time step t, Y;
is the output at time step t and H; is the hidden state at time t.

LSTM applications: LSTM neural networks can be applied to various tasks including
prediction, pattern classification, recognition and analysis. Since LSTM is able to process
sequential data, it is an effective tool in many different domains such as statistics, linguistics,
medicine, transportation, computer science and more [162]. As instance, in [163] LSTM
based models are used in natural language processing (NLP) for sequence tagging. In
another work, Xue et al. [164] have applied LSTM to pedestrian trajectory prediction.
They have proposed a network based on LSTM which is able to consider both influence of
social neighbourhood and scene layouts in pedestrian trajectory prediction. Precipitation
nowcasting is a crucial and challenging weather forecasting problem, in which the goal is to
predict the future rainfall intensity in a local region over a relatively short period of time.
Shi et al. [165] have used LSTM networks to build an end-to-end trainable model for the
precipitation nowcasting problem. These instances are just a few of numerous applications of

time-series forecasting models that are under research and applied in forecasting problems.
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Figure 2.12: Memory cells structure in LSTM [9].

Achieving good and strong results in recent work was a motivation for me to apply time-series

forecasting models to predict fluctuations in intensity and energy of QEs.

Correlation and Autocorrelation

Various physical phenomenon can cause variables within a dataset to be relevant or
fluctuate in relation to each other. Finding and quantifying how reliant the variables in a
data set are on one another or on themselves is crucial in many machine learning algorithms,
including time-series forecasting problems. Correlation is a statistical measure that indicates
this relationship. Correlation can be either positive, negative or zero. A positive correlation
indicates that variables change in the same direction. A negative correlation indicates that
the variables change in opposite directions, meaning that while one increases, the other
decreases. A zero correlation indicates that the variables have no relationship with each
other. The correlation coefficient is a unit-free statistical measure in the range of -1 and
+1 that reports the correlation between variables. One of the most popular coefficient is
Pearson’s coefficient also known as the product moment correlation coefficient. It is the ratio
between the covariance of two variables and the product of their standard deviations. Given

a pair of variables (X,Y), the formula for the coefficient represented by p is defined as below:
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cov(X,Y)

00y

In this formulation, cov is the covariance, o, is the standard deviation of X and o,
is the standard deviation of Y. For a sample and given paired data of X and Y, the
Pearson’s coefficient is commonly represented by r and can be expressed in terms of mean

and expectation as below:
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where n is the sample size, x; and y; are the sample points indexed with ¢, and 7 and 7 are

r =

the sample means.

In time series problems, analyzing the correlation between a series and lagged versions
of itself can provide predictive information. The correlation coefficient between a time
series and its lagged versions over time intervals is called autocorrelation. In other
words, autocorrelation determines the degree of similarity between a series and its lagged
counterparts. Autocorrelation analysis is a popular tool for determining the degree of
randomness in a data set. By measuring and analysing the autocorrelations for data values
at various time lags, this randomness is determined. If the nature of the data over time is
random, such autocorrelations ought to be close to zero for all time-lag separations. If the
autocorrelation at one or more lag samples are significantly non-zero, then the data is not

completely random [166].
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2D MATERIAL DETECTION

ML for 2D Material Detection

Note: This chapter draws substantially from my published journal article: F. Ramezani,
et al., “Automatic detection of multilayer hexagonal boron nitride in optical images
using deep learning-based computer vision,” Scientific Reports, vol. 13, p. 1595, 2023.
This chapter also introduces additional topics, including the integration of the developed

algorithm into a quantum materials pipeline.

Traditional Image Processing Methods

According to interference theory, the optical contrast between a substrate (typically
a Si02/Si substrate with a known oxide thickness) and a 2D material varies based on the
number of layers present. This optical contrast can be used to determine the number of
layers in the material [167-170]. One of the first steps towards automating the detection
of 2D materials dates back to 2011. Noelon et al. [171] proposed an automated approach
based on an original image processing algorithm to determine the number of atomic planes
in graphene samples. In their method first image of graphene sample is acquired via optical
microscope. Then a set of image processing techniques is applied on the image to enhance
it and identify the number of layers. These techniques includes micro-Raman calibration,
light background substation, lighting nonunifromity correction, noise removal using median
filter, and the color and gray scale image processing on each pixel of the image. This process
result in a pseudo color map that identifies the graphene regions with different numbers of
atomic layers as single-layer and few-layer.

In 2012, Li et al. [172] introduced a method to determine the layer number of 2D layered
MoS2 sheets on a 300 nm SiO2 substrate using optical imaging together with an image

analysis software called ImageJ. Using this software, the color optical image of the MoS2
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sheets is split into the monochromic red (R), green (G), and blue (B) channels. By analyzing
the high-contrast grayscale image of the MoS2 sheets in the R channel, they determined the
layer number of the sheets. The intensity difference between the MoS2 sheets and 300 nm
Si02 in the R channel increases with the layer number of MoS2, allowing for identification
of the layer number. To confirm the results obtained by the optical images, atomic force
microscopy (AFM) and Raman spectroscopy were used.

In [173, 174], an optical method is purposed to identify the thickness of 2D nanosheets
on transparent substrates using Boltzman function. In these works, they developed an
optical technique to determine the thickness of 2D nanosheets on SiO2/Si substrates by
measuring the contrast difference between the nanosheets and the substrate. Later, the
method was expanded to identify the thickness of nanosheets on transparent substrates,
including polydimethylsiloxane (PDMS) film, cover slips, and glass slides. To measure the
optical contrast values of the 2D nanosheets and the transparent, the ImageJ software was
used. The optical contrast difference between the nanosheets and substrate was then derived
by subtracting the individual optical contrasts. The values of all the measured contrasts
differences were fitted with the Boltzmann function as a function of layer number.

To attain maximum reliability in identifying and analyzing exfoliated two-dimensional
materials, it is crucial to prevent both false-positives and false-negatives in detections. In
order to minimize the occurrence of false-positives and false-negatives, Jessen et al. [175]
took various parts of the light path including the individual RGB spectral profiles of the
light source, the 2D material interface, and the charge-coupled device (CCD) camera into
the consideration. To identify the 2D crystals, they used the optical contrasts of 2D materials
modeled in framework of multiple Fresnel reflections as an starting point. The contrast values
obtained are used as a basis for a machine vision approach aimed at detecting the presence
of 2D materials in digital images. Their machine vision algorithm first filter the image based

on a specific range of RGB contrasts that corresponds to the expected values for the various
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2D materials and their respective layer thicknesses that need to be identified. Then they use
various sequential traditional image processing techniques (such as morpholical operators and
median filter) to reserve the large structures and remove the impluse noise, small and thin
features, such as small particles, tape residues, and other types of contamination. Finally,
the identified regions are highlighted using edge-detection algorithm.

The method presented in [176, 177], offers an approach for detecting whether a
monolayer graphene is present or not in an image that contains n-layers of graphene
material and other undesired particles using intensity based detection. Pixel intensities
for different graphene flakes are affected by the thickness of the SiO2/Si substrate, leading
to obscuring effects [167]. For this study, 160 optical images were collected. Their approach
involves utilizing a region of interest-based image segmentation process to remove irrelevant
information from the image and isolate graphene particles. Afterwards, an intensity-based
detection model that utilizes the unique color characteristics of monolayer graphene is
implemented to distinguish it from other particles. This involved looking for differences in the
color space of monloyarer as for red, green, and blue from the surrounding background pixels.
These constraints help identify regions that contain monolayer graphene through a series of
traditional image processing such as double thresholding and morphological operators. The
output of the model identifies if the input image contains monolayer graphene and indicates
the regions containing it.

Up to this point, some technological components including image analysis algorithms
to identify flakes and layer-by-layer stacking techniques for CVD-grown 2D crystals were
taken towards automation of 2D material detection [178]. However, a fully automated
robotic production of vdW heterostructures that integrates vdW heterostructure fabrication,
computer vision, and robotic technologies was not accomplished yet. As a step to achieve
this goal, Masubuchu et al. [179] worked toward developing an autonomous robotic system

to assemble vdW heterostructes, which they named 2D materials manufacturing system
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(2DMMS). As part of fundamental prerequisites for any automated microscopy, 2D materials
need to be detected. For this, they utilize optical images and applied various traditional
image processing techniques including double filtering process based on the color contrast,
information entropy (edge detection and morphological operations) in order to improve the
earlier algorithm proposed in [171].

