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Abstract

Since the first observation of dislocations in the mid 1950s, when electron microscopy was used
to visualize these defects, there have been significant advancements in microscopy techniques,
allowing for the acquisition of high-quality, high-resolution dislocation image data. Today, it
is even possible to perform in-situ mechanical testing, enabling the observation of dislocation
microstructure evolution during the plastic deformation of materials. The dislocation image
data generated in such experiments need to be studied quantitatively to facilitate meaningful
calculations and to understand the underlying mechanisms. Deep learning methods, particularly
image segmentation based on convolutional neural networks like U-Net, offer a powerful tool
for segmenting dislocation lines which can provide us a way to represent the dislocations as
splines to perform quantitative studies. However, these methods require substantial amounts
of labeled training data, requiring us to perform many more experiments and labor-intensive
manual labeling of dislocation lines. Lack of high quality, large quantity training data presents a
significant challenge to applying state-of-the-art deep learning models to dislocation image data.
This work addresses that challenge.

In this work, we introduce a novel parametric-based synthetic data generation model, which
enables the creation of synthetic training datasets for deep learning-based training of Transmission
Electron Microscopy (TEM) images of dislocation microstructures. The synthetic data generation
model proposed in this work is designed to generate training data in a way that not only replicates
the background of TEM images but also renders complex dislocation microstructures—an
essential aspect of materials science research.

Two distinct methods are used for generating synthetic image backgrounds. The first method
leverages Perlin noise, combined with random white noise, to create a purely synthetic background,
offering a controlled environment for dislocation rendering. The second method, which is much
more realistic, uses patches of backgrounds from real TEM images, reassembling them to form
realistic-looking backgrounds. This approach mirrors the complexity and variability present in
real TEM images, providing a more accurate context for the synthetic dislocation structures.

The core innovation of this work lies in the modeling of dislocation microstructures for
synthetic training data. We start with dislocation line and model it as a spline by providing
support points for the spline. By representing dislocations as splines, the model achieves high
fidelity in simulating dislocation patterns, such as dislocation pileups. These support points can
be obtained through two methods: polynomial approximation of dislocation lines or manual
selection of key points using image annotation tools like Labelme[1] on dislocations in real TEM
images. This flexibility allows for the creation of diverse range of dislocation microstructures
consisting of a wide range of configurations, such as dislocation pileups, with varying slip widths,
directions, and dislocation counts. Additionally, two more structures—slip trace lines and grain
boundaries—are incorporated into the microstructure which are modelled as a line, further aiding
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machine learning models in learning the characteristics of dislocations and improving predictive
accuracy. The ability to generate complex dislocation structures, some of which are challenging
or even impossible to observe in actual TEM images, is particularly significant.

After generating the synthetic training data, the next step involves training machine learning
models. In this work, we explore three different machine learning approaches. The first two
approaches, multi-label segmentation and instance segmentation, predict individual dislocations
as binary masks, which need to be post-processed to represent dislocations as splines and obtain
digital representation of the image. Third approach is a more direct approach which estimates
the spline support points on the dislocations to represent the dislocation splines directly. We
conduct extensive studies to demonstrate the use of the synthetic data and show how it can be
used as an alternate to real experimental data or along with real data.

This research represents an important step toward developing generalized machine learning
models for dislocation analysis by leveraging synthetic data. The development of a novel
parametric-based synthetic data generation model addresses the need of obtaining high-quality
training data for machine learning models, particularly for TEM image analysis. The synthetic
data generation model enables the creation of synthetic images that closely resemble real TEM
images while capturing complex dislocation structures. By generating diverse and realistic
training datasets, this research opens up new possibilities for applying advanced deep learning
methods, such as U-Net and Mask R-CNN, to the segmentation and analysis of dislocations
enabling high throughout studies. Furthermore, the study demonstrates the effectiveness of
using machine learning models trained on synthetic data to perform quantitative analysis on
real experimental data, reinforcing the practical applicability of these methods in material
science research and offers valuable insights into the mechanisms of plastic deformation, further
contributing to our understanding of material behavior.

iv



Zusammenfassung

Seit der ersten Beobachtung von Versetzungen Mitte der 1950er Jahre, als die Elektronen-
mikroskopie zur Sichtbarmachung dieser Defekte eingesetzt wurde, gab es erhebliche Fortschritte
bei den Mikroskopietechniken, die die Erfassung hochwertiger, hochauflösender Versetzungsbild-
daten ermöglichten. Heute ist es sogar möglich, mechanische Prüfungen vor Ort durchzuführen,
um die Entwicklung der Mikrostruktur von Versetzungen während der plastischen Verformung
von Werkstoffen zu beobachten. Die bei solchen Versuchen erzeugten Versetzungsbilddaten
müssen quantitativ untersucht werden, um sinnvolle Berechnungen zu ermöglichen und die
zugrunde liegenden Mechanismen zu verstehen. Deep-Learning-Methoden, insbesondere die
Bildsegmentierung auf der Grundlage von neuronalen Faltungsnetzen, sind ein leistungsstarkes
Werkzeug zur Identifizierung von Versetzungslinien. Diese können dann verwendet werden, um
Versetzungen als Splines zu rekonstruieren, was quantitative Studien ermöglicht. Für diese Meth-
oden sind jedoch große Mengen an beschrifteten Trainingsdaten erforderlich, so dass eine große
Anzahl von Experimenten und eine arbeitsintensive manuelle Beschriftung der Versetzungslinien
durchgeführt werden müssen. Der Mangel an qualitativ hochwertigen Trainingsdaten in großen
Mengen stellt eine große Herausforderung für die Anwendung moderner Deep-Learning-Modelle
auf Versetzungsbilddaten dar. Diese Arbeit befasst sich mit dieser Herausforderung. In dieser
Arbeit stellen wir ein neuartiges parametrisches Modell zur Erzeugung synthetischer Daten
vor, das die Erstellung synthetischer Datensätze für die Deep-Learning-basierte Analyse von
TEM-Bildern von Versetzungsmikrostrukturen ermöglicht. Das in dieser Arbeit vorgeschlagene
Modell zur Erzeugung synthetischer Daten wurde entwickelt, um Trainingsdaten so zu erzeugen,
dass nicht nur der Hintergrund von TEM-Bildern nachgebildet wird, sondern auch komplexe
Versetzungsmikrostrukturen wiedergegeben werden - ein wesentlicher Aspekt für die Analyse
komplexer Mikroskopiebilder in der Materialwissenschaft.

Für die Erzeugung synthetischer Bildhintergründe werden zwei verschiedene Methoden
verwendet. Die erste Methode nutzt das so genannte Perlin-Rauschen in Kombination mit weißem
Rauschen, um einen rein synthetischen Hintergrund zu erzeugen, der eine kontrollierte Umgebung
für die Wiedergabe von Versetzungen bietet. Die zweite Methode, die wesentlich realistischer
ist, verwendet segmentierte Bereiche von echten TEM-Hintergrundbildern und setzt sie zu
realistisch wirkenden Hintergründen zusammen. Dieser Ansatz spiegelt die Komplexität und
Variabilität echter TEM-Bilder wider und bietet einen genaueren Kontext für die synthetischen
Versetzungsstrukturen.

Eine weitere Innovation dieser Arbeit liegt in der Modellierung von Versetzungsmikrostrukturen
für synthetische Trainingsdaten. Wir beginnen mit einer Versetzungslinie und modellieren
sie als kubischen Spline, indem wir Stützpunkte für den Spline bereitstellen. Durch die
Darstellung von Versetzungen als glatte, mathematische Kurve erreicht das Modell eine hohe
Wiedergabetreue bei der Simulation realistisch aussehender Versetzungsmuster, wie z. B.
Versetzungsanhäufungen. Diese Stützpunkte können durch zwei Methoden ermittelt werden:
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polynomiale Annäherung von Versetzungslinien und manuelle Auswahl von Schlüsselpunkten mit
Hilfe von Bildbeschriftungstools wie Labelme[1] auf Versetzungen in echten TEM-Bildern. Diese
Flexibilität ermöglicht die Erstellung einer Vielzahl von Versetzungsmikrostrukturen, die aus einer
breiten Palette von Konfigurationen mit unterschiedlichen Positionen, Längen, Ausrichtungen und
„Krümmungen“ bestehen. Darüber hinaus werden zwei weitere Strukturen - Schlupfspuren und
Korngrenzen - in die Mikrostruktur integriert, die als Linie modelliert werden, was maschinelle
Lernmodelle beim Erlernen der Eigenschaften von TEM-Bildern weiter unterstützt und die
Vorhersagegenauigkeit verbessert. Die Fähigkeit, komplexe Versetzungsstrukturen zu erzeugen,
von denen einige in tatsächlichen TEM-Bildern nur schwer oder gar nicht zu beobachten sind, ist
besonders wichtig.

Nach der Generierung der synthetischen Trainingsdaten geht es im nächsten Schritt darum,
Modelle für maschinelles Lernen zu trainieren. In dieser Arbeit untersuchen wir drei verschiedene
Ansätze des maschinellen Lernens. Die ersten beiden Ansätze, Multi-Label-Segmentierung und
Instanzsegmentierung, sagen einzelne Versetzungen als binäre Masken voraus, die nachbearbeitet
werden müssen, um die Versetzungen als Splines darzustellen. Der dritte Ansatz ist ein direkterer
Ansatz, der die Spline-Stützpunkte auf den Versetzungen schätzt, um die Versetzungssplines direkt
darzustellen. Wir führen umfangreiche Studien durch, um die Verwendung der synthetischen
Daten zu demonstrieren und zu zeigen, wie sie als Alternative zu echten experimentellen Daten
oder zusammen mit echten Daten verwendet werden können.

Diese Forschungsarbeit stellt einen wichtigen Schritt zur Entwicklung verallgemeinerter
maschineller Lernmodelle für die Versetzungsanalyse dar, indem synthetische Daten genutzt
werden. Die Entwicklung eines neuartigen, parametrisch basierten Modells zur Erzeugung
synthetischer Daten geht auf die Notwendigkeit ein, qualitativ hochwertige Trainingsdaten für
maschinelle Lernmodelle zu erhalten, insbesondere für die TEM-Bildanalyse. Dieses Modell
ermöglicht die Erstellung synthetischer Bilder, die realen TEM-Bildern sehr ähnlich sind und
gleichzeitig komplexe Versetzungsstrukturen erfassen. Durch die Erzeugung vielfältiger und
realistischer Trainingsdatensätze eröffnet diese Forschung neue Möglichkeiten für die Anwendung
fortschrittlicher Deep-Learning-Methoden, wie U-Net und Mask R-CNN, auf die Segmentierung
und Analyse von Versetzungen. Darüber hinaus demonstriert die Studie die Effektivität der
Verwendung von Modellen des maschinellen Lernens, die auf synthetischen Daten trainiert
wurden, um quantitative Analysen an realen experimentellen Daten durchzuführen. Dies
unterstreicht die praktische Anwendbarkeit dieser Methoden in der materialwissenschaftlichen
Forschung und bietet wertvolle Einblicke in die Mechanismen der plastischen Verformung, was
zu unserem Verständnis des Materialverhaltens beiträgt.
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Chapter 1 Introduction

1.1 Background: Dislocations

This section presents a historical overview leading to the experimental discovery of dislocations
and their significance in material science. It begins with the discovery of X-ray diffraction and
Bragg’s Law, foundational developments that enabled the detailed study of atomic structures.
The mechanisms of plastic deformation in metals are discussed where we focus on material
responses to applied stress and the factors governing deformation behavior. A comparison of
theoretical versus experimental estimate of elastic limit of perfect crystals follows, addressing
key discrepancies between the two and exploring theories based on imperfections in the crystals
proposed to explain these differences. Finally, the concept of dislocations is provided as a
fundamental aspect of material plasticity, essential for understanding the underlying mechanisms
of plastic deformation in metals.

1.1.1 The Discovery of X-ray Diffraction and Bragg’s Law

The early 20th century was a period of remarkable progress in the field of material science.
Researchers were beginning to uncover the intricate details of crystal structures and their
properties, thanks to advancements in X-ray diffraction and other experimental techniques.
These breakthroughs allowed scientists to visualize and model the atomic arrangements within
crystalline materials with unprecedented accuracy. Max von Laue discovered X-ray diffraction
in crystals in April 1912 at the Institute of Theoretical Physics at the University of Munich [2].
Experiments conducted by Max von Laue provided compelling evidence for the wave nature
of X-rays and simultaneously provided images of the atomic structure of crystals [3]. This
breakthrough occurred when Laue demonstrated that X-rays, when directed at a crystal, produced
a distinct pattern of diffraction spots on a photographic plate. These spots resulted from the
interaction between the X-rays and the crystal’s orderly arrangement of atoms. Within a year
of Laue’s groundbreaking discovery, William Lawrence Bragg, along with his father William
Henry Bragg, made use of this phenomenon to estimate the atomic-level arrangement within the
crystal lattice from the experimental diffraction data [3, 4]. William Lawrence Bragg developed
a theoretical framework to interpret the diffraction patterns produced by crystals, which became

1



1 Introduction

known as Bragg’s Law. Bragg’s Law provides a simple yet powerful equation to describe the
relationship between the wavelength of the X-rays, the angle at which they are diffracted, and the
distance between the atomic planes in the crystal.

Figure 1.1: Schematic representation of Bragg’s law applied to X-ray diffraction, illustrating
the constructive interference of X-rays scattered by atomic planes in a crystalline
lattice. A beam of X-rays is incident on the crystal lattice with an inter-planar spacing
𝑑 at an angle of incidence 𝜃. Constructive interference occurs when the condition
2𝑑 sin 𝜃 = 𝑛𝜆 is satisfied, where 𝑛 is an integer representing the order of diffraction
and 𝜆 is the wavelength of the X-rays.

Crystals can be thought of as consisting of parallel planes of atoms, separated by a distance
𝑑, as illustrated in Figure 1.1. When a beam of X-rays strikes the crystal, each atom within the
crystal acts as a scattering center, reflecting the incident X-rays. Due to the periodic arrangement
of atoms in the crystal lattice, the scattered X-rays can interfere constructively or destructively
depending on the angle of incidence, 𝜃 and the wavelength, 𝜆 of the X-rays. The path difference
between X-rays reflected from adjacent planes must be an integer multiple of the wavelength to
produce constructive interference. The path difference is 2𝑑 sin(𝜃) which accounts for the extra
distance traveled by the reflected beam due to the geometric arrangement of the crystal planes.
The Bragg’s condition can be written as:

2𝑑 sin 𝜃 = 𝑛𝜆 (1.1)

where 𝑛 is an integer representing the order of the diffraction peak (first-order, second-order,
etc.). This relationship is fundamental for determining the crystal structure, as it allows material
scientists to calculate the inter-planar spacing and infer the arrangement of atoms within the
crystal by analyzing the angles and intensities of the diffracted beams.

2



1.1 Background: Dislocations

1.1.2 Plastic Deformation in Metals

With the advent of X-ray diffraction and the insights provided by Bragg’s Law, researchers gained
the unprecedented ability to visualize crystal structures and determine the atomic arrangements
that underpin the macroscopic mechanical properties of materials. One key area where this
structural information proved invaluable is in understanding the phenomena of plastic deformation
in metals.

Metals, like many other crystalline solids, are arranged in regular arrays of atoms, forming
distinctive crystal structures such as face-centered cubic (FCC), body-centered cubic (BCC),
and hexagonal close-packed (HCP) lattices. When a metal is subjected to an external stress that
exceeds its elastic limit, it undergoes plastic deformation. Unlike elastic deformation, which is
fully reversible, plastic deformation involves permanent changes in the material’s structure and
shape.

Prior to the insights gained from crystallography, the microscopic mechanisms behind plastic
deformation remained elusive. Early theories struggled to explain why metals, seemingly rigid
and tightly packed with atoms, could deform so readily without fracturing.

After years of dedicated work by brilliant scientists and researchers, the following became well-
established facts within the materials science research community regarding plastic deformation
in metals.

1. The plastic deformation of metals occurs while preserving their crystalline structure [5].
During deformation, the crystal lattice rearranges to accommodate strain without losing
the material’s overall crystalline nature, a fundamental aspect of metal plasticity.

2. Early microscopic examination methods, pioneered by researchers like Sorby and others
(1904), revealed the granular structure of metals [6, 7]. Etched and polished metal surfaces
display irregularly shaped grains. Crystal facets within a single grain reflect light uniformly,
while different grains reflect light variably, depending on the viewing angle.

3. Deformation processes such as cold working, rolling, and metal forming elongate grains in
the direction of applied strain. Annealing restores the grain structure, erasing deformation
marks, and the microstructure before and after annealing appears nearly identical.

4. Experimental evidence shows that metals strained beyond their yield point develop slip
bands within each grain, oriented approximately parallel to one another as shown in
Figure 1.2. This phenomenon is universal across metals and occurs under various loading
conditions, such as tension, shear, bending, and compression. Slip bands form once the
elastic limit is surpassed.

5. The appearance of slip bands is strain-dependent. Initially, a single system of bands forms
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1 Introduction

within a grain, but with increasing strain, multiple slip systems (up to four) may emerge,
oriented at different angles.

Figure 1.2: Formation of slip bands in iron. Plastic deformation in metals occurs through a
series of internal slips happening at intervals in each grain. Adapted from Ewing and
Rosenhain [8]

These observations from early experiments provided a novel perspective on the phenomenon
of plastic deformation in metals. These studies offered experimental evidence supporting the
occurrence of plastic deformation, often referred to as “plastic flow”, which arises from sliding of
crystal portions within each grain along well-defined gliding surfaces. Under significant plastic
deformation, the metal’s crystalline structure remains largely intact, with each grain maintaining
its inherent crystallographic alignment, despite macroscopic changes in the shape or orientation
of the grain. This implies that the crystalline structure of the metal is preserved even under severe
strain, as the deformation predominantly occurs via slip within individual grains.

In particular, it has been observed that heavily strained metals retain their crystalline structure,
with the fundamental periodicity and orientation of the crystal lattice preserved at the micro-scale.
The structure of these strained metals closely resembles that of the unstrained material, indicating
that plastic deformation via slip does not result in a loss of crystallinity. This observation
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1.1 Background: Dislocations

challenges the earlier notions of a complete breakdown of the crystal lattice under strain and
reinforces the concept that plastic deformation in metals occurs through localized rearrangements
of the crystal lattice rather than a wholesale destruction of the structure [9–11].

This finding raised a fundamental question in materials science: how can metals undergo
significant plastic deformation while preserving their crystal structure? This question has become
central to the study of dislocation dynamics, crystal defects, and the mechanisms governing
plasticity in crystalline materials.

Figure 1.3: Perfect crystal configuration based on Frenkel’s model of crystal structure where
(a) Initial position of the atoms in a crystal lattice before, (b) during the slip of the
crystal place and (c) after the slip of the lattice by one atomic distance. a is lattice
spacing and b is one atomic distance to slip the layer of items to occupy same energy
configuration.
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1.1.3 Theoretical vs. Experimental Critical Shear Stress

Formation of slip bands is one of the most important feature of crystalline structure of metals but
slip bands formation starts only at a critical value. Considering a perfect crystalline structure of
metals, Frenkel (1926) [12] attempted to calculate this critical value.

Let us consider a perfect crystal structure arranged in closed packed manner as shown in
Figure 1.3a. The structure is in equilibrium and no external stress is required to maintain this
arrangement of lattice planes. When the layer of atoms is slipped by one atomic distance denoted
as 𝑏, the lattice again occupies equilibrium position as shown in Figure 1.3c. We can assume
that the shear stress 𝜎𝑠 is a sinusoidal function of displacement, 𝑥 of the atomic planes with
periodicity of 2𝜋

𝑏
and is given by

𝜎𝑠 = 𝐾 sin(2𝜋𝑥
𝑏
) (1.2)

The constant 𝐾 can be determined using Hooke’s law for small displacements which gives
𝜎𝑠 ≈ 𝐾 2𝜋𝑥

𝑏
≈ 𝜇 𝑥

𝑎
where 𝑎 is lattice spacing. This gives us the value of constant 𝐾 as 𝜇𝑏

2𝜋𝑎 . The
shear stress can be rewritten as

𝜎𝑠 =
𝜇𝑏

2𝜋𝑎
sin(2𝜋𝑥

𝑏
) (1.3)

When the lattice is deformed by a shear stress of 𝜎𝑐𝑟𝑖𝑡𝑖𝑐𝑎𝑙𝑠 , the two atomic layers of the crystal
reach a critical state as shown in Figure 1.3b. The critical stress required to reach this state is
𝜎𝑐𝑟𝑖𝑡𝑖𝑐𝑎𝑙𝑠 =

𝜇𝑏

2𝜋𝑎 . An approximate value of critical stress is obtained as 𝜎𝑐𝑟𝑖𝑡𝑖𝑐𝑎𝑙𝑠 ≈ 𝜇

2𝜋 assuming
𝑎 ≈ 𝑏.

This simple model proposed by Frenkel approximates the theoretical critical shear stress
required for “plastic slip” as 𝜇

2𝜋 , which when compared against experimentally observed value
was found to be several orders of magnitude higher. The discrepancy arises because Frenkel’s
model assumes that plastic deformation occurs through the simultaneous displacement of two
atomic planes by a fixed amount, requiring a high shear stress to overcome the periodic potential
barriers between atoms. It motivated the material science community to look for answer to the
question of why is the plastic deformation initiates at such low stresses?
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1.1.4 Dislocations: The Key to Understanding Material Plasticity

The discrepancy between the theoretically calculated shear stress and the lower stress observed
in experiments led to significant advancements in understanding plastic deformation of materials.
This “anomaly” suggested that there must be mechanisms at play within the crystalline structure
that facilitate easier deformation than predicted by simple atomic displacement models. This
puzzle was the driving force behind the development of the concept of dislocations.

The theory of elastic fields due to defects in a continuum body, first introduced by Vito Volterra
in 1907 [13] profoundly impacted the understanding of material science, particularly in how
imperfections within a crystal lattice. Volterra’s work focused on the mathematical descriptions
of distortions in elastic bodies, including the concept of dislocations as line defects within crystals.
Volterra developed what are now known as “Volterra dislocations”, which he described through a
series of cut, slip, and weld operations on a material. In his model, a cut is made in the material,
the two sides of the cut are displaced relative to each other, and then the material is welded
back together, introducing a mismatch, or dislocation, within the lattice. This model was crucial
because it provided a geometric and mechanical framework to understand how materials could
deform under much lower stresses than those predicted by models assuming perfect lattices.

Although Volterra’s contributions initially focused more on the theoretical aspects of elasticity
and continuum mechanics, they laid the groundwork for later scientists to explore the specific
implications of dislocations in crystals. It was not until the 1930s that the existence of dislocations
was postulated independently by Taylor [14], Orowan [15], and Polanyi [16] in order to explain
the discrepancy between the theoretical and observed shear stress.

Geoffrey Ingram Taylor was a British physicist and engineer whose work primarily focused
on the mechanical properties of metals. Taylor was motivated by the discrepancy between
the theoretical and observed strengths of materials and sought to understand the underlying
mechanisms of plastic deformation. Taylor proposed that plastic deformation occurs due to the
movement of line defects, which he termed “dislocations” within the crystal lattice. He suggested
that these dislocations allowed layer of atoms to slip past each other incrementally in a locallised
manner, reducing the stress required for plastic deformation compared to the simultaneous
movement of entire planes of atoms as shown in Figure 1.4. It starts with a dislocation line
within the crystal, marked by a row where there is a discontinuity in the lattice alignment as
shown in Figure 1.4b. Under shear stress, the dislocation begins to shift. One part of the lattice
above the dislocation line moves relative to the other, creating a distortion in the lattice. As the
dislocation nearing the edge of the crystal lattice as shown in Figure 1.4e and is about to exit
the lattice on the right side, the dislocation will leave behind a slightly shifted crystal structure.
Each movement of the dislocation involves breaking and forming of only a few atomic bonds
and requires less energy compared to the movement of the entire plane of atoms simultaneously,
which is why dislocations can deform under lower stresses. Taylor introduced the concept of
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dislocation density, which refers to the number of dislocations within a given volume of the
crystal. He proposed that the density and distribution of dislocations significantly influence the
mechanical properties of materials, including their yield strength and work-hardening behavior.

Figure 1.4: Slip in a crystal by motion of dislocation starting the (a) where the dislocation (shown
in red) is nucleated at the left and starts to move incrementally breaking atomic bonds
and finally exit the crystal in (e).

Egon Orowan focused on the mechanics of dislocation movement within the crystal lattice. He
emphasized that the movement of dislocations could explain the low yield strength of crystals
observed experimentally. Orowan highlighted the energy aspects of the dislocation motion,
demonstrating that the energy required to move a dislocation through the lattice is significantly
lower than the energy needed to move an entire plane of atoms. This insight provided a theoretical
basis for understanding why plastic deformation occurs at lower stresses.

Michael Polanyi showed how dislocations weaken shear resistance and enable deformation
under low stresses. Dislocations typically occur along densely packed planes, moving through
simple atomic shifts that allow for plastic deformation. The study also highlighted that dislocations
are more likely to form at the crystal surface, where stress is concentrated due to atomic surface
roughness. Energy for dislocation formation may come from thermal fluctuations, even at very
low temperatures, contributing to the material’s persistent plasticity.

1.2 Experimental Evidence of Dislocations

Before the direct experimental verification of dislocations in 1947 and the subsequent visualization
of their movement through advanced electron microscopy techniques in the late 1950s, several

8



1.2 Experimental Evidence of Dislocations

lines of theoretical reasoning and indirect evidence strongly suggested the existence of dislocations
[17]. A solid theoretical background of dislocation theory was already developed as described
in details in Cottrell et al. [18]. There was a need to obtain direct experimental evidence of
dislocations and which is where TEM came into use. In this section, we discuss the role of TEM
and how the first dislocation was observed experimentally.

1.2.1 The Role of TEM in Overcoming Optical Limitation

Figure 1.5: The first prototype electron microscope, built by Ernst Ruska and Max Knoll in
1931 at the Technical University of Berlin. The instrument employed two magnetic
lenses in series to form an “electron-optical” imaging system, demonstrating the
foundational principle of electron microscopy. Although its resolution was initially
comparable to that of a light microscope, this device paved the way for later designs
that exceeded optical limits. Adapted from Williams et al. [19].

It is also important to understand why it was not possible to see the dislocations using
optical microscopy methods. Optical microscopy, which uses visible light to magnify objects,
was the primary tool for observing the grain microstructure of materials before the advent of
electron microscopy. However, optical microscopy has several inherent limitations that make
it ineligible for observing dislocations in crystals. The resolution of optical microscopy is
fundamentally limited by the wavelength of visible light, which ranges from approximately 400
to 700 nanometers. According to the Abbe diffraction limit [20] we can estimate the resolution,
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d for a given wavelength of light using d ≈ 𝜆
2.8 . The best possible resolution using visible light is

about 200 nanometers. Dislocation can be very long but their core radius is of a few angstroms.
Therefore, the size of dislocations are several orders of magnitude smaller than the resolution
limit of optical microscopes.

French physicist Louis de Broglie proposed (1924) the idea that electrons are not only material
particles but also have wave-like properties and the wavelength of an electron can be calculated
using

𝜆 =
ℎ

𝑚𝑣
(1.4)

where h is Planck constant, m is mass of electron and v is its speed. For an electron, which is
accelerated through 200kV voltage would have a wavelength of about 0.025 angstroms which
can allow us to probe the structure of the materials down to sub Angstrom level [19].

1.2.2 From Theory to Experiment: The First Direct Observation of
Dislocations with TEM

The first electron microscope was developed by Ruska and Knoll in 1932 [19]. With the
advancement in science and technology, they where able to resolve to the nano-scale range which
allowed experimentalists to get high resolution images of the microstructure using thin samples
of materials. The thin films of samples allowed transmission of electrons and reveal important
characteristics of microstructure. During those days, one of the main challenge was to prepare
very thin samples for the TEM experiment. Bob Thorne, a PhD student of Hirsch prepared a thin
sample of aluminum using etching which was a great success. He took pictures of the aluminum
sample under the TEM which consisted of short lines in linear arrays at the boundaries between
neighboring sub-grains.

At initial guess, it was postulated that the lines could either be Moire pattern fringes1 due
to overlapping crystals or dislocations based on the periodicity of the lines. It was difficult to
identify the structure as dislocation accurately. After many efforts, the TEM was configured with
double condenser which increased the brightness and then the lines started to move as shown in
Figure 1.6. From there, it became clear that the lines observed were indeed dislocations. Hirsh
said back then “So the lines started running around, and from there on everything became clear”,
which opened a whole new area of research and motivated researchers all over the world to use
TEM to look deeper into the material. Before the experimental verification of the dislocations,
they were postulated without experimental evidence. During the experiments, it was possible

1A moiré pattern is an interference pattern that emerges when two grids or patterns with similar but not identical
spacing are superimposed. This superposition creates a new pattern characterized by large-scale fringes or bands,
which can be visually striking. In microscopy, moiré fringes can occur when two crystalline structures overlap,
leading to periodic variations in intensity that may resemble linear arrays.
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to quickly verify some of the most important features of the dislocations. They were able to
observe slip traces left by dislocations along their paths. The slip trace width and direction
along with orientation of the crystal from diffraction allowed to calculate the thickness of the
sample. Bowing effects of the dislocations was observed where dislocations were pinned at the
surface and bowed out before they could move. These observations further helped researchers to
improve the understanding of dislocations and obtain experimental verification of the theory of
dislocations.

Figure 1.6: First direct experimental observation of dislocations by TEM, as reported by Hirsch,
Horne, and Whelan (1956). Shown is a TEM image of aluminium in which dislocation
lines—created during annealing and visible via diffraction contrast—are resolved
and their motion recorded under suitable imaging conditions. Adapted from Hirsch
et al. [21].

1.3 Advancements in TEM: A Deeper Understanding of
Dislocations

An electron microscope produces high-resolution images by directing a focused beam of electrons
on a specimen. An electron gun generates an electron stream, which is focused into a coherent
beam by condenser lenses and narrowed by a condenser aperture. The focused beam interacts
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with the sample, and transmitted electrons are captured by the objective lens to form an initial
image. The objective aperture enhances contrast by blocking high-angle diffracted electrons,
while the selected area aperture provides crystallographic information by analyzing periodic
diffraction. Intermediate and projector lenses further magnify the image, which is displayed on a
phosphor screen. Thicker, denser regions of the sample appear darker due to reduced electron
transmission, while thinner, less dense areas appear brighter.

When a specimen is placed under an electron microscope, it can interact with the material
of specimen in two ways: inelastic and elastic scattering. In inelastic scattering, the incident
electrons loose energy to the sample through various mechanisms, such as exciting electrons
within atoms, causing vibrations in the crystal lattice (phonons), or loosing other forms of energy.
This energy loss occurs because the incident electrons interact with the electric field of atoms
in the material, transferring part of their energy to the material’s electrons or lattice. Inelastic
scattering is often considered undesirable for high-resolution imaging because the electrons
that have lost energy do not contribute to the image’s formation in a manner that can be easily
related to the precise atomic structure or defects in the material. This is because the energy
loss is not directly tied to specific features of the crystal lattice but rather to broader material
properties. Elastic scattering, on the other hand, involves the deflection of incident electrons by
the electric fields of atoms in the sample without any loss of energy. The electrons are scattered
by the nuclei and electron clouds of the atoms, changing direction but retaining their kinetic
energy. The scattered electrons retain their original energy, maintaining the coherence and phase
relationships necessary for high-resolution imaging and diffraction analysis. Only elastically
scattered electrons are used to form images in TEM. These electrons can be diffracted by the
crystal lattice, where defects like dislocations have an influence on the contrast in the resulting
images.

1.3.1 Diffraction Contrast in TEM Images for Dislocation Visualization

The TEM contrast condition refers to the specific set of circumstances under which features
within a sample, such as atomic planes, defects, or dislocations, become visible or exhibit contrast
in a TEM image [22]. Contrast in TEM arises primarily due to the interaction of electrons with
the sample, leading to differences in electron intensity across the image. These differences can
be attributed to various factors, including mass-thickness contrast, diffraction contrast, and phase
contrast. Among these, diffraction contrast is most relevant to imaging dislocations which is
based on the diffraction of electrons by the crystal lattice and how this diffraction is affected by
defects that distort the lattice. Dislocations introduce local distortions in the crystal lattice, which
can alter the path of electrons traveling through the sample.