During the experiments of taking the optical microscopic images, uneven illumination
from standard light sources and optical aberration could cause a significant image inho-
mogeneties that can be an order of magnitude higher than the differences between layers.
Therefore, Dickinson’s group [180] established a calibration to determine the thickness of
a sheet by utilizing color/brightness that remains constant within an image and across
multiple images taken under the same conditions. The optical imaging and image analysis
procedure that they used comprised four major steps using Gwyddion [181] and ImageJ
softwares: imaging, removal of inhomogenities, conversion of brightness to sheet thickness
and recognition of individual sheets. For this, they used both low-magnification optical
microscopy and AFM analysis.

Using traditional methods to detect 2D materials within an image is a time-consuming
task that often take hours to accomplish. In another work on optical microscopic images,
Lee et al [182] proposed an algorithm to reduce the time for searching the flakes. They
used MATLAB as the image analysis algorithm to detect the number of layers through
boundary detection. The accuracy of their method was assessed with the results achieved
from conventional AFM and Raman measurements. Their algorithm can be divided into two
main components: boundary detection and layer estimation. During boundary detection
procedure, a boundary between the target flakes and the substrate is established. Then, it
employs an adaptive RGB estimation process to compute the optical contrast between each
target. This process generates a matrix with various integer numbers and provides a matrix

map of them onto the target flake position to calculate the number of layers.
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Optical microscopy is commonly used to determine the layer count of two-dimensional
(2D) materials, but this method has limitations due to variations in illumination and camera
settings across different labs. As a result, it is not possible to accurately determine the layer
thickness of a material by comparing an optical image to standard or calculated images
created under ideal conditions. Lei et al. [183], proposed an image reconstruction method
to address this problem. Their method involves reconstructing raw optical images acquired
with different illuminants and cameras into new images under specified illuminant and camera
condition. This reconstruction process results in color differences that closely match those
calculated under the specified conditions for each layer number. In this research color
differences in the reconstructed image are compared to those computed under the given
conditions, and the layer numbers of 2D materials in their lab and other research work are
reported to be unambiguously identified.

In another research work in 2021 [184], Canny operator and edge connection iteration
were used to seek out thin-layer WS2 samples on complex surfaces. To determine the number
of layers, three preprocessing procedures as demonising, smoothing and enhancement were
adopted. Then the detection was done by edge detection and morphological operations
followed by statistical based on a multispectral thresholding method to segment the regions of
interest with different numbers of layers. To obtain the thresholding criteria, optical contrast
was measured on a standard dataset of thin-layer samples of monochromic illumination

photographs.

Supervised Learning Methods

In contrast to traditional computer vision methods, which involve lengthy trial-and-
error processes, deep learning as a subset of supervised learning empowers end-to-end object
detectors to attain higher levels of accuracy in tasks like image classification, semantic

segmentation, and object detection. Deep learning algorithms have the ability to extract
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high-level features from images through data training. As compared to traditional image
processing algorithms, deep learning algorithms possess strong generalization capabilities
and are resistant to variations in detection conditions. This characteristic enables them
to avoid errors that can occur with traditional algorithms that require manual parameter
adjustments.

As one of the first work toward 2D material detection using supervised learning methods,
in 2018, Lin et al [31] developed a supervised machine learning optical identification (MOI)
method based on SVM to enable identifications of the thickness, existence of impurities
and tacking orders of graphene, molybdenum sulfide, and their heterostructures. Using
optical microscopic images, their method is developed in two process: training and test
process. During the training process, a comprehensive database of optical images of 2D
materials was created to train the model and obtain the characteristic RGB information of
the materials with different thickness. To do this, a set of 2D samples of photographs were
taken at varying positions and light intensities. Each photograph was then segmented into
sub-regions using the contour of the light intensity obtained from the substrate photograph
to capture additional RGB information of the sample at different light intensities. Noise
reduction was then achieved by applying median and mean filters to each image, followed
by color calibration treatment that linearly scaled the G and B channels of all pixels in
the entire photograph based on a manually selected substrate block. A manual mask was
used for each photograph within its category to determine corresponding pixels (e.g., single
layered graphene region), and the mean value of each channel with the same category in one
sub-region was calculated as the training dataset. Finally, a 3D one vs. one linear SVM was
used to train the model containing the characteristic RGB information using the training
dataset. During the testing procedure, the RGB information of the images were collected
and classified into specific categories. These classification resulted in a false-color images

that indicates the distribution of the substrate, 2D material with various number of layers
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and impurities. In another work, Yang an Yao [32] combined a SVM classification model
with image processing techniques to identify 2D material flakes with different thicknesses,
as well as measuring the flake’s sizes using color features in the images.

In one of the latest research deploying traditional supervised machine learning methods,
Chao and his team [185] proposed a pixel-wise classification method to detect the layers
of graphene based on tree-based algorithms. To decrease the number of training images
and speed up the classification time, they considered decision tree, random forest, extreme
gradient boosting (XGBoost) [186, 187] and light gradient boosting machine (light GBM)
[188].

To reduce the intensity dependency of optical images, Aleithan and his coauthor
[189] worked on statistical and structural techniques used in image analysis that assess
the interdependent relationships between pixels and link them to the characteristics of the
underlying structure [190]. To do this, they analyzed the microscopic image texture of
MoS2 and WS2 to distinguish monolayer from few-layer nanostructures. In their study, they
employed grey level histogram (GLH), grey levels co-occurrence matrix (GLCOM) [191],
and run-length matrix (RLM) [191-199] as three methods of texture analysis (TA) which
correspond to first, second, and higher-order statistical methods, respectively. For each
method, the Fisher coefficient [200] was used to automatically extract the features. As for
classifiers, both traditional ML classifiers (linear discriminant analysis (LDA)) and neural
networks (made of input and output layers + two hidden layers) were used. They reported
an accuracy of 89 and 95 percent for MoS2 and WS2, respectively, using run-length matrix
with neural network classifier.

As one of the first tries towards applying neural networks to identification of 2D
materials, Greplova et al [201] developed three neural network consisting of 4 convolutional
layers and one dense layer to detect the hBN flakes of thickness between 10 and 90 nm. As

part of the preprocessing procedure, they divided the images with large standard deviation
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into squares of size 80 by 80 pixels. Upon these preprocessings, they labeled the training
set into two categories: ”good” when the squared image contains a potential flake, and
"bad” if the squared image does not contain any flakes. To augment the good samples,
they used image rotation and mirror reflection techniques. These square images were then
used as the input to the network for training. To address the imbalanced dataset of good
and bad samples (as the good samples are very less in comparison to bad samples), they
formed batches and trained them on the multiple defined networks. Through this iterating
training, if a single network misclassify a relatively large number of bad flakes as good, it is
unlikely that the other two models misclassify the same bad flake as good. By defining the
accuracy as the percentage of correctly identified flakes withing the chosen evaluation batch,
they reached the training accuracy between 87 and 88 percent, and reported a 55 percent of
success on a new unseen dtata of 100 flakes.

By development of neural network architectures, Wu et al. [202] used SegNet network
[203] as the the base of their deep learning algorithm. They used a dataset of 500 optical
images collected and labeled in their lab. Having a test set of 100 images, they reported an
average accuracy of 97.17 percent. In another work, Saito and his coworkers [204], designed
a neural network based on U-Net [205] and trained it on a realistically small dataset of
optical images (24 MoS2 and 30 graphene). They initially obtained 24 images of MoS2 and
30 images of graphene through an optical microscope, which they then augmented through
various techniques such as random clipping, rotation, and color changes. They trained the
network on each of the dataset individually to detect monolayer, bilayer, and other thicker
parts (including trilayer, 4 layer and more than 5 layer). As a result, their network was able
to distinguish between monolayer and bilayers with a success rate as well a cross-validation
score of 70-80 percent on the test set of 11 images of MoS2 and 14 images of graphene.
As observed in this method, the U-net has a failure to incorrectly identify the background

(wafer) as a monolayer flake.
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In optical microscopy, objects within images usually have high contrast in comparison
to the background. Due to the limited features available in graphene microscopic images,
there is a possibility of overlap between the pixel values of the background and graphene
flakes, resulting in a high rate of false alarms at the pixel level [206]. In order to improve the
false alarm rates and accuracy of graphene detection, U-Net architecture was modified by
adding 5 convolutional layers in the decoder to generate more training parameters from the
images [206]. Together with this modification, a white balance (WB) method to correct the
color imbalance on the images, and a support vector machine (SVM) were added to segment
the graphene flakes. This architecture was developed on a dataset of 246 images for training
and 57 images for testing .This algorithm was able to achieve flake-deetction rates of 87.09
for monolayer and 90.41 for bilayer graphene. Additionally, it was able to attain pixel-level
accuracy of 99.27 for monolayer and 98.92 for bilayer graphene.