These distortions affect the conditions under which electrons are diffracted by the crystal
planes, leading to variations in image intensity that correspond to the presence and nature of
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dislocations. The visibility of dislocations in TEM images under diffraction contrast is governed
by several factors, including:

1. Bragg Condition: For electrons to be diffracted by a set of crystal planes, they must
satisfy the Bragg condition eq. (1.1). The presence of a dislocation can locally change the
orientation of these planes, affecting the diffraction condition. By tilting the specimen to
satisfy the Bragg condition for specific planes near the dislocation, the dislocation can be
made visible due to the contrast generated by the disturbed diffraction.

Figure 1.7: Illustration of the two-beam diffraction contrast condition in TEM: by tilting the
specimen so that one set of lattice planes satisfies the Bragg (or near-Bragg) condition,
specific dislocations become visible. Dislocations indicated by arrows are resolved
under this two-beam condition. Adapted from Jenkins and Kirk [23]

2. Visibility Condition: The visibility of dislocations is also related to the so-called ®𝑔.®𝑏
condition, where ®𝑔 is the diffraction vector (related to the set of planes being used for
imaging) and ®𝑏 is the Burgers vector of the dislocation which defines the displacement
produced by dislocations. The dot product of ®𝑔 and ®𝑏 determines whether a dislocation
will be visible. For a dislocation to be visible under diffraction contrast, the dot product
®𝑔.®𝑏 should NOT be zero. This condition implies that the diffraction vector must have a
component along the Burgers vector for the dislocation to produce contrast. This method
is often used to determine the Burgers vector by tilting the specimen while focusing on the
same dislocation and observing the diffraction pattern.

3. Two-Beam Condition: The two-beam condition is a simplified scenario where only one set
of lattice planes (aside from the direct beam) significantly contributes to the diffraction
pattern. This condition is often used for imaging dislocations because it simplifies the
interpretation of contrast. By carefully selecting the orientation of the crystal so that it
meets the two-beam condition with respect to the electron beam, specific dislocations
can be highlighted based on their orientation relative to the crystal lattice as shown in
Figure 1.7.
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1.3.2 Bright-Field and Dark-Field TEM Imaging

Once the electron beam interacts with the specimen, there are two different ways to obtain the
final image under the TEM, commonly known as bright field and dark field as shown in Figure 1.8
which shows the two views of the microstructure of the same region where precipitates are more
visible in dark field view. In bright-field TEM imaging, the image is formed by electrons that are
transmitted through the sample without being diffracted, or those that are only diffracted once
(kinematic scattering), and then collected by the objective lens. Under conditions close to, but not
exactly meeting, the Bragg condition, dislocations appear as dark lines on a bright background.
The observed dark line width in the TEM image corresponds to the region adjacent to one side of
the dislocation where the crystal lattice is slightly tilted or distorted, causing the Bragg condition
to be locally satisfied and leading to electron diffraction away from the bright-field detector. This
region’s width, typically several nanometers, reflects the extent of lattice distortion caused by the
dislocation.

Figure 1.8: Comparison of bright-field and dark-field TEM images of the same specimen region.
In the bright-field view, unscattered (or weakly scattered) electrons are used to form
the image, so features which scatter electrons strongly appear darker. In the dark-field
view, scattered electrons meeting a selected diffraction condition are used instead,
enhancing contrast from lattice defects, strain fields, or specific crystallographic
features that may be less visible in bright-field mode. Adapted from Park et al. [24].

Weak-beam dark-field imaging mode, as described by Hirsch et al. [25], is a specialized form
of dark-field microscopy designed to enhance resolution. It uses a large excitation error, meaning
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the Bragg condition is satisfied only very close to the dislocation core. This results in a very
thin, bright line (the dislocation) on a dark background. The “weak-beam” condition improves
resolution by minimizing contributions from regions away from the dislocation core, focusing
on the core’s immediate vicinity. However, the weak-beam technique is challenging to use
due to its low image contrast, which makes the screen almost entirely dark except for the thin
bright lines representing the dislocations. This requires highly stable microscope conditions and
longer exposure times to capture the necessary detail, making it less practical for routine use but
invaluable for high-resolution studies of dislocation structures.

In this work, the TEM image data of dislocations will be based on bright-field imaging
conditions. Bright-field imaging is selected because it effectively balances image contrast and
ease of use, making it well-suited for our study of dislocation structures. Unlike weak-beam
dark-field imaging, which, although it offers higher resolution, requires highly stable microscope
conditions and longer exposure times, bright-field imaging provides sufficient contrast to observe
dislocations as dark lines against a bright background without the need for complex adjustments.
This makes it more practical for routine analysis while still allowing for the detailed examination
of lattice distortions caused by dislocations. This is one of the main reason why bright field
imaging is used for quantitative TEM studies of dislocations.

1.4 Quantitative TEM Analysis of Dislocation
Microstructures

Quantitative in-situ TEM combines dynamic imaging of microstructural changes with simul-
taneous measurements of stress, strain, and dislocation parameters. By integrating advanced
imaging techniques with micro-electro-mechanical systems (MEMS)-based testing platforms,
this approach bridges the gap between nanoscale observations and macroscopic mechanical
behavior.

One of the key advantages of quantitative TEM is its ability to capture transient and localized
dislocation behaviors that are challenging to resolve through postmortem analyses. For instance,
Zhou et al. [26] observed the dynamic activation and deactivation of Frank-Read sources during
deformation of Cu-brass films, revealing mechanisms that govern dislocation motion under stress.
Similarly, Kim et al. [27] demonstrated that long-range internal stress fields from dislocation pile-
ups, rather than short-range interactions such as Lomer-Cottrell locks, dominate strain hardening
in Fe-Mn-Al-C steels. These insights highlight the value of in-situ TEM in understanding
dislocation-mediated phenomena. Quantitative TEM data can be integrated with computational
techniques to further enhance understanding of localized phenomena. Steinberger et al. [28]
manually tracked dislocation positions in TEM images to inform finite element simulations,
demonstrating stress distributions within nano-scale regions. This integration enables detailed
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analysis of dislocation behavior, such as pinning and de-pinning events, which are critical for
understanding material responses to deformation.

Quantitative TEM enables precise characterization of dislocation interactions with microstruc-
tural obstacles. Nogiwa et al. [29] quantified obstacle strength in thermally aged Fe–Cu alloys by
analyzing dislocation bow-out angles. Advances in MEMS-based TEM systems have further
enhanced this capability, as demonstrated by Samaee et al. [30], combined nano-scale stress-strain
measurements with direct observations of dislocation behavior. Such studies provide a deeper
understanding of dislocation-driven plasticity and its role in material deformation.

Dislocations play a critical role in strain hardening mechanisms. Kim et al. [27] highlighted
that long-range stress fields from dislocation pile-ups are key contributors to the superior
mechanical properties of Fe-Mn-Al-C steels. Similarly, Legros [31] emphasized the importance
of dislocation interactions with microstructural features, such as precipitates and grain boundaries,
in determining macroscopic strength. Quantitative TEM facilitates direct measurement of these
interactions, providing insights into activation stresses, energies, and strain rates.

High-entropy alloys (HEAs) such as the FeCoCrMnNi Cantor alloy are multi-principal-element
alloys containing at least five components. They have emerged as ideal candidates for developing
strong materials due to their exceptional strength, ductility, and fracture toughness. The high
configurational entropy in Cantor alloys stabilizes a single-phase face-centered cubic (FCC)
structure, despite significant lattice distortions. The alloy has atoms with different radii which
occupy random lattice positions in the crystal lattice and hence the crystal lattice is strongly
distorted. This makes estimation of the behavior of alloy very difficult since this distortion
created local elastic fields which may act as pinning points for dislocations. Lee et al. [32] used
quantitative TEM to estimate shear stress from dislocation curvature, revealing the role of local
dislocation geometry in governing material strength of Cantor alloy. Additionally, Utt et al.
[33] identified localized pinning and de-pinning events as the cause of jerky dislocation motion,
a phenomenon influenced by the high lattice friction stresses and complex local stress fields
inherent to Cantor alloys. Temperature-dependent deformation mechanisms in Cantor alloys have
also been investigated. Chen et al. [34] reported a transition from dislocation-mediated plasticity
at room temperature to twinning-dominated deformation at cryogenic temperatures, driven by
changes in stacking fault energy. These findings emphasize the versatility of quantitative TEM in
capturing the effects of external conditions on dislocation behavior.

1.5 Towards High-Throughput TEM Dislocation Analysis

High-throughput TEM dislocation analysis involves tracking dislocations across multiple frames
and automatically extracting their shapes to conduct spatio-temporal analyses. Only a few such
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studies have been performed since it requires a lot of effort and time to extract dislocations
from TEM images. Zhang et al. [35] focused on high-throughput in-situ TEM experiments to
analyze the dynamics of dislocations in the Cantor alloy by manually labeling and indexing
each dislocation as polygon in 330 frames. A novel data-mining approach, incorporating spatio-
temporal coarse-graining, was developed to quantify the evolution of dislocation structures and the
strength of local pinning points. The study revealed that pinning points vary in strength and spatial
locations, influenced by dislocation passage and interactions, with some points strengthened
while others weaken. This approach provides new insights into the friction mechanisms and
strengthening behavior in Cantor alloys, demonstrating the potential of dislocations as tools for
probing complex energy landscapes.

In the study by Song et al. [36], a groundbreaking approach was developed to enable quantitative
analysis of dislocation avalanches using in situ TEM experiments. This research used a high-
throughput, deep learning-based method to automate analysis of TEM data, reconstructing the
spatio-temporal evolution of dislocation microstructures with precision, making use of thousands
of frames from experiment video. The analysis revealed the jerky, stick–slip motion characteristic
of dislocations in Cantor alloy. By integrating a digital twin of TEM experiments with discrete
dislocation dynamics (DDD) simulations, the study quantified the avalanche-like dynamics of
dislocations, observing scale-free distributions in plastic strain increments and stress drops.
Unlike conventional FCC metals, the study of avalanche-like behavior was possible in Cantor
alloy where the high lattice friction slows down the dynamics of dislocations considerably and
dislocations could be tracked. This work established a connection between experimental findings
and statistical physics frameworks, such as depinning transitions, highlighting the universality
of dislocation avalanches. The novel methodology not only demonstrated the critical role of
dislocations in influencing material behavior but also showcased the potential of data-driven
approaches to transform TEM microscopy into a truly quantitative and reproducible tool for
materials science.

The increasing availability of high-throughput TEM data presents an unprecedented opportunity
to explore dislocation dynamics with greater depth and precision. However, there are a number
of challenges to realize the full potential of such datasets. These challenges are discussed in the
following section starting with reconstruction of three-dimensional dislocation microstructure
from two-dimensional TEM images obtained from experiments.
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1.5.1 Three-Dimensional Reconstruction of Dislocation Microstructures

Figure 1.9: Schematic of projection geometry in TEM. A three-dimensional dislocation line,
𝑃1𝑃2, in the crystal is projected onto the image plane as 𝑉 ‘

1𝑉
‘
2. To reconstruct the true

3D configuration, coordinate transformations between the world frame (𝑥𝑤, 𝑦𝑤, 𝑧𝑤),
the sample frame (𝑥𝑠, 𝑦𝑠, 𝑧𝑠), and the crystal frame (𝑥𝑐, 𝑦𝑐, 𝑧𝑐) are required. Adapted
from Zhang et al. [35].

One of the key bottlenecks in high-throughput TEM dislocation analysis is the accurate interpre-
tation of the inherently three-dimensional (3D) dislocation structures from the two-dimensional
(2D) images captured by TEM. TEM images are two-dimensional projections of inherently
three-dimensional dislocation structures as shown in Figure 1.9. The electron beam interacts
with the dislocation, 𝑃1𝑃2 of the material and the projected 2D dislocation, 𝑉 ‘

1𝑉
‘
2 is viewed in

the TEM image. We are working with 3 coordinate systems here, the world coordinate frame
𝑥𝑤, 𝑦𝑤, 𝑧𝑤 , sample frame 𝑥𝑠, 𝑦𝑠, 𝑧𝑠 and crystal frame 𝑥𝑐, 𝑦𝑐, 𝑧𝑐 and would need to perform coordi-
nate transformation between the frames. Accurate 3D reconstruction is crucial for understanding
the true spatial configurations and interactions of dislocations. Please refer to Zhang et al. [35]
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where authors performed a detailed study to obtain representation of the dislocations from the
image plane to the crystal lattice plane.

The 3D reconstruction of TEM images [37, 38] can be achieved through two main approaches
namely direct methods and indirect methods. Direct methods rely on deep learning techniques
to reconstruct the 3D structure directly from the images. In contrast, indirect methods involve
post-processing steps, where the 3D structure is inferred from the analysis and interpretation of
2D images obtained during imaging. For example:

• Sills and Medlin [39] introduced a semi-automated, object-based tomographic approach
for dislocation structure analysis, aimed at overcoming limitations of intensity-based
reconstruction methods in TEM. Their method involves three key steps. First, dislocation
lines are extracted from TEM images through segmentation, which includes noise removal,
adaptive thresholding, and skeletonization to reduce lines to a single-pixel width, followed
by conversion into an object-based representation of line segments connected by nodes.
These nodes are classified as either physical (e.g., intersections or endpoints) or non-physical
(arbitrarily defined along the line). Second, a manual matching process aligns and associates
dislocation lines across multiple tilted images, leveraging a graph-based representation
to identify shared physical nodes. Finally, tomographic reconstruction determines the
three-dimensional configuration of the dislocation lines, using a mapping technique based
on arc length along the tilt axis. Despite its advantages, the approach remains semi-
automated, requiring manual corrections during line extraction and object matching. It also
struggles with distinguishing overlapping dislocations, resolving ambiguities in physical
node identification, and handling uncertainties introduced by line orientation and extraction
errors. One of the critical challenge faced by the authors is accurate segmentation of
dislocations which is also the focus of this work.

• Altingövde et al. [40] proposed a deep learning-based pipeline for the automated 3D
reconstruction of dislocations using stereo pairs of TEM images, bypassing the traditional,
labor-intensive tomography approaches. Their method involves a Siamese network
configuration for segmentation and feature extraction using a U-Net, followed by a 3D CNN
to estimate disparities for constructing a 3D structure. This end-to-end approach combines
detection and matching, eliminating manual intervention while delivering comparable
accuracy to traditional methods. However, the performance heavily relies on high-quality
and diverse training data, which is challenging to acquire and annotate. The model’s
reliance on stereo pairs with a limited tilt angle limits its generalization, as higher angles
degrade visual similarities, complicating the matching process. Furthermore, while the
system automates many steps, the limited dataset diversity hinder its robustness across
varying imaging conditions and materials, and the disparity refinement still requires
assumptions about the geometry and matching continuity of dislocations.

A critical step in these approaches is the accurate segmentation of dislocations in 2D images
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and their representation as lines or splines. Deep learning could be very useful in automating the
dislocation representation but such studies need high quality training data.

1.5.2 Variability in Dislocation Imaging due to Material Properties and
TEM Conditions

Figure 1.10: Representative frames from a TEM video illustrating varying image quality and con-
trast for dislocation visibility. (a) and (b) display low contrast, making dislocations
difficult to discern; (c) shows motion blur that further obscures features; (d) exhibits
sufficiently high contrast and sharpness to clearly resolve dislocation lines.

TEM images often suffer from low contrast, blurring, and noise, which hinder the accurate
identification and analysis of dislocations in the context of Deep learning. Let us consider the
four TEM images from an experiment as shown in Figure 1.10. The four images shows the same
dislocation microstructure but vary in quality in terms of contract and blurriness. The images (a)
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1.5 Towards High-Throughput TEM Dislocation Analysis

and (b) have very low contract and the dislocations are hardly visible. It happens because of
adjustment of microscope during the experiment to visualize dislocations. Sometimes we might
also get very blurry images shown as image (c). After making the adjustments we might get an
image like (d) where dislocations of interest are very clearly visible.

Different materials and varying TEM operating conditions—such as beam energy, specimen
thickness, and orientation—significantly affect the appearance of dislocations in TEM images.
This variability introduces additional complexities in developing a generalized approach for
quantitative analysis to perform high throughout studies, as models trained under specific
conditions may not perform well under different settings.

We explore the effects of varying image quality in the following by using a classical image
segmentation approach. When training data is scarce for deep learning approaches, such methods
can become particularly valuable, as demonstrated by Sills and Medlin [39].

1.5.3 Classical Image Segmentation Approach: Sauvola Thresholding

As a foundational approach to dislocation segmentation in microstructural images, we first explore
classical image segmentation techniques. These methods, such as thresholding algorithms, offer
a straightforward and computationally efficient means to isolate features of interest within an
image. To evaluate the effectiveness of classical image processing techniques, we consider two
real images, as shown in Figure 1.11. Prior to applying thresholding methods, we performed
histogram equalization on these images to enhance their contrast and quality. This pre-processing
step is crucial for improving the visibility of dislocation lines, which often exhibit low contrast in
raw images.

Classical approaches such as Canny edge detection, contour detection, watershed segmentation
[41], and Chan-Vese segmentation [42] can be used for image segmentation. Among the various
techniques available, we select the Sauvola thresholding method [43] due to its ability to handle
images with varying illumination, and contrast—common characteristics in TEM images of
dislocations.

The Sauvola thresholding method is an adaptive technique that computes a local threshold for
each pixel based on the statistical properties within a neighborhood window. This method is
particularly effective for images with uneven lighting or varying background intensities. The
threshold 𝑇 (𝑥, 𝑦) at a pixel location (𝑥, 𝑦) is calculated using the following equation:

𝑇 (𝑥, 𝑦) = 𝑚(𝑥, 𝑦)
[
1 + 𝑘

(
𝑠(𝑥, 𝑦)
𝑅
− 1

)]
(1.5)
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where:

• 𝑚(𝑥, 𝑦) is the mean intensity of the pixels within a local window,𝑊 ×𝑊 centered at (𝑥, 𝑦),

• 𝑠(𝑥, 𝑦) is the standard deviation of the pixel intensities within the same local window,

• 𝑅 is the dynamic range of standard deviation, typically set to 128 for grayscale images,

• 𝑘 is a parameter that controls the sensitivity to the local standard deviation, commonly set
between 0.2 and 0.5.

The Sauvola method adjusts the threshold dynamically based on local image statistics. In
regions where the standard deviation 𝑠(𝑥, 𝑦) is low, the threshold approaches the mean intensity
𝑚(𝑥, 𝑦), minimizing the detection of false edges due to noise. Conversely, in regions with high
variability (edges and textures), the threshold is lowered, allowing for the detection of significant
features like dislocation lines.

The parameter 𝑘 plays a critical role in fine-tuning the thresholding sensitivity:

𝑘 =

{
lower values (e.g., 0.2) less sensitive to local variations, useful for noisy images,
higher values (e.g., 0.5) more sensitive, useful for detecting fine details.

The application of Sauvola’s method, as shown in Figure 1.11, uses parameters 𝑘 = 0.2,
𝑅 = 128, and a window size of 𝑊 = 51, which were found to yield effective segmentation of
dislocations.

For image 1, while the method successfully segmented most dislocations, it also detected
slip trace lines due to the inability to differentiate between dislocation lines and slip traces.
Additionally, some dislocations were only partially segmented, resulting in incomplete dislocation
line detection. In contrast, the results for image 2 were more consistent, with all five dislocations
successfully segmented. However, in both images, the method incorrectly classified other artifacts
as dislocations, highlighting limitations in its specificity.

Classical image segmentation methods can be very useful and provides a low computational
means compared to deep learning based approaches but there are several limitations of clas-
sical image segmentation approaches like Sauvola’s thresholding when applied to dislocation
microstructures. Such methods rely heavily on local intensity variations and may struggle with
images where dislocations have varying contrast or are obscured by noise and artifacts. This is
usually the case with the dislocation image data where one might be changing the microscope
settings which can result in varying imaging conditions. This can result in incomplete or inaccu-
rate segmentation of critical features like dislocation endpoints. Improving the results of the two
images shown in Figure 1.11 may involve refining the thresholding parameters, incorporating
post-processing techniques such as morphological filtering, or using additional information like
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1.5 Towards High-Throughput TEM Dislocation Analysis

Figure 1.11: Segmentation of dislocations in a TEM image using Sauvola’s binarization method.
The original image has been histogram–equalized to enhance contrast before applying
Sauvola’s local adaptive thresholding. The result illustrates both the capability and
limitations of this approach: while many dislocations are detected, low-contrast
features or ones with subtle contrast variation may be missed or ambiguously
segmented.
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edge orientation or local intensity gradients to better distinguish dislocations from other features.
Despite these enhancements, the inherent limitation of incomplete segmentation of dislocation
lines is likely to persist due to the method’s sensitivity to variations in intensity and noise around
a dislocation line, which can disrupt continuity.

Classical methods lack inherent mechanisms to differentiate between actual dislocations
and other linear or nonlinear artifacts present in the image, leading to false positives i.e., a
grain boundary can be easily identified as a very long dislocation. This requires additional
post-processing steps, such as filtering based on geometric properties, to improve accuracy. The
effectiveness of these methods is highly sensitive to parameter selection (e.g., values of 𝑘 , 𝑅,
and 𝑊), which may not generalize well across different images or datasets. While classical
segmentation techniques can provide a useful baseline, they may not offer the robustness and
precision required for detailed analysis of complex dislocation microstructures and automating
spline representation of dislocations in TEM.

1.5.4 The Need for Automated Analysis in High-Throughput TEM
Imaging: Deep Learning Based Approaches

As discussed above, the traditional image processing methods are frequently insufficient for
accurately segmenting and identifying dislocations, especially in images with low signal-to-noise
ratios or significant feature overlaps. These techniques struggle with the nuances of dislocation
structures, such as variations in contrast and the presence of defects, demanding more advanced
algorithms for precise analysis.

Once high-quality dislocation image data is obtained, the next critical step is the digital
representation of dislocations. Currently, this digitization is predominantly performed manually.
Annotation tools like labelme [1] allow users to obtain dislocations by selecting points along the
lines. However, as demonstrated in Zhang et al. [35], manually extracting dislocation information
from hundreds of frames—each containing up to 20 dislocations—is a tough and time-consuming
task.

Manual labeling is also difficult to reproduce and heavily depend on the experience and judgment
of the individual performing the annotation. This subjectivity can introduce inconsistencies,
which are particularly problematic for calculations sensitive to the local radius of curvature of
dislocation lines, such as stress field estimations. With the appearance of faster detectors and
cameras, TEM experiments now generate vast amounts of image data at unprecedented rates.
This surge in data volume creates an urgent need for automated analysis techniques capable
of handling high-throughput TEM imaging. Automation would not only expedite the analysis
process but also enhance accuracy and reproducibility, enabling researchers to more effectively
interpret complex dislocation behaviors and their impact on material properties.
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1.5 Towards High-Throughput TEM Dislocation Analysis

To address these challenges, advanced computational methods, including machine learning
and computer vision algorithms, are being explored. These methods have the potential to
automatically segment and track dislocations across frames, handle low-quality images, and
reduce the reliance on manual intervention. Implementing such automated analysis tools is
essential for advancing materials science research and fully leveraging the capabilities of modern
TEM technology.

Deep Learning methods, particularly convolutional neural networks like the U-Net proposed
by Ronneberger et al. [44], have shown great promise in performing pixel-wise classification
for image segmentation. Pixel-wise classification refers to the process where each pixel in
an image is assigned a class label, enabling precise description of features within the image.
This fine-grained approach allows for detailed segmentation of dislocations which is crucial to
obtain spline representation. Methods utilizing pixel-wise classification have been successfully
applied in various fields, including computer vision [45–47] and medical imaging [48–50], where
they contribute to tasks like object detection, semantic segmentation, and lesion identification.
In materials science, these methods have been utilized to segment nano-particles [51] and
identify precipitates, voids, and simple dislocation networks [52]. Additionally, Shen et al. [53]
demonstrated deep learning-based segmentation approach to identify small defect loops.

Despite their potential, Deep learning methods face significant challenges when applied to
TEM images of dislocations. Deep learning models typically require extensive training data,
which is often unavailable in this scientific domain. Generating ground truth data requires
manual annotation, a process that is both time-consuming and labor-intensive. The appearance of
dislocations in TEM images varies greatly due to differences in material properties and imaging
conditions. Creating a representative training dataset that includes all possible configurations is
impractical, as it would require a huge number of experiments, including those covering rare
or transient phenomena. The scarcity of diverse datasets leads to models that perform well
on training data but generalize poorly to new, unseen data—a problem known as overfitting.
This issue is further complicated by the absence of publicly accessible datasets of dislocation
microstructures, limiting opportunities for data augmentation or transfer learning. Sasaki et al.
[54] used the first 100 frames of a TEM video for training and the subsequent 70 frames for
testing. However, without quantitative performance evaluation and with training and testing
data derived from the same video, overfitting remains a concern. Roberts et al. [52] divided two
high-resolution images into five parts, using three for training, one for validation, and one for
testing. Basic augmentation increased the dataset to 48 images, but the Intersection over Union
(IoU) performance for dislocations was only 44%, indicating limited accuracy.

Deep learning-based methods such as binary segmentation [52, 54], instance segmentation
[53], object detection, and keypoint detection [55] have gained significant popularity in providing
a robust and automated means to analyze images in material science and perform data driven
studies. In their study, Chowdhury et al. [56] applied deep convolutional networks for grain
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boundary detection, addressing challenges in pixel-wise segmentation that often resulted in gaps
and incomplete boundaries. The segmented masks were used to perform data driven study in
a automated manner where microstructural features like grain size, grain shape were used to
perform microstructural characterization.

These approaches highlight a significant challenge in applying deep learning to microstructure
analysis: the difficulty of obtaining sufficient and varied training data to develop robust models.
The scarcity of labeled datasets in materials science often hampers the performance and
generalization of deep learning models. For instance, Chen et al. [57] trained their model on only
nine samples and had to rely heavily on data augmentation techniques to improve the model’s
robustness. This limitation highlights the need for strategies to overcome data constraints, such
as generating synthetic datasets, employing transfer learning from related domains, or developing
semi-supervised and unsupervised learning methods that require less annotated data. Addressing
these challenges is crucial for advancing automated microstructure analysis using deep learning.

1.6 Approaches to Obtain Synthetic Training Data

The state of the art deep learning methods described above are supervised machine learning
methods and hence require training data (images and ground truths). One of the most straight
forward method is to perform a number of experiments and obtain real images of dislocation
microstructures. These images can then be labelled manually for dislocations, which will provide
the training data for deep learning. But performing such a large number of experiments and
then hand-labelling the data is usually not possible or feasible and hence there is need to explore
alternate data generation methods. The lack of high-quality and high-quantity training data can
be overcome by adopting synthetic data generation methods [58–60] which can be categorized as
follows.

1.6.1 Generative AI Based Methods

Recently, generative AI based methods have made significant advances in generating high-quality
synthetic images. These methods can be extended to generate not only images but also their
corresponding ground truth in a paired manner. For instance, Thambawita et al. [61] used a
Generative Adversarial Network (GAN) to generate synthetic colon polyp images along with
their corresponding segmentation masks, enabling comprehensive data augmentation for medical
imaging tasks.

Synthetic data generation is an approach which so far has only been rarely used in the field of
materials science [62, 63]. There are several techniques available to generate synthetic images
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ranging from domain randomization [64] where non realistic objects are added to force the
machine learning models to learn important features, to machine learning guided methods such
as, e.g., GAN [61] where a machine learning model learns to generate synthetic data with
features similar to real data. Chun et al. [65] used a GAN to generate synthetic heterogeneous
energetic material microstructures. Haribabu et al. [66] used more advanced Deep Convolutional
Generative Adversarial Networks (DCGAN) and StyleGAN to generate synthetic images of
microstructures. The model was trained on a limited amount of training data consisting of
only 1225 images obtained from experiments. They observed that the model not only produced
high quality synthetic images which were qualitatively similar to real images but the generated
microstructure has statistical properties i.e., phase distribution, morphology similar to real images.
These approaches are primarily effective at generating synthetic images alone. However, there is
a need for specialized methods capable of simultaneously generating both synthetic images and
their corresponding ground truth masks in a paired manner, enabling tasks that require both the
synthetic image and its accurate segmentation mask.

More advanced deep learning approaches, such as text-to-image generative models like “Stable
Diffusion” [67–69], offer high-quality synthetic images along with paired ground truth for
segmentation tasks. Diffusion models [70], in particular, have emerged as one of the most
prominent generative AI techniques due to their ability to generate realistic synthetic images.
Diffusion models operate based on the principle of denoising, wherein they learn to iteratively
reverse a process that adds Gaussian noise to the data over a series of timesteps.

To illustrate diffusion models, consider a TEM image of a dislocation as shown in Figure 1.12.
Initially, we start with a clean TEM image, and throughout the forward diffusion process, Gaussian
noise is incrementally added until the original structure is completely destroyed. During the
reverse process, the model is trained to progressively remove noise, reconstructing the original
image with high fidelity.

This process involves two main components: the forward process and the reverse process.

1. Forward Process: In the forward process, dislocation image is incrementally noised over
𝑇 timesteps, transitioning from an image distribution 𝑞(x0) to a noised distribution 𝑞(x𝑇 ).
At each timestep 𝑡, Gaussian noise is added to the image, transforming x𝑡−1 to x𝑡 according
to the distribution 𝑞(x𝑡 |x𝑡−1) = N(x𝑡;

√︁
1 − 𝛽𝑡x𝑡−1, 𝛽𝑡I), where 𝛽𝑡 are variance schedules

specifying the amount of noise added at each step.

2. Reverse Process: The reverse process aims to learn the conditional distribution 𝑝𝜃 (x𝑡−1 |x𝑡),
effectively denoising the image by learning to predict the noise that was added at each step
and subtracting it. This is modeled using a neural network that parameterize the reverse
transition. The network is trained to minimize the difference between the original data and
the denoised output, using a loss function based on variational lower bounds.
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Figure 1.12: Illustration of the diffusion model applied to TEM images containing dislocations.
The forward process progressively adds Gaussian noise to a clean TEM image
over 𝑇 discrete timesteps until the structural details are completely obscured. The
reverse process is trained to undo this noise—restoring the image by predicting and
removing the noise at each step. This enables generation of synthetic TEM images
with dislocation microstructures starting from purely noisy inputs.

The training of diffusion models involves optimizing the parameters 𝜃 of the neural network
to improve its ability to reconstruct the original image from noised versions. Once trained,
generating new samples involves sampling from the noise distribution 𝑞(x𝑇 ) and iteratively
denoising through the learned reverse process to obtain x0.

Diffusion models have demonstrated remarkable capabilities in generating detailed and diverse
images, making them highly effective for tasks that require high-quality synthetic data, such as in
medical imaging where they can generate both images and their corresponding segmentation
masks [70].

Despite these advancements, the application of such deep learning approaches to specialized
fields like dislocation microstructure remains limited, revealing a gap in their adaptability for
specific datasets. One of the drawback of such methods is that they need a large amount of
training data in the amount of atleast hundreds of samples to train the models. This requirement
poses a significant challenge, particularly when the available training data is sparse. Studies,
including [71], have documented instances where models, constrained by limited data, begin
to generate repetitive images, failing to capture the diversity of the training examples. This
phenomenon, known as mode collapse, indicates a need for methodological enhancements to
ensure models can learn effectively from limited datasets without compromising the variability
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and richness of the generated images.

Figure 1.13: Synthetic nanoparticle images and corresponding ground truth segmentation masks
generated by rendering 3D scenes using Blender. Realistic background textures,
lighting, object shapes and arrangements are controlled to mimic experimental
microscopy images. This semi-automated rendering approach enables generation
of paired image-mask datasets useful for training segmentation models without
extensive manual annotation. Adapted from Mill et al. [51]
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1.6.2 Image Rendering Based Methods

A different class of approaches for image generation involves the use of rendering software, such
as Blender [72]. While the focus is primarily on lighting and rendering three-dimensional objects,
these tools can also be used to generate two-dimensional synthetic image data. In such methods,
two important components are considered: the first is generating a realistic background, and the
second is rendering the objects of interest onto that background. This controlled approach allows
for the generation of synthetic images with corresponding ground truths.

Examples of applications involving highly realistic images as shown in Figure 1.13 in the
context of nano-particles can be found in Mill et al. [51], Cid-Mejías et al. [73], where nano-
particles were rendered using Blender to generate synthetic data. Such approaches are usually
semi-automated, as rendering settings like lighting need to be manually adjusted to achieve
realistic images.

In some cases, it might be difficult or time-consuming to develop models for the objects of
interest in such software, but still, the approach has gained popularity for generating high-quality
synthetic training data. In a slightly different approach, when we have access to a large variety
of real images containing the objects of interest, we can render the objects directly from the
real images, as done in Toda et al. [74]. In the referred work, barley seed patches obtained
from real images were directly rendered onto synthetic backgrounds, allowing the generation
of high-quality synthetic data without using any rendering software. The advantage of such
approaches lies in their simplicity and ability to accurately capture the statistical distribution
of the objects of interest. These approaches can be particularly helpful in high-density images,
where there are tens of objects and manual labeling can be extremely time-consuming [75, 76].