In another research done by Han et al. [30], they selected a deep learning segmentation
algorithm based on VGG16 [207] for pixel wise identification of optical images of 2D
materials. For this, they collected a total number of 817 images of 13 different 2D materials
including graphene/graphite, hexagonal boron nitride (hBN), the 2H-phase semiconducting
transition-metal dichalcogenides (TMDs) 2H-MoS2, 2H-WS2, 2H-WSe2, and 2H-MoTe2,
the 2H-phase metallic TMDs 2H-TaS2 and 2H-NbSe2, the 1T-phase TMD 1T-HfSe2, black
phosphorous (BP), the metal trihalides CrI3 and RuCl3, and the quasi-1D crystal ZrTe as
well as 100 images of only the background for training and test. They increased this number
for training set to 3825 by augmenting the data. The trained algorithm is able to identify
the material type as well as the thickness of individual flakes from one layer to six layers
thick. Besides the type and thickness identification, their 2D material optical identification
neural network (2DMOINet) can be used for the optical characterization of 2D materials
and the extraction of deep graphical features from optical microscopy images which can be

used to predict the material properties. They conducted a symetric analysis to comprehend
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how the neural network captures deep graphical features like color, contrast, edges, shapes,
and flake sizes from optical images. With this analysis, the results obtained from the trained
neural network can be employed to forecast the physical properties of materials.

With further improvement in deep learning based segmentation methods, Masubuchi et
al. [3] implemented Mask-RCNN [6] and integrated it to an automated optical microscope
to automatically search for 2D materials on SiO2/Si substrates. The neural network
architecture based on Mask-RCNN allows for the detection of exfoliated 2D materials and the
generation of a segmentation mask and bounding boxes for each object. Using stochastic
gradient decent method, the model is trained on a mixed dataset containing various 2D
materials, such as graphene, h-BN, MoS2, and WTe2 in order to enhance the network’s
generalization ability. The dataset used in this study included 353 images of hBN, 862 images
of graphene, 569 images of MoS2, and 318 images of WTe2. The number of annotated objects
in each category were as follows: 456 for hBN, 4805 for graphene, 839 for MoS2, and 1053
for WTe2. For layer thickness classification, three categories were defined namely ”"mono”
for one layer, "few” for two to ten layers, and "thick” for ten to forty layers. To improve
the model performance, instead of training it from scratch, transfer learning was carried out
twice: First transfer learning was applied on the model trained on MS-COCO dataset [208]
and the model was trained on all the material categories to detect the material group as well
as the layer thickness. Secondly, the previous weights were transferred as a start point to
train the model on each of the subsets of the material individually. The findings of this two-
step transfer learning suggest that training on multiple types of materials can enhance the
accuracy of a model by allowing the backbone network to learn the shared characteristics of
2D crystals. At the end, they investigated the generalization capacity of the trained models
on three different microscope settings. In deep learning based models, the network requires to
be trained on a large amount of data labeled in order to achieve a considerable performance.

However, in practice it is time consuming and costly to obtain and label a large amount
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of images. To address the challenge of missing annotations in instance segmentation for
the identification of 2D quantum materials, Xuan Back et al. [35] integrated Self-Attention
and Soft-Labeling techniques into the Mask-RCNN. The experimental results applied on the
same 2D material dataset in [3] demonstrated an out-performance in average precision by
previous method by a significant margin.

To facilitate the information extraction for deep learning based models, Sanchez-
Juarez’s group [209] merged digital image processing with AlexNet [210]. As part of the
digital image processing procedure, they used a series of filters to improve the image quality
and maximize the contrast between the background and the monolayer. The filtered image
was later merged with the the original image to create a well defined monolayer image as
an input to the neural network model, allowing for a better identification of monolayers.
The merge of two images results in contrast enhancement of monolayer and improves the
visualization of them within the image.

To investigate the relationship between the network accuracy and optical contrast
variations in MoS2, a systematic study of different network architectures is done in
[211] considering a common dataset. This study utilized three different deep learning
methodologies: DenseNet [212] to classify, U-Net [205] to segment and Mask-RCNN to
detect microscopic images of MoS2 materials for automated atomic layer mapping. To
evaluate the model performances, the three networks were trained and tested on various
combinations of the original dataset as well as an uaugmented version of it, using two
optical contrast variations: the same and different gamma contrast sampling indices per
channel operations. Finally, the statistical analysis of the training and testing datasets,
based on RGB optical contrast differences and CIE 1931 color space analysis, was employed
to evaluate the performances of the neural network models.

Furthermore, the performance of U-Net in comparison to a modified neural network was

carried out by Zhu et al [213]. To distinguish and characterize 2D materials and interface
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distributions of 2D in-plane and vdW heterostructures, they developed a neural network with
four hidden layers based on six primary color channels (RGB and HSV) of pixels of eight types
of 2D materials taking monolayer and bilayer flakes. It is found that this modified network,
outperforms U-Net in identifying interface characteristics in 2D heterostructure images due
to its pixel-based identification protocol. The difference in color space information on each
pixel between the images allows for this resolution. On the other hand, U-Net typically
relies on capturing geometric shapes and edge features of various components in images as
the primary means of image identification.

Based on the success of U-Net architecture in segmentation, later U-Net ++ [214] was
introduced to improve the original architecture by redesigning the dense skip connections
between the encoder and decoder, enabling each convolution block to learn semantic features
from all previous blocks. Another related U-Net based model is the attention UNet [215],
which utilizes a new attention gate (AG) model to focus on shapes and sizes of varying
degrees. Based on these improvements in UNet, Yang et al. [216] proposed a two-level
architecture including a modified UNet++ with AG and a ResNet classifier to identify and
segment monolayer and bilayer graphene.

Scanning electron microscopy (SEM) images offer crucial information about synthesized
materials, including the portion of the area covered by graphene, domain or grain size and
shape, and nucleation density. These metrics are vital for evaluating the syntheiszed material
quality. Graphene presents a visual contrast from its surroundings when viewed in an SEM,
which makes it suitable for automated image segmentation [217]. Shah et al. [217] showcased
the application of U-Net for automated segmentation of SEM images of graphene that was
synthesized using chemical vapor deposition (CVD), anticipating that it could be utilized for
measuring the cover of graphene through SEM analysis. During this procedure for training
purpose, they take advantage of unsupervised techniques to generate the training set for

U-Net to segment the SEM images of graphene.
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In another work to use deep learning based models on graphene detection, Mahjoubi
et al. [218] developed a pipline to classify the exfoliated graphene flakes into six different
categories based on thickness. They proposed a hierarchical framework to take advantage on
both supervised and unsupervised learning for segmenting the flakes. To perform pixel-wise
classification, the model was made up of k-means++ clustering with squared Euclidean
distance and several convolutional neural networks. As part of this framework, they
developed the segmentation model based on an object contextual representation network with
a high-resolution network [219, 220]. Furthermore, a weak learning technique was introduced
to help the neural network learn from new images while maintaining the knowledge acquired
from previous images. This enables the neural networks to be retrained on a new data while
preserving the previous knowledge. It is reported that this trained algorithm outperforms
U-Net++ in terms of pixel accuracy.

Up to this point, most of the deep learning methods research have used high spatial
resolution modality of microscopic images (eg. RGB images). To explore other imaging
modalities such as hyperspectral imaging, Dong et al. [221] developed a 3D deep learning
model that uses both high spatial resolution data (RGB images) and hyperspectral images
(high spectral resolution) to identify and segment MoS2 flakes into monolayer, bilayer,
trilayer and multi-layer (more than 4). Hyperspectral imaging (HSI) is a method that
expands beyond the traditional RGB (red, green, blue) color assignment of pixels and instead
examines a broad spectrum of light. HSI breaks down the light striking each pixel into
multiple spectral bands, allowing for a more comprehensive analysis of the imaged object or
scene (cite to https://www.sciencedirect.com/topics/medicine-and-dentistry /hyperspectral-
imaging). It is shown that the 3D deep learning model reaches an overall higher accuracy
deploying high spectral resolution, in comparison to a 2D deep learning model (a single-

stream U-Net (S-U-Net) model) trained only on RGB images.
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Unsupervised Learning Methods

Unsupervised machine learning possesses the capability to uncover novel patterns in
data. In contrast to supervised learning, it is often a more straightforward, faster, and cost-
effective approach, as unsupervised learning eliminates the need for the manual labeling of
data, which is a requirement in supervised learning. To demonstrate and simulate the
visibility of 2D materials on a Si/SiO2 substrate, Li et al .[33], adopted three features
including optical contrast, total color difference and RGB, and utilized both supervised
and unsupervised machine learning methods; k-nearest neighbors and k-mean clustering to
measure the thickness of graphene and MoS2 flakes.