1.6.3 Simulation Based Methods

Another possibility in the field of material science is to use simulation-based methods to create
synthetic images [77]. Simulation-based methods can capture the underlying phenomena much
more accurately compared to rendering software like Blender. This could be useful where trained
ML models can also learn more about the physical laws governing the system. There are, in
principle, many methods and models readily available, covering phenomena from atomistic
to macroscopic scales. Such simulations can be used to generate synthetic data, as shown by
Hajilounezhad et al. [78], where a scanning electron microscopy (SEM) simulation tool was used
to obtain artificial images of a carbon nanotube forest along with the calculated properties of the
structures used using actual data. In another study, microstructure representations were generated
using simulation models, which were then rendered to obtain simulated images [79]. Trampert et
al. [62] used Voronoi tessellations to generate synthetic polycrystalline microstructures, where
the statistical properties of the grain size distributions were comparable to those reported for real
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grain distributions. The degree of visual similarity and the type of contained features (e.g., triple
points) were sufficient for an effective training process.

Figure 1.14: Experimental and simulated STEM images. The simulated images are generated by
solving the Darwin–Howie–Whelan dynamical multi- beam equations. Adapted
from Phillips et al. [80]

Developing similar simulation-based methods to model the TEM imaging of dislocation
microstructures is much more complex due to the complicated and nonlinear interactions of
electrons with atoms and defects present in the materials. Since the early 1900s, marked
by seminal contributions such as those by Humble [81], the field has seen a transformative
evolution in our understanding and capabilities. Initial approaches were grounded in simplified
assumptions based on two-beam theory aimed at developing a foundational understanding of
electron-material interactions within the TEM framework. This theory simplifies the complex
interactions of electrons with the specimen by considering only two diffraction beams: the
directly transmitted beam and one diffracted beam. These simplifications were necessary due
to the limited computational resources and theoretical models available at the time, focusing
primarily on linear approximations of electron scattering phenomena. Since then, simulation-
based methodologies have emerged as pivotal tools for TEM imaging of dislocations, offering
insights into the electron-material interaction dynamics within crystalline matrices. These
methods, as referenced in the literature [80, 82–85], play a crucial role in deciphering the
complex interplay between electrons and the myriad defects and atomic structures present in
materials. Central to these simulations is the accurate modeling of both elastic and inelastic
scattering phenomena encountered by electrons as they navigate through the specimen, which
are instrumental in generating realistic TEM images and diffraction patterns. A cornerstone
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among these techniques is the Multi-slice Method, detailed by Ishizuka [86, 87]. This approach
conceptualizes the specimen as a series of thin, discrete layers, through which the electron wave
function is meticulously calculated as it progresses.

By accounting for numerous scattering events, this method is exceptionally suited for high-
resolution TEM (HRTEM) simulations, adept at handling complex specimen structures, including
defects and interfaces, thus proving its significance in TEM imaging simulations. Complementing
the Multi-slice Method, the state of the art Darwin-Howie-Whelan dynamical multibeam equations
[88, 89] offer a robust mathematical framework for modeling electron scattering within crystalline
substances. These equations delve into the intricate interactions between multiple electron beams
and the crystal lattice, facilitating precise simulations of electron microscopy images. Unlike
simpler kinematical scattering models, this dynamical approach comprehensively accounts for
the potential multitude of scattering events, enabling electrons to “bounce” within the crystal
lattice prior to exiting and contributing to the resultant image. This dynamical perspective
is indispensable for achieving simulations that closely mirror the complexities observed in
experimental TEM data as shown in Figure 1.14. The integration of advanced simulation-based
methods, such as the Multi-slice Method and the Darwin–Howie–Whelan equations, into the
TEM imaging significantly enhances our understanding of material structures. By precisely
modeling the complex interactions between electrons and specimens, these methodologies enable
the generation of detailed and realistic simulated TEM images.

One of the primary challenges in using such methods to generate synthetic training images is the
difficulty of accurately modeling the full complexity and dynamic nature of defect configurations.
Dislocations often exist in intricate networks and are influenced by local variations, strain
fields, and the presence of other defects—phenomena that are not easily represented through
straightforward atomic lattice models. These methods rely heavily on idealized atomic potentials
and simplified boundary conditions. While such potentials can approximate average atomic
interactions in a crystal, they often fail to reproduce subtle local bonding differences, compositional
gradients, or other deviations found in real materials. The result is a simulation environment that,
while physically grounded, may still differ substantially from the true complexity and variability
encountered in experimental TEM data.

1.7 Objectives and contributions

Synthetic data can be a very useful way of obtaining training data where no suitable, “real”
microscopy training data is available. However, up to date, there exists no systematic analysis of
how to create synthetic training data for TEM images of dislocation microstructures and how to
infer which features need to be included and which are superfluous.
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In this work, we propose a parametric based synthetic data generation model to generate
training data (images and ground truths2). The synthetic image can be conceptualized as
consisting of two distinct components: the image background and the rendered representation of
the dislocation microstructure superimposed onto this background. In this work, we have used
two different methods to generate the background for the images. We use variations of Perlin
noise along with some random white noise to generate a purely synthetic background for the
image. In other method, we use a more realistic approach where we use background patches
from real images and use them to generate a more realistic background. Once the background
has been generated, we can start generating dislocation microstructure. In this work, we model a
dislocation as a spline which is generated using a set of support points. These support points can
either be generated using polynomial approximations of dislocation line or by using tools such as
Labelme to manually pick points on a dislocation in a real image. We can generate much more
complicated dislocation microstructures by generating a number of dislocation microstructures
consisting of different slip width, slip direction, number of dislocations. The method is very
powerful in generating dislocation microstructures that otherwise can not or only rarely observed
in real TEM images.

Another major objective of this work is to conduct a systematic evaluation of deep learning-
based methodologies for the characterization of dislocation microstructures. Specifically, we
investigate and compare three distinct approaches: semantic segmentation which aims to classify
every pixel of an image into categories corresponding to dislocation and background; instance
segmentation which extends semantic segmentation by identifying individual dislocation lines
as separate instances; and dislocation spline support point estimation which directly infers the
parametric representation of dislocations as spline curves based on their support points. We
analyze how these approaches perform under varying levels of complexity in the training data,
assessing factors such as noise, background texture, and diversity in dislocation configurations.
Furthermore, we explore how synthetic training data can augment model performance, with
a focus on the interplay between synthetic and real datasets. By systematically varying the
synthetic data used during training, we aim to understand its contribution to improving model
generalization and robustness when applied to real TEM dislocation microstructures. This
study provides critical insights into the strengths and limitations of each approach, laying the
groundwork for optimal strategies in machine learning applications for dislocation analysis.

2Ground truths refer to the precise annotations or labels corresponding to the synthetic images, essential for
supervised machine learning tasks. For dislocation image data it refers to pixel-level masks that define the
precise segmentation of dislocations within the synthetic images.
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1.8 Outline

The thesis is structured as follows. Chapter 2 provides a details description of the synthetic data
generation method which includes both the background and synthetic dislocation microstructure
of the images. This is followed by Chapter 3 where details of the three different machine learning
approaches and the physics based metric which is based on the error in the lengths of the predicted
dislocation splines. This is followed by Chapter 4 where we have performed two studies to
answer some of the open questions related to the application of the synthetic datasets. To this
end, we have provided details of generating three different synthetic datasets with increasing
complexity and microstructure features. In Chapter 5, we compared the three models based on
synthetic data and real data focusing on model robustness and ability to provide good results on
new experimental data. The motivation is to analyze the models and applicability of synthetic
data in developing a generalized framework for new unseen experimental data. Last but not least,
we investigate how the results improve when the models are additionally specialized on real
dataset using transfer learning approaches. In ??, we conclude our studies and provide outlook
of future work and further developments.
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Chapter 2 Parametric Based Synthetic
Data Generation

In dislocation image data, parametric based synthetic data emerges as a powerful alternative,
enabling precise control over image complexity, variability, and the generation of ground truths.
To be effective, synthetic data must satisfy two fundamental criteria. First, synthetic images must
replicate the appearance of real TEM images, ensuring that machine learning models trained on
synthetic data can generalize effectively to real datasets. Second, the synthetic data must capture
the inherent variability of dislocation microstructures, including diverse textures, geometries,
and spatial configurations, to adequately represent the complex nature of the underlying physics.

To address these requirements, we employ a structured three-step approach to generate
synthetic data, designed to reproduce the essential characteristics of TEM images of dislocation
microstructures while allowing for precise control and reproducibility. The steps are as follows:

1. Generating a Background for the Synthetic Image: Two fundamentally different
approaches are used in this work. The first approach is completely artificial, using the
superimposition of different types of noise and smoothing operations. The second approach
involves using background patches from real microscopy images. This is discussed in
details in Section 2.1.

2. Generating the Geometry of the Artificial Dislocation Microstructure: In this step,
the position and shape of the dislocations, along with any other elements of interest, are
determined. Details of the microstructure generation and parametric models can be found
in Section 2.2.

3. Rendering and Outputting the Image: This is the final step where rendering of the
dislocations onto the background, writing the resulting image to a file (i.e., in PNG format),
generating corresponding ground truth masks, and recording all parameters in a JSON file
to ensure full reproducibility.

An overview of the three steps together with a list of the most important parameters are shown
in Figure 2.1. In the sections that follow, all the steps and the involved parameters are explained
in more details.
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Figure 2.1: Synthetic images and masks are generated in three steps. First, a background image
is created from artificial “noise generators”, or by using background images from
real microscopy data Then, the dislocation geometry is determined and subsequently
“drawn” on top of the background providing the synthetic image, ground truths as
well as the parameter file.

2.1 Modeling of Background for Synthetic Images

In this section, we will present two approaches to generate background from synthetic images.
The first approach is synthetic in nature where we use Perlin noise to generate a synthetic
background and the second approach is more realistic and based on background patches from
real images. These two approaches are discussed in details below.

2.1.1 Synthetic Background: Perlin noise

Noise, randomness, and a well-chosen variance of different features in the training dataset are key
ingredients for a successful training process. These factors help reduce over-fitting and enhance
the generalization capability of the model to new unseen images. Consequently, generating
suitable background textures is an essential task. We analyzed real microscopy images and
observed that they often exhibit complex gray value gradients resulting from variations in imaging
conditions, such as electron beam intensity or specimen thickness.

Additionally, random fluctuations in brightness, likely caused by noise inherent to the imaging
process, further contribute to the heterogeneity of these images. The fluctuations may also arise
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Perlin noise #1:
P1

Perlin noise #2:
P2

Superposition:
P ∗
3

+ white noise &
smoothing: P5

Final back-
ground

E
x
am

p
le

1
E
x
am

p
le

2
E
x
am

p
le

3
E
x
a
m
p
le

4

λ1 = 4.0 λ2 = 1.2 wP3 = 0.4 ww1 = 0.2

λ1 = 90 λ2 = 9 wP3 = 0.4 ww1 = 0.2

λ1 = 75 λ2 = 67 wP3 = 0.4 ww1 = 0.6

λ1 = 1.0 λ2 = 1.0 wP3
= 0.4 ww1 = 0.8

Figure 2.2: The rows show four examples for synthetically created background images. The most
important steps of the background creation pipeline together with the used parameters
are shown from left to right.
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from random “dirt” particles on the specimen’s surface or other barely visible defects caused
by diffraction conditions. This variability is illustrated in Figure 2.3, which shows background
patches extracted from several real microscopy images, highlighting the diverse textures and
intensity distributions characteristic of TEM data.

To generate synthetic background textures, we used two-dimensional Perlin noise, a technique
widely used in computer graphics for texture generation [90–92]. Perlin noise was selected
due to its natural-looking structure and non-repetitive characteristics, making it suitable for
simulating irregular patterns within an image. The Perlin noise algorithm works by assigning
random gradients at fixed grid points in a two-dimensional space, and then using interpolation to
produce noise with a dominant wavelength. In this work, we utilized the Python implementation
provided by [93]. Although Perlin noise does not fully replicate the complex backgrounds of real
TEM images, as shown in the first two columns of Figure 2.2, it provides a form of structured
randomness that is notably superior to white noise. Unlike white noise, which lacks spatial
correlation and produces abrupt, grainy patterns, Perlin noise generates smooth gradients and
coherent textures by interpolating random gradients across a grid. This spatial coherence makes
it more effective at simulating the gradual intensity variations and mid-frequency textures often
observed in TEM images. While certain statistical properties, such as brightness distribution
and wavelength spectrum, still differ from those of real TEM backgrounds, Perlin noise remains
a versatile and computationally efficient tool for creating diverse synthetic textures that better
approximate the irregular patterns seen in microscopy data.

In this study, we used superposition of Perlin noise at two distinct wavelengths. The longer
wavelength simulates global gray value gradients typically seen across TEM images, which may
result from variations in imaging conditions. The shorter wavelength, on the other hand, accounts
for local fluctuations in texture. Additionally, to refine the texture, we introduced white noise
and applied Gaussian filtering twice, with different parameter settings, to achieve more nuanced
variations in the generated backgrounds.

To mathematically formulate the subsequent steps we introduce an image with 𝑀 × 𝑁 pixels as
a function 𝐼 that maps each discrete pair of pixel coordinates, (𝑖, 𝑗) ∈ {1, . . . , 𝑀} × {1, . . . , 𝑁} ⊂
N × N to a gray scale intensity that can take values within the unit interval [0, 1] ⊂ R

𝐼 : {1, . . . , 𝑀} × {1, . . . , 𝑁} → [0, 1] (2.1)
𝑚, 𝑛 ↦→ 𝐼 (𝑚, 𝑛) , (2.2)

where (𝑚, 𝑛) denotes an individual pixel with the intensity 𝐼 (𝑚, 𝑛). Similarly, any image
operation 𝑇 is a function that maps the value of each pixel 𝐼 (𝑚, 𝑛) of an image 𝐼 to a new value
𝑇 (𝐼 (𝑚, 𝑛)). By chaining such functions one can also perform several subsequent operations on
and with images.

For the problem at hand, we start with two image generating functions each of which results in
an image with Perlin noise, 𝑃1 and 𝑃2 as shown in the first two columns of Figure 2.2. Structural
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details of the Perlin noise image depend on a wavelength parameter 𝜆1 and 𝜆2, respectively. A
new image 𝑃3 (see third column of Figure 2.2) is obtained by adding the corresponding pixel
values of two images and additional weighting 𝑃2 with a factor 𝑤rm𝑃, resulting in

𝑃3 = 𝑃1 + 𝑤rm𝑃 × 𝑃2 . (2.3)

Subsequently, the value range is scaled to the unit range by the following operation

𝑃∗3 =
𝑃3 −min(𝑃3)

max(𝑃3) −min(𝑃3)
∈ [0, 1] , (2.4)

where min(𝑃) and min(𝑃) give the minimum and maximum pixel value of an image 𝑃,
respectively. In the next step, an image 𝑋1 which contains white noise is added. It is obtained
by sampling each pixel value from a uniform random distribution with values in between 1 and
−1. The values of 𝑋1 are then weighted with 𝑤rm𝑤1 and superimposed with the previous data to
obtain

𝑃4 = 𝑃∗3 + 𝑤rm𝑤1 × 𝑋1 , (2.5)

The resultant is then (usually: only slightly) smoothed using a convolution with a discrete
Gaussian filter kernel that has standard deviation 𝑠1. This smoothing function 𝐺1 then results in
the image 𝑃5:

𝑃5 = 𝐺1(𝑃4; 𝑠1) (2.6)

The operations resulting in 𝑃4 and 𝑃5 lead to slightly “smeared out” random fluctuations which
might, e.g., stem from the noise of the microscope electron optics or the camera noise. We
then add additional white noise 𝑋2 weighted by the standard deviation of the values of 𝑃4, i.e.,
𝑤rm𝑤2 = 𝜎rm𝑃4 , and apply one more Gaussian filter 𝐺2 with standard deviation 𝑠2 to adjust the
width of these spikes,

𝑃6 = 𝑃5 + 𝑤rm𝑤2 × 𝑋2 (2.7)
𝑃7 = 𝐺2(𝑃6; 𝑠2) . (2.8)

Due to the scaling of this final white noise, 𝑃7 might also contain negative values. Along with a
“clipping” of the data to the range of [0, 1] this gives the final background image 𝑃:

𝑃 = min(1,max(0, 𝑃7)) . (2.9)

Adding the noise 𝑋2 together with the smoothing of 𝐺2 only slightly changes the image but in
conjunction with the clipping, gives sharper, high frequency fluctuations. The combination of
the two noise types 𝑋1 and 𝑋2 and the smoothing operations 𝐺1 and 𝐺2 is also a way to mimic
artifacts from the usually lossy image compression often used in proprietary microscopy software.
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Figure 2.3: Example background image patches used to create realistic and contextually accurate
backgrounds for synthetic image generation. These patches are gathered from diverse
sources to ensure variability and enhance the realism of the synthesized images.