In another unsupervised learning method, Masubuchi and Machida [34] used a series of
traditional image processing techniques (such as Canny’s edge detection and morphological
operations) on a large dataset of optical images of graphene on Si2/Si substrates to extract
the optical features. After feature extraction, to automate the identification of cluster
centers and enhance classification accuracy, they used a clustering method based on Bayesian
Gaussian mixture model with Dirichlet proceess (BGMM-DP) [222, 223] to detect the clusters
into monolyaer, bilyaer, trilayer, 4layer and thick graphene flakes.

Instead of optical microscopy, in [224], the information obtained from atomic force
microscopy topography and friction force microscopy (FFM) were merged to define the layer
thickness of graphene. To analyze the data and define the graphene structures, spectral
clustering [225] was employed which can be used for non-convex clusters and often surpasses
conventional clustering methods like the k-means algorithm.

In a recent work towards applying unsupervised learning to 2D material thickness
detection, Sterbentz et al [226] developed un unsupervised learning method including four
clustering algorithms; mean shift [227-229], Density-Based Spatial Clustering of Applications
with Noise (DBSCAN) [230, 231], multivariate Gaussian Mixture Model (GMM) [232—
236] and Expectation-Maximization (EM). In their method, Mean shift and DBSCAN are
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combined to determine the number of clusters as well as their centers in a given image. Once
the centers are defined, GMM and EM are used to enhance the clustering as they allow
fitting of data with arbitrary normal distributions. This enables the algorithms to handle
materials and substrates that have different cluster distributions in RGB space rather than

spherical clusters (despite of k-means clustering as it assumes spherical clusters).

Methodology

The reported convolutional network based models for 2D material detection, were de-
veloped on specific microscope settings under certain conditions such as image magnification,
background color and brightness. Therefore, it limits them to be capable of using on other
images acquired in other labs with different microscope settings. My proposed deep learning
method to detect hBN flakes in 2D material microscopic images is shown as a pipeline in

Fig. 3.1. This pipeline consists of three main steps which will be explained in detail.

Dataset Acquisition Data Labeling

Model and Training

E% > predict =

Figure 3.1: Proposed deep learning pipeline for 2D fake detection. First, a dataset of hBN
samples are collected through mechanical exfoliation. Ten as the second step, the dataset is
annotated manually using an online annotation tool. During the third step, DetectoRS is
chosen as the training algorithm, and for the last step, the trained model is applied to the
test images to detect hBN samples.

Bulk hBN
crystal on
tape

Data Acquisition

To prepare the dataset, 208 images were collected over 2 months. To do this, hexagonal

boron nitride (hBN) samples were fabricated via mechanical exfoliation. Bulk hBN crystals
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were placed onto a piece of exfoliation tape and separated into thin layers by folding the tape
together and peeling the tape apart five times. The exfoliation tape was then placed onto a
1 x 1 em? silicon (Si) wafer with a 100 nm silicon oxide (SiO,) layer. To ensure the 1x1 cm?
region of the tape was in contact with the Si/SiOs, the tape was pressed down with a cotton
swab across the full area of contact. The sample, Si/SiO,/exfoliation tape, was then heated
for 1-2 minutes at 90°C and allowed to cool to room temperature, where the exfoliation tape
was removed peeled. The hBN sample images were taken with a 20X objective using a Motic
BA310MET-T Incident and Transmitted Metallurgical Microscope. The hBN images for the
dataset were taken with the same camera settings and light intensity.

A second dataset of hBN images was collected by our colleagues at the University of
Arkansas (UA) following a similar procedure. The UA dataset consists of 10 images that we
use exclusively for testing the data. Finally, we use a third dataset for testing purposes: 10

hBN images collected by Masubuchi, et al. [3].

Data Labeling

Labeling the data is the preliminary step in a supervised learning object detection task,
and the results of the model heavily depend on the accuracy of the annotations. To annotate
our data, we used Roboflow (https://roboflow.com) which is an online annotation tool. For
better accuracy of training, we annotated the flakes within each individual image manually
and in three different categories as; Thick, Intermediate, and Thin. Table 3.1 shows the
thickness and number of layers for each class. The table also indicates the number of images
and the number of labeled instances of each flake type present in the full dataset.

In addition to annotating our images, we annotated the 10 test images in the UA dataset
and re-annotated the 10 test images in the Masubuchi dataset to ensure uniformity in flake
labels.

The annotations were then saved in the Microsoft common objects in context (COCO)
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Table 3.1: Dataset Labels and Annotations

Number of | Number of Annotations

Label Thickness (nm) | atomic layers | Train | Validation | Test
Thick > 50 >100 996 240 73
Intermediate 25-50 50-100 465 14 12
Thin <25 <50 140 23 7

JSON format. To train and evaluate the machine learning algorithm, the dataset was split
into three subsets: training set, validation set and testing set. The training set consists of
177 images which contain 81% of the annotations; the validation set consists of 21 images
which contain 14% of the annotations; and the testing set consists 10 images which contain

5% of the annotations.

Model and Training

To detect the 2D objects, DetectoRS [10] was chosen as the training algorithm. De-
tectoRS is a multi-stage supervised object detection algorithm. This algorithm involves two
major components: Recursive Feature Pyramid (RFP) and Switchable Atrous Convolution
(SAC). RFP is employed at the macro level that incorporates extra feedback connections from
Feature Pyramid Networks into the bottom-up backbone layers. At the micro level, SAC
is utilized, which convolves the features with different atrous rates and gathers the results
using switch functions. Combining them results in DetectoRS, which significantly improves
the performance of object detection. DetectoRS achieves state-of-the art performance on
the COCO test-dev dataset. Fig. 3.2 shows this architecture [10].

The performance of supervised machine learning models depends on the quantity of the

dataset to avoid overfitting. However, most of the time collecting and labelling the data is
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Figure 3.2:  Architecture of Switchable Atrous Convolution (SAC) [10].

a tedious time-consuming process. Data augmentation techniques are a solution to address
this problem. The augmented data will represent a more comprehensive set of possible data
points, thus minimizing the distance between the training and validation set, as well as any
future testing sets [237]. To augment the data, I used various techniques such as rotating,
flipping and color contrast twice; once within Roboflow before exporting the annotation and
another time during the training procedure.

To improve the performance of the model, I employed transfer learning. Fine-tuning
pre-trained deep networks is a practical way of benefiting from the representation learned
on a large database while having relatively few examples to train a model [238]. I took the
model which was previously trained on the COCO dataset [208] and used it as a starting
point to retrain it on our own dataset. For training on 2D material images, I chose DetectoRS
algorithm with Cascade+ResNet-50 as the backbone detector architecture implemented in
MMDetection library [239]. The model was trained with the learning algorithm rate of
0.0025, using Cuda and for 20 epochs.
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Results

The inference results of the trained model when applied to one of the test images is
shown in Fig. 3.3. Each flake identification in the image consists of three components; a
bounding box, a class label, and a confidence number or probability score which shows the
certainty of the algorithm that the class is detected correctly. As can be seen, the algorithm
was able to detect the Thin sample, which is the most important among the three classes as
it possibly contains a true monolayer material.

To measure the accuracy of the object detector across all test images, I used various
evaluation metrics. Before examining these metrics, I present some basic concepts in object
detection [240]:

e True Positive (TP): A correct detection of a ground-truth bounding box

e False Positive (FP): A detection of a nonexistent object or a misplaced detection of an

existing object
e False Negative (FN): An undetected ground-truth bounding box

A correct or incorrect detection is determined based on Intersection over Union (IoU)
which is a threshold. IoU measures how much of a projected object’s bounding box overlaps
with the bounding box surrounding the ground reference data.

It is also good to notice that a true negative result is when the algorithm detects the
background correctly. Since labeled boundary boxes are only applied to objects, a true
negative is not reported in the context of object detection.

Two common metrics to measure the accuracy of the object detection performance
are precision and recall which are defined based on the TP, FP and FN: Precision =
TP/(TP+FP) and Recall = TP/(TP+FN).