In Figure 2.2 we show some examples for intermediate steps and the final background together
with the respective parameters. The images have a resolution of 512 × 512 pixels. In the first
two examples, only the wavelengths of the Perlin noise contributions are varied.There, it can be
observed that textures with a very different wavelength and characteristics can be reproduced.

Some of them resemble backgrounds of real microscopy images, but not all of them do. Below,
we will also study the importance of the degree of realism. All parameters as well as the seeds
for the random number generators were recorded and stored in a JSON file so that the synthetic
background could be fully reconstructed.
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2.1.2 Realistic Background: Real Image Patches

The second approach to generate background images involves utilizing patches from real images
to produce highly realistic textures. We collected 170 TEM images featuring dislocation
microstructures, focusing on regions that were largely devoid of dislocations. These “background-
only” areas were cropped and extracted to obtain background patches. Some examples for these
background patches are shown in Figure 2.3.

The images were gathered from an extensive body of literature [32, 94, 95] and supplemented
with experiments conducted by our collaborators, resulting in a diverse dataset. Note, that the
collection of background images was kept strictly separate from the images in the following
chapters for ML predictions tasks and evaluations. In other words, we ensured that there is no
hidden leakage between the training and testing datasets. To further enhance the diversity of the
generated data, two background images are randomly selected and superimposed with a randomly
assigned opacity value. While the resulting super-imposed image may appear somewhat atypical
or “incorrect” to a trained expert, the presence of additional background features, when compared
to typical real backgrounds, it might prove beneficial for improving the generalization capability
of our ML model on real-world data.

To ensure the reproducibility of this background generation method, we document the two
images and the opacity values used during the superimposition process. This comprehensive
documentation facilitates replication of our methodology and enables other researchers to build
on our findings in their own investigations.

2.2 Generation of Dislocation Microstructure

Typical dislocation microstructures considered in this work features three of the most important
characteristics typically observed in crystalline materials under stress: (1) surface impurities, dirt,
or second phase particles; (2) dislocations; and (3) slip trace lines left by moving dislocations.
In bright field TEM, dislocations are seen as dark lines. An image of a typical dislocation
microstructure is shown in Figure 2.4. The motion of dislocations under applied stress is often
hindered by various obstacles, such as second phase particles, grain boundaries, and other
imperfections, which prevent free movement and may lead to the formation of dislocation
pileups. A dislocation pileup, as shown in Figure 2.4, consists of a group of dislocations moving
along the same slip plane, accumulating at obstacles. The pileup occurs because successive
dislocations cannot continue to move when blocked by e.g., grain boundaries, leading to a buildup
of dislocations behind the leading one.

When dislocations exit the crystal lattice, they leave behind slip trace lines at the surface
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Figure 2.4: A typical real dislocation microstructure consists of one or many dislocation pileup.
As the dislocations move, distinct slip trace lines could also be soon. Among other
things, very often surface impurities/dirt/second phase particles can also be soon.

whose parts of the crystal are displaced relative to each other. This can also often be seen in
TEM images as dark or light contract along with straight lines. These markings are located at
the intersection of slip planes on which the dislocation moved and the surfaces of the thin film.
Slip traces were one of the earliest significant observations that helped scientists understand the
behavior of dislocations when electron microscopy began revealing the crystalline structure of
metals in the mid-20th century. In Figure 2.4, these traces are visible in regions through which
dislocations have already moved, but no traces are present in areas above the leading dislocation,
as it has not yet passed through those regions. In addition to dislocations and slip trace lines,
surface impurities, contamination, and second phase particles are visible. These features appear
as dark, irregular spots, as marked in the figure. While other features such as grain boundaries or
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interfaces may also be present in the TEM image, they are not primary focus of this particular
analysis.

2.2.1 Parametric Model of Dislocation Based on Spline

Dislocations can be effectively modeled as smooth curves whose intricate shapes stem from their
interactions with complex local stress fields and microstructural inhomogeneities. Representing
these curves in a synthetic microstructure requires a flexible and robust mathematical approach.
Spline interpolation offers an ideal solution, as it can accurately reproduce the wavy, erratic, and
sometimes sharply turning points that characterize dislocations. By defining a set of control
points and fitting a spline through them, we can construct curves that seamlessly capture both
global and local variations in dislocation geometry, as illustrated in Figure 2.5.

Figure 2.5: Comparison of linear, quadratic, and cubic spline interpolations applied to a set of
randomly distributed data points. The cubic spline interpolation produces a smooth
curve with continuous first and second derivatives, effectively capturing the intricate
variations characteristic of dislocation geometries. In contrast, linear and quadratic
interpolations exhibit less smoothness and fail to accurately model the complex
curvature observed in dislocations. This illustrates the advantage of cubic splines in
representing dislocation lines with high fidelity.

A spline curve is composed of piecewise polynomial segments joined at control points, ensuring
continuity at each segment boundary. The degree of the polynomial segments governs the level
of smoothness. For instance, a linear spline ensures only 𝐶0 continuity (continuous function
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value but not necessarily continuous slope), whereas a quadratic spline ensures 𝐶1 continuity
(continuous function and first derivative), producing smoother transitions as shown in 2.5 where
we fit the two splines for some data points. Cubic splines are often preferred because they offer
𝐶2 continuity, ensuring continuous function values, first derivatives, and second derivatives
across segments. This high level of smoothness yields curves free from abrupt changes in slope
or curvature, making cubic splines particularly suited for modeling the continuously varying
curvature often observed in dislocations.

Mathematically, for a set of 𝑛 + 1 control points {(𝑥𝑖, 𝑦𝑖)}, the cubic spline is defined by 𝑛
cubic polynomial segments of the form:

𝑆𝑖 (𝑥) = 𝑎𝑖 + 𝑏𝑖 (𝑥 − 𝑥𝑖) + 𝑐𝑖 (𝑥 − 𝑥𝑖)2 + 𝑑𝑖 (𝑥 − 𝑥𝑖)3, 𝑥 ∈ [𝑥𝑖, 𝑥𝑖+1] . (2.10)

The coefficients 𝑎𝑖, 𝑏𝑖, 𝑐𝑖, and 𝑑𝑖 are determined by enforcing continuity of the function and
its first and second derivatives at the control points, along with specified boundary conditions.
Typically, the second derivatives at the endpoints are set to zero, ensuring a natural cubic spline
with minimal curvature at the boundaries. Additionally, known slopes at the endpoints can be
incorporated to achieve desired boundary conditions. Although increasing the polynomial degree
can increase flexibility, higher-degree splines risk introducing oscillatory behavior and instability,
particularly when control points are unevenly spaced or numerous. Cubic splines provide an
optimal balance between simplicity, computational efficiency, and flexibility, making them a
robust choice for accurately modeling dislocation lines.

In this work, we model dislocations in a standardized local coordinate system to facilitate
direct comparisons. Each dislocation is defined so that its first control point lies at (𝑥𝑠𝑡𝑎𝑟𝑡 , 0) and
its last control point at (𝑥𝑒𝑛𝑑 , 1) in the local coordinates. By fixing these vertical references and
normalizing the vertical extent to unity, any shape differences arise strictly from the horizontal
and curvature variations rather than from scaling factors. Once the spline representing the
dislocation is determined in this local frame, it can be transformed into the image coordinate
system by applying suitable scaling and transformations. This approach ensures consistent,
comparable representations of complex dislocation geometries, as shown in Figure 2.6, where the
number and positions of control points vary to capture subtle or pronounced curvature changes.

The number of control points is determined by the complexity of the dislocation geometry.
Simple geometries require fewer control points to accurately capture the overall shape, as the
curvature changes are minimal or gradual. For instance, a straight or gently curved line can
be represented with only a few control points, as illustrated for the dislocation in Figure 2.6a
and Figure 2.6d. Complex dislocations with sharp bends, inflection points, or rapid curvature
changes require more control points to accurately represent the shape as shown for Figure 2.6b
and Figure 2.6c.

In this work, we manually extract support points along a dislocation curve using the software
labelme. The process begins by importing a TEM image of the dislocation microstructure
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Figure 2.6: Visualization of support points and the corresponding cubic spline interpolations
applied to dislocation geometries within a local coordinate system. The cubic
spline interpolation ensures 𝐶2 continuity, effectively capturing the intricate and
continuously varying curvature characteristic of dislocations. This method provides
a robust mathematical framework for modeling dislocation lines, accommodating
both global and local geometric variations inherent in complex microstructures.

into labelme. A specific dislocation is selected, and is annotated as a polygon by manually
placing points along the dislocation. Once the annotation is complete, a JSON file is generated,
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containing the coordinates of the selected points in the image reference frame. These coordinates
are then transformed into the standardized local coordinate system, providing the support points
necessary for generating the synthetic microstructure.

2.2.2 Parametric Model for Dislocation Pileup

So far we have described how a dislocation can be modeled as a mathematical spline. In this
work, we have assumed each dislocation being a part of a dislocation pileup. A single dislocation
is a special case of a dislocation pileup consisting of just one dislocation. A real dislocation
pileup in crystalline materials is characterized by a series of dislocations, that are located on
the same slip plane and thus share the same Burgers vector. These dislocations are typically
generated as a result of external stress, accumulating at an obstacle, such as a grain boundary, a
precipitate. Apart from the direction along which dislocations are aligned in a pileup, the spacing
between dislocations of the pileup is also an important characteristic of a pileup. The spacing
between each dislocation in a realistic pileup is not arbitrary; it is governed by the balance of
forces due to the stress field from external loading and the interactions between the dislocations
themselves. These interactions are predominantly elastic, arising from the stress fields that each
dislocation generates. The impact of these factors dictate the distribution of the dislocations in
the pileup.

Very accurate and realistic modelling of dislocation pileup would require simulation methods
based on dislocation mechanics where stress strain fields can be numerically solved for the
dislocation shapes and dislocation distribution. In this work, our objective is to generate a
representative dislocation microstructure for training machine learning models and hence it is
not required to obtain the dislocation distribution and spacing from such methods which requires
much detailed work from implementation to modelling of numerical equations.

Parameter Description
𝑁 Number of dislocations in the pileup.
Δ𝑑 Slip width (perpendicular distance between slip trace lines).
𝛼 Orientation angle along which dislocations are aligned in the

pileup.
𝑝0 Reference point on the slip trace line. Starting point for the

first dislocation; defines initial position.
Dislocation spacing Minimum pixel spacing between dislocations. Prescribed

offset between adjacent dislocations based on distribution.

Table 2.1: Parameters for Modeling a Dislocation Pileup

The first step is to decide the values of the required parameters namely number of dislocations
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to be part of the pileup, slip width Δ𝑑 and orientation angle 𝛼 of the direction along which
dislocations are aligned in the pileup. The slip width is just the perpendicular distance between
the two slip trace lines of the pileup which can be determined using the dislocation alignment
direction. Along with this, we also need a reference point 𝑝0 which is the point on of the slip
trace line at which the first dislocation start. These parameters are shown in step 2 of Figure 2.1
and described in Table 2.1.

The steps to generate a dislocation pileups are as follows:

1. Define Required Parameters: Define the key parameters required for generating the
dislocation pileup. The values of these parameters can be either obtained from a real
dislocation pileup or from a distributions of the parameters which can be obtained from
study of dislocation pileups of interests. Another approach would be to approximate
the distribution using probability density functions which can be a good option in case
distributions from real dislocation pileups is not available.

2. Generate Dislocation Spline in Local Coordinate System: Generate the dislocation
spline based on the defined spline support points as described earlier. The spline represents
the dislocation in a local coordinate system . This spline serves as a mathematical
representation of the dislocation line, capturing its curvature and complexity.

3. Transform to Image Coordinate System: Convert the generated spline from the local
coordinate system to the image coordinate system. First, multiply the spline points by the
slip width (Δ𝑑). This step scales the spline to ensure that the dislocations are accurately
scaled wrt. to the image coordinate system. Next, rotate the points using the orientation
angle (𝛼). This rotation aligns the dislocation spline with the defined pileup direction,
ensuring that the dislocation reflect the desired orientation relative to the dislocation pileup.
At this step we have a dislocation which is aligned with the slip direction of the pileup.

4. Move First Point of Dislocation to Reference Point (𝑝0) of Pileup starting point: Adjust
the dislocation spline so that it coincides with the reference point of the first dislocation of
pileup. This adjustment ensures that the first dislocation lies precisely where we want the
dislocation pileup. At this step we have the first dislocation of the pileup which is correctly
oriented and placed at the desired location in the dislocation pileup.

5. Generate Additional Dislocations to Complete the Pileup:Use the distribution of
dislocation offsets to generate additional dislocations in the pileup. First, determine the
dislocation offsets, which define the minimum spacing between consecutive dislocations.
Generate subsequent dislocations by repeating the earlier steps for each new dislocation.
Each new dislocation must be positioned along the dislocation direction while maintaining
the prescribed pixel spacing to ensure a realistic arrangement of dislocations in the pileup.

To create more complex structures with multiple pileups, we can define more pileups. Each
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pileup can have its own unique set of parameters. By carefully selecting these parameters,
overlapping pileups can be generated, resulting in more complex and realistic configurations.
The locations of the pileups can be strategically chosen to mimic realistic distributions observed
in real microstructures. This flexibility allows for creating synthetic images that represent a wide
variety of dislocation arrangements.

2.2.3 Parametric Model for Slip Trace Line

To include slip trace lines in the synthetic microstructure, we model each slip trace line as a
straight line, which can be described by any two points lying on the line. Once the pileup
has been generated, we can generate slip trace lines for the pileup. The first slip trace line is
determined by connecting 𝑝0, the starting point of the first dislocation, with the first point of the
last dislocation in the pileup. The second slip trace line is formed by connecting the last point of
the first dislocation with the last point of the last dislocation.

For both slip trace lines, we perform one-dimensional interpolation between the two defining
points to compute equidistant points along each line. This process generates a set of line segments,
which can be used during rendering. By assigning different grayscale values to each segment, we
can mimic the appearance of realistic slip trace lines, capturing the subtle variations in contrast
typically observed in real TEM images.

2.2.4 Parametric Model for Spots/Second Phase Particles

In this model, we aim to simulate the spots seen in the real TEM images of dislocation
microstructure. These spots can be modeled as irregular polygons that are generated through a
two-step process starting from a perfect circle.

The process begins by placing vertices equally spaced along the circumference of a circle with
an average radius 𝑟0. The total number of vertices is denoted by 𝑁 , and each vertex is positioned
at an angle 𝜃𝑖, where 𝑖 = 1, 2, . . . , 𝑁 . The coordinates of each vertex are given by:

(𝑥𝑖, 𝑦𝑖) = (𝑟0 cos(𝜃𝑖), 𝑟0 sin(𝜃𝑖)),

where the angle 𝜃𝑖 is defined as:

𝜃𝑖 =
2𝜋(𝑖 − 1)

𝑁
.

This step generates a regular polygon with 𝑁 vertices, all placed at an equal distance from the
center of the circle as shown in step 1 of Figure 2.7.
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Figure 2.7: Generation of spots based on polygon. Step 1 shows a perfect circle with evenly
spaced vertices (no irregularity or spikiness). Step 2 introduces irregularity, resulting
in a polygon with vertices that deviate slightly from a perfect circle, while maintaining
smooth edges. Step 3 adds spikiness, creating a more jagged and irregular shape with
pronounced spikes along the perimeter.

Next, the angular spacing between consecutive vertices is altered by introducing irregularity.
Each angle 𝜃𝑖 is perturbed by a random value Δ𝜃𝑖, where:

𝜃′𝑖 = 𝜃𝑖 + Δ𝜃𝑖,

and Δ𝜃𝑖 is sampled from a uniform distribution:

Δ𝜃𝑖 ∼ Uniform(−𝛿, 𝛿),

where 𝛿 is a parameter controlling the degree of irregularity. This step distorts the angular
positions of the vertices, causing the spacing between them non-uniform, while still maintaining
a roughly circular shape as shown in step 2 of Figure 2.7.