In words, precision returns the ratio of correctly identified objects to all identified

objects. Recall measures the proportion of the ground-truth objects that were identified
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by the algorithm. Mean Average Precision (mAP) is a measure that combines recall and
precision for ranked retrieval results [241].

Another common tool used to measure the number (percentage) of correct and incorrect
detections for each individual class based on the ground truth data is the confusion matrix.
Fig. 3.4 shows how a confusion matrix is defined for four generic classes. Rows represent
the ground truth for each class and columns show the predicted results.

In my research, I have considered each flake within an image for evaluation. Therefore
I consider a true positive example to be when individual flake was detected and classified
correctly. Incorrect detections occur when a flake is not detected at all (i.e. it is considered
by the algorithm to be part of the background substrate), when it is detected as an incorrect
class, or when the background substrate is detected as a flake. Fig. 3.5(a) shows the
confusion matrix showing the classification results on the 10 images in the test dataset. It
can be seen that my trained model was able to achieve a high number of correct detections,
more notably for the Thin.

To assess the generalization of my method, I employed my trained algorithm using on
ten images taken from two other datasets: The Masubuchi dataset and the UA dataset. I
also compared my algorithm to the pre-trained algorithm published by Masubuchi et al. [3]

To make a fair comparison between my method and Masubuchi method, I fed these
unseen images from both datasets to my algorithm. Later we manually annotated the same
images and labeled them as ground truth. Then I calculated the confusion matrix for both
datasets based on the ground truths and detected results. The obtained confusion matrices
when tested on 10 images from each dataset are shown in Fig 3.5(b-c).

Fig. 3.6 and Fig. 3.7 show the detection results applying my proposed model to one
image from the Masubuchi and UA datasets, respectively. In these images, my detector was
able to identify 12 flakes correctly out of 16 annotated flakes within Masubuchi image, and

20 flakes correctly out of 32 annotated flakes for UA image.
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I would like to note that the distinct color variations observed across the three subsets
of 2D material images can be attributed to a combination of factors, primarily stemming
from differences in microscope settings and variations in the substrates used for mechanical
exfoliation. Microscope settings, including exposure time, white balance, and lighting
conditions, contribute significantly to the color representation in optical images. Variations in
these parameters across subsets can result in diverse color renditions. Additionally, the choice
of different substrates for mechanical exfoliation introduces substrate-induced effects on
material properties, reflections, and interactions, further influencing the observed colors. The
combination of disparate microscope settings and substrate-dependent effects underscores the
complexity of achieving consistent color representation across diverse datasets. Addressing
these multifaceted challenges requires the establishment of standardized imaging protocols,
calibration procedures, and collaborative efforts within the research community to enhance

the reliability and comparability of findings in the study of 2D materials.
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Figure 3.3: Results obtained from using the proposed algorithm on one image from our
dataset; Part (a) shows the raw image, part (b) shows the labels generated by the algorithm,
and parts (c) and (d) are zoomed-in regions showing the flake type and confidence score
reported by the algorithm. We manually identified 19 flakes in the image, and the algorithm
correctly classified 14 of them.
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Figure 3.4: Confusion matrix template for a generic multi-class classification problem,
showing how precision and recall are calculated for each class.
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Figure 3.5: Confusion matrix showing results obtained by applying the proposed algorithm
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Figure 3.6: Results obtained from using the proposed algorithm on one image from the
Masubuchi dataset; Part (a) shows the raw image, part (b) shows the labels generated
by the algorithm, and parts (c) and (d) are zoomed-in regions showing the flake type
and confidence score reported by the algorithm. We manually identified 16 flakes in the
image, and the algorithm correctly classified 12 of them (microscope images obtained from
https://doi.org/10.6084/m9.figshare.11881053 under the license CC BY 4.0)
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Figure 3.7: Results obtained from using the proposed algorithm on one image from the UA
dataset; Part (a) shows the raw image, part (b) shows the labels generated by the algorithm,
and parts (c) and (d) are zoomed-in regions showing the flake type and confidence score
reported by the algorithm. We manually identified 32 flakes in the image, and the algorithm
correctly classified 20 of them. (Microscope images obtained by Hugh Churchill and used
with permission.)
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Figure 3.8: Confusion matrices showing results when applying Masubuchi’s pre-trained
Mask R-CNN to our all three test datasets (MSU, Masubuchi, UA). The pre-trained model
was unable to identify most manually labeled flakes in the test images.

Discussion

Before training the DetectoRS model, I applied Masubuchi’s pre-trained Mask-RCNN
on our own dataset. I discovered this pre-trained model was not able to perform well on our
dataset. For many test images, including the image shown in Fig. 3.3(a), the pre-trained
model was unable to identify any flakes. For other images, the pre-trained RCNN was able
to identify only a small subset of the total number of flakes. Complete results of using the
Masubuchi method on all three dataset are presented as confusion matrices in Fig. 3.8.
I note that one cause of the poor performance of their algorithm is that I modified the
labeling procedure and criteria. Future work will explore a robust, standardized method for
data labeling so that algorithm performance can be compared more directly.

In addition, future work will could include to collect and label data associated with
additional 2D materials, expanding beyond hBN.

Object detection models, particularly those designed for identifying 2D materials with

varying thicknesses, rely heavily on accurate annotations during the training phase. While
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manual annotation serves as a crucial foundation for training deep learning models, it
is essential to acknowledge the potential errors introduced during this process. Manual
annotation, although a widely accepted practice, is inherently susceptible to human error.
The process involves individuals visually inspecting images and delineating the boundaries
of objects, in this case, 2D materials. Factors such as individual subjectivity, fatigue,
and inherent biases can contribute to inconsistencies in labeling. One critical limitation
in our dataset is the absence of quantum thickness verification for the manually labeled 2D
materials. This lack of verification poses a challenge in establishing the ground truth with
absolute certainty, leaving room for potential discrepancies between human-labeled data and

true quantum thickness values.

Integrated 2D Flake Detection

Single and few-layers of two-dimensional (2D) materials have important fundamental
properties allowing for their qualities in many potential applications, including many in
quantum information science and engineering. In order to explore these materials for research
and product development, single-layer and few-layer of 2D samples must be prepared through
a manual exfoliation of a large population of smaller crystallites from a bulk crystal. This
process result in crystallites with a different range of thicknesses which the entire population
must be manually searched using optical reflected light microscopy to identify those that have
a desired thickness (most often a single layer). This labor-intensive method of collecting
single- and multi-layered samples severely hinders the rapid discovery and investigation
of these material applications. The MonArk Quantum Foundry has been developing
two prototypes of a 2D quantum material pipeline (2D-QMaP) to provide automated
capabilities that unite and accelerate the three primary stages of sample preparation and
device fabrication for 2D quantum materials research: 1) Robotic exfoliation, flake hunting,

and stacking. 2) Device fabrication and packaging. 3) Characterization. As part of the
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MonArk foundry, I have implemented a new deep-learning pipeline to detect and classify the
crystallites of 2D materials based on coarse thickness classifications in reflected-light optical
micrographs with a high detection accuracy. Using images with various microscopic settings,
I have shown that my proposed pipeline is robust against changes in color or substrate
background and is capable of being generalized to different systemsl have integrated my
proposed pipeline to the prototype which has been under development at Montana State
University, for a real-time 2D flake detection. This work, resulted in a novel fully automated
optical microscope with ability to detect and classify 2D materials without the need of
tedious manual searching through images which has never been done effectively. My proposed
algorithm has enabled the 2D-QMaPs to automate the first tasks using a computer-controlled
microscope. To achieve this ultimate goal, I have taken the following tasks as part of the
procedure:

Set up consistent and sustainable labeling procedure Data labeling is the
backbone of the computer vision supervised learning based developments. So far and for
training, we have been using Roboflow, which is an online annotation platform with some
limitation such as number of images and access of people. Therefore, I set up a consistent
and sustainable labeling procedure such that an undergraduate student could effectively label
and retrain the ML model for further 2D materials besides hBN. To do this, I worked with
two free open-source annotation platforms; Make Sense and VGG Image Annotator (VIA).
Make Sense (Fig. 3.9 ) is an open source web-based tool under GPLv3 license. Despite many
annotation tools, Make Sense requires no advanced installation or operating systems, all you
need to do is to open it through your browser. It supports multiple labels types such as
rectangles, lines, points and polygons where is useful for accurate segmentation labeling. It
also supports different output file formats besides COCO JSON such as YOLO, VOC XML
and CSV that could be used for various object detection models. VGG Image Annotator

(Fig. 3.10), is the second annotator tool which is simple and standalone manual software
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that can be used to annotate various types of data such as image, audio and video. it runs in
a web browser without needs for any prior installation or setup. The complete VIA software

can be launched as an offline application which fits in a single self-contained HTML page of

size less than 400 kilobytes.

MakeSense ¢ Adions % Community Project Name: my-project-name

.e.
v

draw your first
bounding box

220308 hBN 100 nm Si02 Sample 2 image 17jpg

Figure 3.9: Makesense.ai is a free-to-use online tool for labeling photos

Migrate code from Google Colab to local PC The proposed model was trained
and developed on Google Colab. Google Colab has three different plans as Colab, Colab Pro
and Colab Pro+ which provide users with various access to GPUs and memory. The free
colab plan, is the basic plan with the minimal access to the GPU and memory. The other
two plans; Pro and Pro-+, provide the user with faster GPUs and more memory. Despite of
being one of the most popular platform for developing machine learning models in Python,
Google Colab has a number of drawbacks. Pro and Pro+ limits GPU to NVIDIA P100 or
T4, and RAM to 32 GB and 52GB respectively. Besides the limitation in GPU and RAM,

their sessions are limited to 24 hours and Colab Pro does not support background execution.
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Figure 3.10: VGG Image Annotator is a simple and standalone manual annotation software
for image, audio and video

They are also limited in runtimes which means every time you need to rerun and execute
the training. Above all, none of the plans guarantee resources, so your instance may not
be available at any time. These major drawbacks are not what is needed for an automated
real-time procedure. To this end, I migrated the algorithm from Google Colab to a local
PC with GPU sources and set up the necessary libraries. This independents the proposed
real-time object detection model from external sources, and make it ideal for a local use.

Integrate proposed object detection algorithm to the microscope

As an achievement of my work, I have integrated my proposed 2D material detection
method to the 2D quantum material pipeline (2D-QMaP) that has been under developement
by MonArk Quantum Foundry to provide automated capabilities that unite and accelerate

the primary stages of sample preparation and device fabrication for 2D quantum materials
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research. My suggested algorithm has empowered 2D-QMaPs to achieve a completely
automated and real-time detection of 2D flakes, a task that was previously not effectively
accomplished. To this end, I used ScopeFoundry which is an open-source local Python
library. It is a platform for controlling custom laboratory experiments and visualizing
scientific data. I integrated the developed object detection algorithm to this platform. As
a result, acquired images can be processed with the proposed detection algorithm through
an end-to-end automatic procedure. ScopeFoundry is a an open-source alternative to pro-
prietary instrument control softwares like LabVIEW or MATLAB. What sets ScopeFoundry
apart is its modular, cross-platform Python graphical interface, which facilitates rapid data
acquisition and visualization, which empowers users to construct graphical interfaces for
their lab equipment interactively using Qt Creator. This user-friendly approach not only
streamlines the development process but also offers live updates of measurement code,
expediting debugging and fine-tuning. Its also provides Hardware plug-ins for simple and
complex scientific equipment. Currently, ScopeFoundry is used in multi-modal scanning
microscopy measurements with electrons and optics with flexibility to be extended to many
other data acquisition tasks. Fig.3.11 shows the results of the integration of my proposed
2D material detection algorithm to the optical cataloger.

Make the data and algorithm publicly available To help the other researchers and
scientists explore improved methods for solving 2D material object detection, the algorithm
as well as the data is published publicly under the title of ” Automatic detection of multilayer
hexagonal boron nitride in optical images using deep learning-based computer vision” at
Scientific Reports with the DOI 10.1038/s41598-023-28664-3 and are available on GitHub at

http://github.com/BMW-1ab-MSU/hBN_Detection.


http://github.com/BMW-lab-MSU/hBN_Detection
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QUANTUM EMMISION PREDICTION

Note: This chapter draws substantially from my submitted journal article: F. Ramezani,
et al., “Predicting Quantum Emitter Fluctuations with Time-series Forecasting Models,”
Scientific Reports (submitted 2023).

Real world applications of quantum technologies require a novel manufacture which is
able to implementing quantum algorithms and information. Photonic quantum systems
provide implementation potentials for all major areas of modern quantum technology,
including quantum communication, quantum sensing, quantum computing and simulation
[68]. Integrated quantum photonic circuits are a desirable technology platform due to their
strong potential to reach the level of component integration and performance needed for
information processing [242]. To maximize the usefulness and value of integrated quantum
photonics, the wavelength, polarization and intensity of photons within the QE should be
stable. However, harmful fluctuations in the QE caused by local environment is unavoidable.
A solution to this problem would be developing the QE devices that are dynamically tunable
and apply a corrective feedback system. As part of the MonArk Quantum Foundary,
in parallel with development of the QE devices and acquiring dataset of time-dependent
QE fluctuations from the PL of nanobubbles of 1L-WS2 and 1L-WSe2 as a function of
temperature, I assessed the random nature of the quantum fluctuations, and presented
time series forecasting deep learning models to analyze and predict QE fluctuations for
the first time. My trained models can roughly follow the actual trend of the data and,
under certain data processing conditions, can predict peaks and dips of the fluctuations.
The results of this algorithm provides the physicians with necessary information to design
possible actions to tune the QE dynamically, as external stimuli affects emission spectra
[73, 243, 244]. This idea of predicting quantum fluctuations is very novel, as currently no

one is able to anticipate when they occur. The ability to anticipate these fluctuations will
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allow physicists to harness quantum fluctuation characteristics to develop novel scientific
advances in quantum computing that will greatly benefit quantum technologies.

Quantum phenomena such as superposition and entanglement offer many opportunities
to revolutionize secure communication [64], computation [65], simulation [66], and sensing
[245] technologies. Realization of these opportunities necessitates the development of
new arsenals of material, devices, and control routines to robustly generate quantum
states (qubits) and perform quantum operations (gates). In particular, the field of
quantum photonics focuses on using single photons of light as qubits to both transmit
quantum information and perform quantum processing operations. Single photons are
resilient to decoherence effects, making them ideal quantum information carriers. Thus
classical integrated photonic technologies offer an exciting foundation on which to build
and deploy wafer-scale quantum photonic systems [68]. Generation of single-photon states
is a fundamental requirement for quantum photonics, where the ideal solution has a small
footprint to facilitate incorporation in integrated photonic circuitry. Additionally, single-
photon states will enable the production of photons at GHz rates, electrical triggers for on-
demand photon generation, and indistinguishable photons with identical polarization sates
and wavelengths [246].

Generation of single photons of light with solid-state materials is an attractive solution
for quantum light sources for integrated photonics [67]. Unlike solutions that rely on
nonliner optical processes, solid state quantum emitters (QEs) can be triggered on-demand
and have the potential for miniaturization for incorporation into integrated photonics. In
2015, solid-state QEs were discovered in the two-dimensional (2D) semiconductor single-
layer WSey (1L-WSes) [247-251]. While this new class of quantum light sources has many
exciting properties, the wavelength (and presumably the polarization) of the photons emitted
significantly fluctuates on the timescales of seconds (i.e. spectrally diffuses/drifts/wanders),

significantly diminishing their performance in terms of photon indistinguishability [252].
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From a materials/devices perspective, increased stability may be achievable by increasing the
strain in the system [244], tuning the charge density in the material [253], and/or modifying
the surrounding dielectric environment [254, 255]. Additionally, because the QEs in 2D
materials are responsive to external stimuli [256], the emitters have the potential to be
actively monitored and stabilized with a feedback loop during operation.

Here, I present an initial exploration of the ability for an neural network-based machine
learning algorithm to predict the fluctuation of QEs in 2D materials based on the immediate
history of its emission. Such a predictive algorithm could be used to improve photon
indistinguishability of an advanced QE device where the emission wavelength is monitored
and external stimuli is applied to prevent predicted fluctuations. My results show that
a neural network that is rudimentary trained on the intensity fluctuations of discrete
wavelength bins may be able to forecast future fluctuations. The work sets the stage for
more sophisticated training strategies that take into account both emitter intensity and

peak emission wavelengths.