To further distort the shape, the radial distance of each vertex from the center is modified.
Each vertex’s distance is perturbed by a random value Δ𝑟𝑖, where:

𝑟′𝑖 = 𝑟0 + Δ𝑟𝑖,

and Δ𝑟𝑖 is drawn from a normal distribution:

Δ𝑟𝑖 ∼ Normal(0, 𝜎),

where 𝜎 is a parameter that controls the spikeyness of the shape. A higher spikeyness value results
in larger variations in the radial distances, giving the spot a more jagged or spiked appearance as
shown in step 3 of Figure 2.7.
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Once the irregular vertices are generated, the convex hull of the set of points is computed.
The convex hull is the smallest convex polygon that encloses all the points. This convex hull
represents the outer boundary of the irregular spot, and it is the final spot shape that captures the
outermost boundary of the distorted points as shown in step 3 of Figure 2.7.

2.3 Rendering of Dislocation Microstructure onto the
Background

So far, we have described how to generate a background for synthetic image using the two
methods and how to model different structures (i.e., dislocation pileup, slip trace line and spots).

(a) (b) (c)

Figure 2.8: Background patch images (a) and (b) are superimposed using opacity value of 0.5 to
get background image (c) for synthetic image generation.

Let us understand what we have so far and how we can obtain the final synthetic image. Let us
assume that we want to generate a synthetic image using background patches to generate the
background for the image and a microstructure of a single pileup with three dislocations. The
first step is to generate the background. We take the two images of the background patches as
shown in Figure 2.8 and superimpose them using opacity value of 0.5. The resulting background
image shown as Figure 2.8(c) still looks very realistic and will be used as background image for
further steps.

The next step is the microstructure generation. To generate the dislocation pileup, we need to
first obtain support points for the three dislocations of the pileup. The support points for the three
dislocations used for this example are shown in Figure 2.9. We follow the steps described in
Section 2.2.2 to generate the pileup by providing values of parameters (i.e., slip width, orientation
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Figure 2.9: Support points and dislocation splines for the three dislocations used to generate
pileup.

angle and dislocation spacings). This step provides us with 𝑁 = 100 points on each dislocation
of the pileup as shown in Figure 2.10b which shows scatter plot of points of the dislocations.

To synthesize a realistic bright-field micrograph (Figure 2.10c), the dislocation microstructure
(Figure 2.10b) is rendered onto the background image (Figure 2.10a). In bright-field imaging,
dislocations typically appear darker due to diffraction contrast. To mimic this effect, dislocations
are rendered segment by segment, with appropriate intensity adjustments to mimic the darker
appearance caused by diffraction contrast. This is done in the following manner.

1. For each line segment in the dislocation structure, the gray value at a pixel location (𝑥, 𝑦),
denoted as GrayValue(𝑥, 𝑦), is derived from the corresponding position on the background
image. This gray value ranges between 0 and 1, where a value closer to 0 corresponds to a
darker pixel, and a value closer to 1 represents a brighter pixel.

2. A user-defined parameter, referred to as the gray value factor, is introduced to darken the
gray value of the dislocation for enhanced contrast. The adjusted gray value at the dislo-
cation is calculated as: GrayValuedislocation(𝑥, 𝑦) = GrayValue(𝑥, 𝑦) − gray value factor ×
random.uniform(0.75, 1.0), where random.uniform(0.75, 1.0) introduces a degree of ran-
domness, ensuring subtle local variations in contrast along each dislocation segment. These
variations contribute to a more realistic appearance, as shown in Figure 2.11b. Lower
values of the gray value factor produce lighter dislocation lines, while higher values yield
darker and more prominent lines. When the gray value factor is close to 0, dislocations
become almost indistinguishable from the background, as illustrated in Figure 2.11a. We
start to see more darker dislocations as we use higher value. For very large value, the
dislocation lines appear almost as black lines as shown in Figure 2.11c.
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(a) (b) (c)

Figure 2.10: (a) Background image for synthetic image. (b) Dislocation microstructure of pileup
of three dislocations. (c) Final Rendered synthetic image of microstructure onto the
background.

3. To simulate the physical appearance of dislocations, a parameter controlling line thickness
is applied. This parameter determines the width of each dislocation segment. To prevent
an overly uniform appearance, minor random variations in thickness are introduced on a
segment-by-segment basis, further enhancing realism.

(a) (b) (c)

Figure 2.11: Rendering of dislocations using gray value factor ranging between (a) 0.0 and 0.1,
(b) 0.1 and 0.4 and (c) 0.4 and 0.7. Increase in the value leads to darker dislocation
lines.

To further enhance realism, a Gaussian filter is applied to this rendered image. While this
step inevitably suppresses some local details—potentially leading to a slight loss of sharpness
at the dislocation boundaries—it is instrumental in achieving more natural transitions between
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the dislocations and their background. Three synthetic images are shown for different values of
filter in Figure 2.12. Excessive smoothing with large values of filter (shown as Figure 2.12c)
can, however, diminish the distinctive features that are crucial to mimic a real image. Thus, an
appropriate filter size must be carefully chosen, guided by a balance between achieving realistic
appearance and retaining sufficient dislocation detail for machine learning tasks.

(a) (b) (c)

Figure 2.12: Improving realism of rendered dislocations using Gaussian filter of size (a) 2.0 (b)
3.0 and (c) 4.0.

In addition to creating the synthetic images, this approach simultaneously generates precise
ground truth masks for dislocations. Reproducibility and parameter management are ensured via
the consistent documentation of all relevant parameters in a JSON file. This design choice is
crucial for fostering transparent research practices and allowing future investigators to replicate
or expand upon the generated datasets. Detailed records of parameter values—such as the ranges
used for line thickness, the gray value factor, or the degree of Gaussian smoothing—enable exact
replication of each synthetic image, as well as the capacity to systematically explore parameter
spaces for sensitivity analyses.

Despite the level of realism achieved through parametric modeling and contrast manipulation,
it is important to acknowledge the cases in which synthetic images may still appear recognizable
as artificial. One such scenario is when the local pixel distribution on or near dislocations lacks
the complex variation seen in real microstructures. Moreover, when the parameters, such as line
thickness or contrast factor, are too narrowly sampled, the resulting images may fail to represent
the full range of morphologies characteristic of real dislocations. These limitations highlight the
challenges intrinsic to purely parametric methods in capturing high-fidelity realistic images.

Nonetheless, this synthetic data generation framework is highly adaptable and can be extended
beyond dislocations in crystalline materials. The spline-based or polygonal representation can
be transferred to represent other line-like or near-circular shapes, depending on the application.
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2 Parametric Based Synthetic Data Generation

Figure 2.13: A wide range of synthetic images can be generated by varying parameter values of
dislocation microstructure. Six sample images are shown with different dislocation
shapes, sizes and orientations of pileup.

For instance, in the context of additive manufacturing, where bubble formation during the
process can lead to defects observable via X-ray imaging, the same parametric method can be
employed by using ellipses or splines to approximate bubble boundaries [96]. Similar principles
apply in biological imaging, where worm-like structures can be faithfully synthesized via spline
representations, providing annotated datasets for training segmentation or detection models
[97, 98]. Thus, by tailoring the underlying parametric shapes, contrast rules, and randomness
factors, the framework supports a variety of domains in need of synthetic training data.

The synthetic generation of dislocation microstructures presented here is driven by the need to
create controllable, diverse, and high-fidelity training data for machine learning models. While
inevitably introducing some nonphysical features, the deliberate perturbations and carefully tuned
rendering parameters enhance dataset variability without compromising model performance.
Examples of the versatility of this synthetic image generation approach are illustrated in
Figure 2.13, which shows the diverse range of dislocation microstructures we can generate by
carefully selecting parameter values.
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The purpose of using machine learning in this work is to process a TEM image containing a
dislocation microstructure and automatically extract the dislocations as curvilinear features (for
example, represented as splines), as illustrated in Figure 3.1. This can either be done directly,
where a machine learning model is designed in such a way that it directly predicts the support
points of the splines or indirectly, where the machine learning model predicts the dislocation
masks and then the masks are post-processed to obtain the dislocations as splines.

Figure 3.1: Illustration of digital representation of dislocations in a TEM image as spline curves.
The process involves either direct prediction of spline support points by a machine
learning model or indirect prediction of dislocation masks followed by post-processing
to extract spline representations. This approach facilitates accurate modeling of
dislocation geometries for subsequent data-driven analysis.

In this work, we focus on three different machine learning based approaches as described
below. We will discuss one of the most versatile and popular approach, instance segmentation, in
Section 3.1 based on Mask Region-Based Convolutional Neural Network (Mask R-CNN) model.
We also provide details of the architecture of the model and some of its most important features.
This is followed by a slight variation where we use Mask R-CNN but try to predict the spline
support points directly for each dislocation. This does not require any post-processing of a mask
to obtain the splines. The last approach discussed in details is multi-label segmentation where
we predict a single dislocation per mask.
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3.1 Instance Segmentation Approach: Mask R-CNN model

Instance segmentation is an important method in the field of computer vision where the object
detection task is performed by predicting the bounding boxes around objects of interest as well
as segment instances of each object. A real image of dislocation microstructure consisting of
a pileup of three dislocations is shown in the left image of Figure 3.2. We obtain bounding
boxes around each dislocation (middle image of Figure 3.2) along with the segmentation masks
using the instance segmentation approach. We can then post-process the masks to represent each
dislocation as spline as shown in right image of Figure 3.2. Unlike semantic segmentation, which
classifies objects of the same type into a single category, instance segmentation identifies each
instance of a category separately [99]. This means it can distinguish between two dislocations
as distinct objects as shown in the example. This aspect is particularly useful in distinguishing
between dislocations that are very close or even overlapping. This is one of the major challenge
working with dislocation image data, which can be solved by using instance segmentation
approach.

Figure 3.2: The left image shows the original image, which contains a pileup of three dislocations.
The middle image highlights the output of the instance segmentation model, dis-
playing bounding boxes and segmented masks for each dislocation. The right image
demonstrates the post-processing step, where the segmented masks are converted
into splines for precise representation of individual dislocations.

The R-CNN framework, initially introduced by Girshick et al. [100], employs a two-stage
approach for object detection. In the first stage, it generates a set of candidate object regions
(referred to as region proposals) within an image. In earlier iterations of the model, the production
of these proposals relied heavily on a selective search algorithm. The selective search technique,
as proposed by Felzenszwalb and Huttenlocher [101], initially over-segments the input image
into a large number of small, superpixel-like regions. These regions are subsequently merged
hierarchically based on carefully defined similarity metrics, including shape, size, color, and
texture, ultimately yielding a set of roughly 2,000 candidate proposals per image. At each
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3.1 Instance Segmentation Approach: Mask R-CNN model

iteration of the merging process, two adjacent and similar regions are combined into a larger
region, thereby reducing the total number of proposals while progressively increasing the spatial
scale of the candidate regions. Although selective search represents a more efficient alternative to
exhaustive search methods, it remains computationally expensive, particularly for high-resolution
images. Furthermore, because it operates as a pre-processing step external to the learning process,
selective search cannot be trained end-to-end, thus introducing inefficiencies and complications
into the overall training pipeline.

Once the region proposals have been obtained, the second stage of the R-CNN framework
involves extracting discriminative features from each proposed region. To achieve this, each
region proposal is first warped or resized to a fixed dimension, ensuring compatibility with
standard CNN architectures. A pre-trained CNN, often AlexNet or VGG16, is then applied to
each region, producing a 4096-dimensional feature vector. This feature extraction step, repeated
for every proposal, significantly contributes to the computational overhead of the system. While
parallelization strategies can partially mitigate this cost, the repeated processing of a large number
of proposals remains a notable bottleneck.

Following feature extraction, the high-level CNN features corresponding to each proposal are
passed through a set of class-specific linear support vector machines (SVMs) to determine the
presence or absence of particular object classes. To refine the localization of objects within these
proposals, a separate bounding box regression model is used. The regression model adjusts
the spatial coordinates of the initially proposed bounding boxes to more accurately align with
the boundaries of detected objects. This combination of feature extraction, classification, and
bounding box refinement proved effective, leading to a substantial improvement in detection
performance. The original R-CNN work, for instance, achieved an approximate 30% increase in
mean average precision (mAP1) compared to previous state-of-the-art methods.

Despite these advancements, the R-CNN approach suffered from several limitations that hinder
its practical utility. Notably, the reliance on a separate, non-trainable selective search process
complicates training and prevents an entirely end-to-end learnable system. Moreover, performing
computationally expensive CNN-based feature extraction for thousands of region proposals
results in high latency and limits the suitability of the R-CNN model for real-time applications.
As the field of object detection advanced, subsequent methods sought to address these issues
by integrating region proposal generation into the network itself and streamlining the feature
extraction process, paving the way for more efficient, end-to-end trainable models.

The introduction of Region Proposal Network (RPN) by Ren et al. [102] in Faster R-CNN
model marked a new era in instance segmentation. This advancement enabled end-to-end training,
significantly simplifying the training process and reducing model complexity. The RPN has

1Mean Average Precision is a standard evaluation metric for object detection tasks, calculated as the mean of
the average precision (AP) scores across all object classes. It evaluates both precision and recall to provide a
comprehensive measure of detection accuracy.
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proven highly effective for object detection tasks. Convolutional layers, through kernels of
various sizes, excel at capturing image features, learning essential patterns in the data [103, 104].
Faster R-CNN improved object detection by incorporating the RPN to generate region proposals,
a significant advancement over R-CNN, which applied CNNs individually to thousands of region
proposals obtained via selective search. Faster R-CNN, in contrast, passes the entire image
through the CNN only once to create a feature map, from which it extracts features for each
region, greatly enhancing training and inference speeds. In this unified model, all tasks—region
proposal generation, feature map creation, object detection, and bounding box regression—are
streamlined into a single framework, further improving performance by using a multi-task loss
for classification and bounding box regression.

Faster R-CNN was later extended to include high-quality instance segmentation with the
development of Mask R-CNN [55]. Mask R-CNN introduced a flexible design that allows
additional branches for parallel tasks, enabling instance segmentation along with other tasks,
such as keypoint detection. Since its introduction, newer and faster models have been developed,
like YOLO [105], designed for speed and accuracy, with some models specifically optimized
for real-time detection in practical computer vision applications [106]. These developments
have greatly expanded the scope and application of deep learning-based models in real-world
detection and segmentation tasks.

In this work, we use the Mask R-CNN deep learning model for instance segmentation. The
architecture, shown in Figure 3.3, consists of three key components: a backbone network for
feature extraction, a RPN for generating object candidate regions, and a Region of Interest (RoI)
alignment layer. The model then branches into two paths: one for bounding box detection
and classification, and the other for mask generation and keypoint detection. Each of these
components are discussed in details in the following subsections.

3.1.1 Backbone of Mask R-CNN Model

The process begins by passing an input image through a pre-trained convolutional neural network,
known as the backbone network. The backbone is responsible for feature extraction, where it
transforms the input image into a set of feature maps that capture different levels of abstraction from
the image. Several backbone architectures can be employed, including ResNet [107] and VGG19
[108], each offering distinct advantages in terms of feature representation and computational
complexity. ResNet50, a deep convolutional neural network with 50 layers, is used in this work
as the backbone architecture due to its efficient balance between model depth and computational
demands. By incorporating residual connections, ResNet50 addresses the challenge of vanishing
gradients, facilitating the training of deeper networks and enhancing gradient propagation. This
architecture effectively extracts hierarchical features, progressing from low-level features such
as edges and textures in the initial layers to high-level, abstract representations in the deeper
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Figure 3.3: Schematic representation of Mask R-CNN architecture. The model is composed
of three primary components: (1) a backbone network for extracting high-level
features from input images, (2) a Region Proposal Network (RPN) for identifying
potential object regions, and (3) an ROI Align layer for precise spatial alignment of
the proposed regions. Following the ROI Align step, the architecture branches into
two parallel paths: one dedicated to object detection and classification, producing
bounding boxes and class labels, and the other dedicated to instance segmentation,
generating pixel-level masks for each detected object.

layers. Although training the model on a dataset specific to dislocation images would yield more
tailored feature maps, pretrained ResNet50 provides valuable insights into the learned image
representations.