Fluctuations of QEs in 1L-WS,

Fig. 4.1 shows representative deleterious fluctuations of QEs from randomly occuring
nanobubbles [257] in single-layer WS, that is deposited on a gold surface with gold-assited
exfoliation techniques [258, 259]. The QEs are identified has narrowband emission lines
that are superimposed on a weaker background of broader, excitonic states. Inspection
of the time evolution reveals that the center wavelength and the intensity of individual
states changes on the timescale of seconds. These fluctuations are likely caused by the local
environment surrounding the emitter, including nearby metallic and dielectric structures.
The quantum emissions occur in four wavelength bands, approximately centered at 606 nm,
613 nm, 621 nm, and 629 nm. Large-area encapsulation of the devices with thin layers of

hBN provides potential means of mitigating these fluctuations. However, they are not an
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absolute solution to eliminate them completely. To address further stability, QEs that are
dynamically tunable can be used alongside a feedback system that intermittently samples
QLED emission and applies corrective stimuli. Machine learning time-series forecasting
models have the potential to predict QE fluctuations and provide physicists with essential

information to apply corrective stimuli to stabilize their emission wavelength and intensity

in real time.
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Figure 4.1: Fluctuations in intensity and energy for a nanobubble QE in single-layer WS, on
an Au surface. The figure on the left is shows the number of photons emitted by the device
as a function of time and photon wavelength. The figure on the right shows the same data,
but also indicates four different wavelength bands where quantum emissions occur.

Methodology

Data Acquisition

To measure the luminescence of a single bubble, we use a standard confocal fluorescence
microscope in conjunction with a closed-cycle liquid helium cryostat with optical access
(Montana Instruments). The sample is cooled to <4 K to slow the ionization of the localized
states due to heat. A focused laser beam (wavelength = 532 nm, continuous wave, FWHM

<1 pm) is then directed onto an area that contains narrowband emitters with energies
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less than the exciton state of WS,. The power of the laser is adjusted to be below the
saturation threshold of the emitters. The photoluminescence from the sample is collected and
spectrally isolated from the reflected laser light with a series of thin-film interference filters.
The fluorescence is then spectrally dispersed with a Czerny-Turner optical spectrometer
(Princeton Instruments) and measured with a cooled scientific CCD camera (Princeton
Instruments). The continuous series of spectra are acquired from the region of the sample

for 180 s with 2 s integrations per spectrum.

Preprocessing

In order to learn historical values and patterns to forecast the future, there needs to
be a window of time that is fed to the algorithm, so it can make predictions based on the
previous values. For this, I transformed the data into input and output pairs where the
observations at 5 previous time steps (a window size of 10 seconds) are used as inputs to
make predictions for one step into the future (2 seconds). To later train and evaluate the
forecast models, I divided this dataset into three subsets: a training set, a validation set and
a test set. The training set consists of 80% of the time sequence, the validation and the test
sets each consist of 10% of the time sequence of the data.

The performance of machine learning models depends on the quality of the data. There
are various preprocessing techniques which convert the data into useful information to the
models. Among various techniques, data normalization is an approach which entails scaling
or transforming the data to ensure that each feature contributes equally and avoid bias
towards a specific range of values in the feature data. As part of the proprocessing of my
algorithm, I first checked the dataset for negative photons counts and zeroed them out as
they are produced due to noise and/or calibration error. Then I normalized the data based
on the statistical mean and standard deviation of the training set. Each value of the data

(including those in the validation and test sets) is converted as follows, where X, is the
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normalized value, M is the statistical mean of the training set and o is the standard deviation

of the training set:

Experiment and Model

To forecast the photon intensities, I designed two different scenarios:

1. Prediction considering all measured wavelengths

2. Prediction considering 4 different bands including the most correlated wavelengths

For the prediction models, I developed a multivariate LSTM model and a shifted forecast
that considers the current measurement as a prediction for the next step. As there are more
than one variable in the dataset, a multivariate time-series forecast can be used. This will
consist of multiple variables, each of which is dependent on other variables to some extent, in
addition to its own historical values. For the first scenario, I developed a model with inputs
of 5 time steps (10 seconds) over all the wavelengths regardless of their correlations, and
then I did predictions for the values one-single step into the future. For the second scenario,
I divided the wavelengths into the 4 bands that include the most correlated wavelengths.
(See Fig.4.1.) Then I trained the model on each band individually considering the same time
steps as the first experiment and predicted one-step in the feature.

In my research I used various open libraries in Python, such as Tensorflow, Matplotlib,
Pandas, Numpy for preprocessing, training and visualisation purposes. My LSTM model
consists of one LSTM layer followed by two fully connected layers to predict the feature
values. I employed a sequence length of 10 seconds as inputs, and predicted 2 seconds in the
future. The LSTM models were trained using Adam optimizer with a learning rate of 0.0001

and a mean squared error as the loss function. Furthermore, during the training, I employed
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callbacks to prevent the overfitting of the network and saving the best performance results

based on the error obtained on the validation set.

Evaluation
To evaluate the models, I used root mean square error (RMSE) as the cost function
which is commonly used in forecasting problems [260-262]. Considering n as the number of

samples, y; the actual value and y; predicted value, RMSE is defined as:

RMSE = \/ %zg;l (y - y>2

For each of the experiments and models, I report the RMSE. I also present plots of the actual

intensity values and prediccted values, as well as the differences between these two.

Results

Correlation

To divide the data to bands with the highest correlations, I measured the correlation
matrix and picked the wavelengths with the highest correlation coefficient using Pearson’s
algorithm. This resulted in 4 bands with different numbers of wavelengths, as described
in Table 4.1. The correlation coefficent matrices are shown in Fig. 4.2, Fig. 4.3, Fig.
4.4, Fig. 4.5 on the left. Before starting to train the time-series forecasting models, I
assessed the randomness of the data to ensure the problem is predictable. I measured the
autocorrelation for the dataset for 30 lags (60 seconds) and plotted the center of each band
for illustration purpose in Fig. 4.2, Fig. 4.3, Fig. 4.4, Fig. 4.5 in the right. The blue shaded
area is the confidence interval and represents the significance threshold. This indicates that
autocorrelations inside the blue area are statistically insignificant, and anything outside of

it is statistically significant. It is visible that, for each of the wavelengths, there are several
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autocorrelations that are significantly bigger than zero, therefore the time series dataset is

not completely random.
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Figure 4.2: Correlation matrix and autocorrelation plot for band 1 and its center for 30 lags.
Image on the left represents the correlation matrix for wavelengths withing band 1 and the
image on the right represents the autocorrelation lambda = 606.49 nm.

Prediction

After checking the non-randomness nature of the data and developing the prediction
models, 1 applied the trained models to the test sets and measured the RMSE. The
measurement results are reported in Table 4.1. For each of the bands, the RMSE is
calculated twice for LSTM prediction; once considering the model trained on full image
(all the wavelengths) and another time considering the model trained only on the subset of
wavelengths within the band. For almost all the experiments, the LSTM model does a better
job than the shifted forecast; significantly for band 1 and band 2. The RMSE values measured
for LSTM forecast show that higher correlations help the models to learn the historical data

better, and therefore they lead to improvements in prediction results. To provide a more
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Figure 4.3: Correlation matrix and autocorrelation plot for band 2 and its center for 30 lags.
Image on the left represents the correlation matrix for wavelengths withing band 1 and the
image on the right represents the autocorrelation lambda=613.77 nm.

comprehensive evaluation of the performance of the predictive models, I measured the root
mean square percentage error (RMSPE). While RMSE measures the average magnitude
of the errors between predicted and actual values, RMSPE takes into account the relative
percentage errors. These measurements are shown in Table 3.1. These measurements indicate
consistent results when compared against the raw RMSE values reported for all the bands.
However, when considering the full image, the RMSPE values differ. This disparity arises
because the measurements for RMSPE take into account only non-zero pixels in the photos.
The full image contains many zero values, whereas the bands contain mostly non-zero values.
The RMSPE values show that the prediction error when using the LSTM method ranges
from 6.5% to 24.66% for Bands 1-3. For Band 4, the simple shift forecast reports a smaller
error.

In Fig. 4.6, Fig. 4.7, Fig. 4.8, Fig. 4.9, Fig. 4.10, I have displayed the prediction

images using both LSTM forecast and the shifted forecast. For comparison of both models,
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Figure 4.4: Correlation matrix and autocorrelation plot for band 3 and its center for 30 lags.
Image on the left represents the correlation matrix for wavelengths withing band 1 and the
image on the right represents the autocorrelation lambda=620.38 nm.

I have shown the differences between the actual image and predicted image.

Fig. 4.11 shows the forecast results for two wavelengths belonging to band 3. For
wavelength 620.52 nm, the LSTM model was able to fairly predict and follow the actual
trend. For example it was able to predict several peaks and troughs, at the times 9-12s and
17-18s. For the wavelength of 619.17 nm, the LSTM model was able to detect the highest
peak even though the predicted value is far from the actual data in terms of intensity. In
both plots, there are many peaks and troughs that were not predicted by the LSTM model.
Also note that the shifted forecast, by definition, identifies all peaks and troughs, but at
a delayed time. The delay in QE prediction makes a simple shifted forecast infeasible to

incorporate into a feedback control system.
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Table 4.1: Root Mean Square Error using LSTM and Shifted Forecast

Wavelength | Number of Root Mean Square Error
Range (nm) Bins LSTM (Band) | LSTM (Full Image) | Shift
Full Image | 591.12 - 728.15 1023 79.12 79.12 79.40
Band 1 | 604.06 - 608.24 28 76.26 103.42 225.74
Band 2 | 611.07 - 616.34 40 313.60 336.80 387.19
Band 3 | 617.42 - 623.35 45 363.44 381.88 368.40
Band 4 | 624.16 - 636.57 93 305.54 326.70 296.05
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Table 4.2: Root Mean Square Error Percentage using LSTM and Shifted Forecast

Wavelength | Number of | Root Mean Squared Percentage Error (in %)

Range (nm) Bins LSTM (Band) | LSTM (Full Image) | Shift

Full Image | 591.12 - 728.15 1023 372.62 372.62 71.76
Band 1 | 604.06 - 608.24 28 6.51 9.16 19.14
Band 2 | 611.07 - 616.34 40 19.58 21.53 24.80
Band 3 | 617.42 - 623.35 45 24.66 28.44 28.43
Band 4 | 624.16 - 636.57 93 37.81 39.87 29.71
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Figure 4.6: Prediction results using LSTM and shifted forecasts for the full image where
all the wavelengths within the dataset are considered. Columns represent the actual image,
forecast method, and difference between the actual image and the forecast. The first row
represents the LSTM model and the second row represents the shifted forecast.
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Figure 4.7:  Prediction results using LSTM and shifted forecasts for band 1. Columns
represent the actual image, forecast method, and difference between the actual image and
the forecast. The first row represents the LSTM model and the second row represents the
shifted forecast.



80

Actual Data LSTM Forecast LSTM Difference
3000 3000 3000
616
2500 2500 2500
615
2000 2000 2000
£
£
- 614
o 1500 1500 1500
)
ko]
]
= 613
1000 1000 1000
612 500 500 500
611 0 0 0
265 270 275 280 285 290 265 270 275 280 285 265 270 275 280 285 290
Time (s) Time (s) Time (s)
Actual Data Shifted Forecast Shifted Difference
3000 3000 3000
616
2500 2500 2500
615
2000 2000 2000
E
£
Z 614
=4 1500 1500 1500
Q
ko]
3
= 613
1000 1000 1000
612 500 500 500
611 0 0 0
265 270 275 280 285 290 265 270 275 280 285 265 270 275 280 285 290
Time (s) Time (s) Time (s)

Figure 4.8: Prediction results using LSTM and shifted forecasts for band 2. Columns
represent the actual image, forecast method, and difference between the actual image and
the forecast. The first row represents the LSTM model and the second row represents the
shifted forecast.
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Figure 4.9: Prediction results using LSTM and shifted forecasts for band 3. Columns
represent the actual image, forecast method, and difference between the actual image and
the forecast. The first row represents the LSTM model and the second row represents the
shifted forecast.
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Figure 4.10: Prediction results using LSTM and shifted forecasts for band 4. Columns
represent the actual image, forecast method, and difference between the actual image and
the forecast. The first row represents the LSTM model and the second row represents the
shifted forecast.



2400 A

2200 4

Prediction for A = 620.52 nm

—— Actual Data
=== LSTM Forecast
Shifted Forecast

83

4000 -

3500 4

Prediction for A = 619.17 nm

—— Actual Data
=== LSTM Forecast
Shifted Forecast

3000 4

1
1
1
1

Number of Photons
N
o
o
o

= = = N
B [=)] o<} o
o o o o
o o o o
Number of Photons

N

w

o

o

1200 A 1500 A

1000 A

10001 N\ ~-

T T T T T
10 15 20 25 30
Time (steps of 2 seconds)

oA
O]

T T T T T T T
0 5 10 15 20 25 30
Time (steps of 2 seconds)

Figure 4.11: Single step prediction for wavelength 620.52 nm and 619.17 nm using LSTM
forecast and Shifted forecast. For 620.52 nm, LSTM and shifted forecast RMSE are 420.37
and 346.7. For 619.17 nm, LSTM and shifted forecast RMSE are 648.80 and 654.57
respectively.

Discussion

To the best of my of knowledge, the development of high-performance models that can
forecast the fluctuations of quantum emitters (and other nanoscale light sources) has not
been studied prior to this work. Being able to forecast these fluctuations would provide deep
insight into their origins and enable scientists and engineers to pursue predictive stabilization
of nanoscale solid-state light sources. In my work, I developed LSTM-based models towards
the prediction of QE fluctuations over time for emitters in 1L-WSs on gold. These emitters
show dramatic fluctuations and providing and extreme test of the ability for neural network
models to identify trends in the fluctuations. Despite the challenge of the task, my trained
model was able to predict the general trend of a quantum emitter better than a simple
shifted forecast, as measured by improved RMSE. To some extent, the model was able to
predict the peaks and troughs of the fluctuations, though this behavior was inconsistent.

I also showed that the fluctuations are of non-random nature, as measured by correlation
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and autocorrelation. Building on this initial step, future work can focus on increasing the
size and durations of the datasets on which the neural network is trained and explicitly
training the neural network on wavelength and intensity fluctuations (as opposed to just
the wavelength bands used here). These next steps will also lead to developing multi-step,

multivariate time-series forecasting which could predict multiple steps into the future.
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CONCLUSION

The fundamental properties of 2D materials have made them attractive for various
device applications, including quantum computing. Different Van der Waals materials,
such as hexagonal boron nitride (hBN), have been used to demonstrate alluring device
applications, including emitting diodes, lasers, and optical modulators. The wavelength,
polarization, and intensity of the photons from a quantum emission (QE) must be stable
in order to optimize the utility and value of integrated quantum photonics. However, a
significant issue for all solid-state single photon emitters is the random variation in emission
energy brought on by the inhomogeneity of the immediate environment. In addition,
small 2D flakes must be produced by an exfoliation technique and then discovered within
microscope pictures in order to utilize these materials for study and product development.
Manually carrying out these searches is a laborious and time-consuming process. This
thesis has addressed critical challenges in identifying the 2D materials in microscope images,
and assessed the random nature of the quantum fluctuations, and presented time-series
forecasting deep learning models to analyze and predict QE fluctuations for the first time.

To tackle the issue of 2D flake detection, I have successfully implemented a novel
deep learning pipeline to identify 2D materials in microscopic images. My analysis has
demonstrated that this proposed pipeline is robust against variations in color and substrate
background, and could be generalized to various microscope settings. One significant
achievement of my research is the integration of my proposed method into the 2D quantum
material pipeline (2D-QMaP), that has been under development by the MonArk Quantum
Foundry. By doing this integration, I have provided the 2D-QMaP with fully automatic real-
time 2D flake detection capabilities, a significant advancement in the field. The automated
identification of 2D flakes, which was previously a laborious and time-consuming task, now

enables researchers to streamline sample preparation and device fabrication processes for 2D
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quantum materials research.

In addition to my contributions in automated 2D material identification, this thesis
has ventured into the realm of quantum fluctuations analysis. I have explored the random
nature of quantum fluctuations and introduced time-series forecasting deep learning models
to analyze and predict QE fluctuations. My trained models can roughly track the actual trend
of the data and, under certain data processing conditions, can forecast peaks and dips of the
fluctuations. To the best of my knowledge, the development of high-performance models that
can forecast the fluctuations of quantum emitters has not been studied prior to my work. The
ability to predict these fluctuations can offer profound insights into their underlying causes,
empowering scientists and engineers to work towards anticipatory measures for stabilizing
nanoscale solid-state light sources.

In summary, my research has advanced the field of 2D quantum materials and paved
the way for more efficient and accurate research and development processes. Through
the automation of 2D material identification and the exploration of quantum fluctuations
analysis, I have provided significant resources and perspectives that offer potentials for the
creation of dependable quantum emission devices and the progress of quantum computing.
This ultimately expands the horizons of what can be achieved in the realm of quantum

technologies.
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