To further enhance the model’s capability to handle multi-scale features, a Feature Pyramid
Network(FPN) first proposed by Lin et al. [109], was incorporated into the architecture alongside
the ResNet50 backbone. FPN is specifically designed to capture and represent features at multiple
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scales by constructing a pyramid of features from a single input image, which is particularly
beneficial for complex images with hierarchical structures. This pyramid includes feature maps
with varying spatial resolutions, spanning from high-resolution features with precise spatial
details to low-resolution features rich in semantic information. The high-resolution layers,
derived from the early stages of the network, capture fine-grained spatial details like edges
and small patterns, which are crucial for distinguishing textures and small-scale patterns. In
contrast, low-resolution layers from the deeper network stages focus on high-level semantic
content, representing more abstract structures.

FPN achieves this hierarchical representation by building a top-down pathway that fuses
information from both high and low-resolution feature maps. It utilizes lateral connections that
combine feature maps from each stage of ResNet50 with upsampled maps from higher layers,
creating multi-scale features that integrate both fine details and contextual understanding at each
level. This combination enhances the model’s ability to detect objects and structural patterns
across scales.

3.1.2 Region Proposal Network (RPN)

The quality and richness of feature maps generated by the backbone network play a crucial role
in the performance of subsequent stages in object detection models, particularly in the RPN and
RoI Align layer. The feature maps produced by the backbone network serve as inputs to the
RPN, which generates object proposals that are refined in later stages. For the RPN to function
effectively, these feature maps must be of high quality. This quality is enhanced by using feature
maps from multiple layers of the backbone network instead of relying solely on the final feature
layer. The RPN leverages features from various layers, enhancing its ability to detect objects of
different sizes and scales. This multi-layer approach allows the RPN to capture both fine details
and broader contextual information, improving the accuracy of the generated proposals.

The RPN is designed to propose candidate object bounding boxes (regions) from the input
feature maps. Its operation can be broken down into several steps. At the core of the RPN are
anchor boxes, which are predefined bounding boxes that serve as reference points for identifying
potential object regions within the image. The RPN generates anchor boxes for each point on the
feature map produced by the backbone. Anchor boxes are generated based on specific scales and
aspect ratios: scales of 128, 256, and 512, and aspect ratios of 1:2, 1:1, and 2:1. The feature
map is a downscaled version of the original image (e.g., reduced by a factor of 16 in width and
height when using VGG16), meaning each point on the feature map corresponds to a larger
region in the original image. To ensure that the anchor boxes generated on the feature map align
correctly with regions in the original image, their dimensions and positions must be adjusted by
the same scaling factor. This adjustment guarantees that the anchor boxes accurately represent
their intended areas in the original image. This is accomplished by using the downsampling
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factor as a stride when positioning anchor boxes across the image. The placement of anchor
boxes ensures they correspond accurately to the scale of objects in the original image. For a
feature map with a spatial resolution that is 1/16th of the original image, anchor boxes must be
appropriately positioned to align with the true object locations in the original image.

Figure 3.4: Illustration of anchor box generation for the initial point of a 25 × 25 feature map
derived from an 800 × 800 input image. The anchor boxes are centered at position
(16,16) and are categorized into three aspect ratios—1:2, 1:1, and 2:1—represented
by purple, red, and black colors, respectively. This configuration results in nine
anchor boxes per feature map point, facilitating the identification of potential object
regions within the image.

To illustrate the concept of anchor boxes, let us consider an example where we have feature
maps of size 25 × 25 for an input image of size 800 × 800 as shown in Figure 3.4. For each
position on the 25 × 25 feature map, we need to generate anchor boxes. For the 3 different scales
and 3 different aspect ratios, we will generate a total of 3 × 3 = 9 anchor boxes for each position
of the feature map. The total number of positions on the feature map is 625. Since we generate 9
anchor boxes for each position on the feature map, the total number of anchor boxes generated
will be 625 × 9 = 5625.

The coordinates for the first 9 anchor boxes, centered around the top-left corner of the feature
map, will vary based on the calculated dimensions but will be anchored at the center of the
feature map’s first position. Each anchor box is defined by its width and height, calculated based
on the chosen scales and aspect ratios shown in the figure. To accurately place these anchor
boxes in relation to the original input image size, we need to consider the down-sampling that
occurs when generating the feature map. For the feature map, each position in the feature map
corresponds to a 32 × 32 pixel region in the original image, since the image is down-sampled by
a factor of 32. Therefore, the anchor boxes centered at the first feature map position (1, 1) will be
positioned at the coordinates corresponding to the top-left 32 × 32 pixel block of the original
image as shown in the figure which will have center at 16, 16. Consequently, each of the 9 anchor
boxes will extend outward from this center point according to their calculated dimensions. The
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precise placement ensures that these anchor boxes are positioned correctly to potentially overlap
with any objects present in the original image, thereby improving the likelihood of accurate
object detection in subsequent processing steps.

Figure 3.5: Schematic representation of a Region Proposal Network architecture. The RPN
generates object proposals by sliding a small network over the convolutional feature
map produced by the backbone network. For each sliding window, it predicts multiple
region proposals, each with an objectness score and bounding box coordinates. These
proposals serve as candidate regions for further processing in the subsequent stages
of the Mask R-CNN pipeline.

At this stage, the RPN generates a large number of potential anchor boxes that could contain
objects. However, two critical issues need to be addressed. First, we must classify each anchor
box to determine whether it contains an object. This classification is essential for distinguishing
between foreground objects and background noise. Second, even when an anchor box is found to
contain an object, it may not perfectly fit the object due to variations in shape and size. Therefore,
adjustments to the anchor boxes are necessary to ensure that the entire object is accurately
encompassed. The RPN tackles these challenges by making two key predictions for each anchor
box, as illustrated in Figure 3.5 where we have a classifier and regressor.

The classifier predicts the objectness score, which serves as probability for the binary
classification indicating whether the anchor box contains an object or not. This score helps
in effectively distinguishing between foreground objects and background areas. The regressor
provide refinements to the anchor boxes in the form of offsets relative to their original positions
and sizes. These offsets allow the network to adjust the anchor boxes to more accurately fit the
detected objects. During training, the RPN incorporates both predictions into its loss function,
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balancing the contributions from the classification accuracy and the bounding box precision.
This balance is crucial for the effective performance of the RPN, as it ensures that the model
not only identifies regions with potential objects but also identify their boundaries with high
precision. The RPN outputs K proposals, each defined by four values that specify the bounding
box coordinates and two scores for the objectness score.

3.1.3 Generating Proposal Regions from RPN

After the RPN generates K proposals along with their associated objectness scores and corrections
for the boxes, several important post-processing steps are taken to refine these proposals for use
in subsequent stages of the pipeline. The first step involves selecting the top 200 anchor boxes
based on their objectness scores. This selection process helps to reduce the number of proposals
to a manageable amount while retaining those that are most likely to correspond to objects in the
image. The choice of retaining 200 proposals is a hyper-parameter that can be adjusted based on
the specific requirements of the application, ensuring a balance between computational efficiency
and detection performance.

Following the selection of the top proposals, we apply a threshold based on the minimum area
of the anchor boxes to remove any proposals that are too small to be meaningful. This step is
crucial, as very small anchor boxes may not correspond to any significant object, leading to noise
in the final output. By discarding proposals that do not meet the minimum area requirement, the
model focuses on regions that are more likely to contain relevant objects, thereby improving the
quality of the proposals that will be considered for further processing.

The final refinement of the proposals is accomplished through the use of Non-Maximum
Suppression (NMS), which filters out redundant proposals that may overlap significantly. NMS
uses the Intersection over Union (IoU) 2 metric to evaluate the overlap between anchor boxes,
with a predefined IoU threshold—commonly set to 0.5 — used to determine whether to retain or
discard an overlapping box. The NMS works as follows:

1. Sort by Objectness Score: All candidate proposals are sorted in descending order based
on their objectness scores.

2. Select the Top Box: The bounding box with the highest objectness score is selected first.

3. Calculate IoU: The IoU between the selected box and all other boxes is calculated.
2Intersection over Union (IoU) is a metric used to evaluate the overlap between two bounding boxes, typically in

the context of object detection. It is calculated by dividing the area of overlap between two boxes by the area of
their union. The resulting value ranges from 0 (no overlap) to 1 (perfect overlap). In object detection, a higher
IoU indicates a better match between the predicted and ground truth bounding boxes. For details, please refer
Section 3.4.1.
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4. Remove Overlapping Boxes: Any boxes with an IoU greater than the predefined threshold
with the selected box are discarded.

5. Repeat: The process is repeated with the next highest-scoring box, iteratively removing
any boxes that overlap too much with the selected boxes.

By filtering out redundant boxes, NMS ensures that only the most accurate proposals remain,
improving the efficiency and accuracy of object detection models.

3.1.4 Region of Interest Alignment (RoI Align)

After the proposals are generated by RPN we use RoI Align. RoI Align addresses a key challenge
in object detection models: extracting a fixed-size feature vector from an arbitrary-sized region
proposal. This is crucial for applying a classifier and bounding box repressor, which requires
inputs of a consistent size. The primary function of RoI Align is to accurately extract feature
maps from each proposed region, ensuring that the spatial information is precisely preserved
which is required to improve the accuracy.

To understand it better, let us consider the previous example where we have a feature map of
size 25 × 25 for the image of size 800 × 800. Let us assume that one of the proposed region has
size 156 × 220. When we try to map it onto the feature map, the proposed region is down scaled
by a factor of 32 and we get 4.875 × 6.875 which does not align with the grid of the feature map.
The spatial miss alignments can adversely affect the model’s performance, particularly in tasks
requiring precise localization, such as instance segmentation. RoI Align works by dividing each
proposal region into a fixed number of bins (e.g., a 7x7 grid). For each bin, it calculates the
exact values of the input features at four regularly sampled locations within the bin. At each of
these four locations, RoI Align uses bilinear interpolation to compute the exact value of the input
feature map. Bilinear interpolation considers the closest four feature points in the feature map
and computes the value based on their weighted average. This method preserves the fractional
part of the coordinates, ensuring that the spatial information is not lost. After computing the
interpolated values, RoI Align aggregates them (usually by averaging) to produce a single output
value for each bin. The results from all bins form a fixed-size feature map for each RoI. At the
end of the RoI alignment, we will have a fixed size feature map for each of the proposals obtained
from RPN having same number of features as discussed above.

3.1.5 Classification and Regression Heads

The RoI Align provides fixed size features for each proposal region which can now be used to
predict the object category of the region and the corresponding bounding box for each category.
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It is important to note that the object detection pipeline performs classification twice, first within
the RPN and subsequently in the final detection head. In the RPN, classification is used to assign
an objectness score to each anchor box, indicating whether it likely contains an object or not.
This initial classification step enables the RPN to select the most promising candidate proposals,
which are then passed on to the next stage of the network. These proposals, however, do not yet
have specific object category labels assigned to them; they are only filtered and refined based on
objectness scores and bounding box adjustments.

The fixed-size feature maps generated by RoI Align are fed into a classification and bounding
box regression network, referred to as the detection head. In this final detection head, the model
performs a second classification, this time to predict the specific object category for each proposal.
The detection head uses a series of fully connected layers that map the feature vectors to discrete
object classes, similar to the approach used in standard image classification tasks. This allows
the model to assign a specific category label to each proposal region.

In addition to classification, the detection head also performs a second bounding box regression,
providing refined bounding box coordinates tailored to the predicted object category. This final
bounding box adjustment helps to more accurately enclose the detected object within the proposal
region, further improving localization precision. By performing both classification and bounding
box regression in the detection head, the model is able to output highly accurate object labels and
precise bounding box coordinates for each detected object, leveraging both the initial proposals
from the RPN and the fixed-size feature maps from RoI Align. This dual-stage classification and
refinement process enhances the overall accuracy and robustness of the object detection pipeline.

3.1.6 Mask Detection Head

Once the bounding box detection task has been completed and the object category and bounding
box coordinates have been predicted for each proposal, we can proceed with mask generation.
To begin, the outputs of the bounding-box detection step are analyzed, and only the proposals
that contain objects (based on a predefined probability threshold) are retained. After filtering
these proposals, we perform another RoI alignment. However, unlike the previous RoI alignment
used in bounding box detection, this alignment operates on the proposals refined by the detection
head, rather than those initially generated by the RPN. Additionally, for this alignment task, a
larger grid size (e.g., a 56 × 56 grid) is used, allowing for a higher-resolution feature map that is
well-suited for precise mask generation.

This dual application of RoI Align is crucial in enabling Mask R-CNN to perform both object
detection and instance segmentation with high accuracy. After obtaining the larger, aligned
feature maps for each proposal, a small CNN composed of several convolutional layers and
a transposed convolutional layer is applied to generate the segmentation mask. This network
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outputs a binary segmentation mask for each object class, indicating the precise pixel-level
locations of the detected object within each proposal region.

It is important to note that the predicted mask is produced at a lower resolution, typically
smaller than the original input image. To achieve a final mask with the same dimensions as the
input, a post-processing step is applied to upsample the mask. This upscaling operation ensures
that the mask aligns accurately with the original image dimensions, producing a high-resolution,
instance-specific mask for each detected object. This mask generation process, combined with
bounding box detection, forms the core of Mask R-CNN’s effectiveness in both object detection
and instance segmentation tasks.

3.2 Spline Support Point Detection: Keypoint R-CNN

We have discussed above how Mask R-CNN can be used to perform the instance segmentation
task. The model can be modified with relative ease to also perform keypoint detection, resulting
in the modified model known as Keypoint R-CNN. The problem of representing each dislocation
as a spline can also be modeled as a keypoint detection task, where the goal is to predict the
support points of dislocation splines. This formulation allows us to directly use the model’s
output to construct the spline without requiring additional post-processing of the results, as is
necessary for Mask R-CNN. Phrasing the problem as support point detection offers the advantage
of simplicity and efficiency in obtaining the desired spline structure. This approach has been
discussed in details by [36]. In this work, we aim to predict 20 support points for each dislocation,
based on the average number of points required to annotate a dislocation using the labeling
software labelme. This choice is made to strike a balance between accuracy and efficiency.
Predicting a dislocation with too few points could result in an overly simplified representation,
while using an excessive number of points might lead to inaccurate predictions of the support
points. Predicting large number of keypoints requires the model to maintain high accuracy in
spatial localization, which becomes more challenging as the number of keypoints increases. By
selecting 20 points, we ensure that the model can effectively capture the essential details of the
dislocation’s structure without compromising accuracy.

The keypoint detection head in Keypoint R-CNN is structured as a specialized network head
that operates on the feature maps obtained from the RoI Align layer, much like the mask head.
However, instead of producing binary masks or category labels, this head is designed to output
precise coordinates for each keypoint associated with an object. The head typically consists of a
series of convolutional layers followed by an output layer with a size corresponding to the number
of keypoints per object.

Keypoint detection in Keypoint R-CNN includes a specific loss function, often a mean squared
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error or L2 loss , applied at each keypoint location to encourage accurate prediction of each
support point. This head outputs a heatmap for each keypoint, which is then converted to precise
coordinates corresponding to the support points on the dislocation splines. The model’s flexibility
to predict a fixed set of support points ensures a consistent and structured output for spline
representation, enabling the straightforward reconstruction of each dislocation’s spline from the
detected keypoints.

3.3 Multi-label Dislocation Segmentation: U-Net++

Segmenting individual dislocations is especially challenging when multiple dislocations are
close to one another or even overlap. To address this, we generate a separate mask for each
dislocation, ensuring that all pixels within a mask belong to the same object. Our multi-label
dislocation segmentation approach uses U-Net++ architecture proposed by Iakubovskii [110]
using a ResNet50 backbone, implemented in PyTorch.

Figure 3.6: Overview of the U-Net++ architecture, highlighting its nested skip pathways and
deep supervision. Multiple intermediate nodes at each level refine the feature maps
before merging with upsampled decoder outputs, enhancing segmentation accuracy
for closely spaced or overlapping objects such as dislocations.

U-Net++ builds upon the standard U-Net [44] by introducing three main enhancements: nested
skip connections, deep supervision, and refinement of the skip connections as shown in 3.6. The

2L2 loss, also known as the mean squared error loss, is a common loss function used to measure the squared
differences between predicted and actual values. It is calculated as the average of the squared differences between
the predicted and true coordinates of each keypoint. This helps penalize large deviations from the true keypoint
locations, promoting accurate predictions.
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nested skip connections insert additional convolutional blocks along the pathways that connect
the encoder and decoder, allowing a more gradual transition in feature space. Unlike the single
skip connection in U-Net, U-Net++ creates multiple nodes at each level, each of which is refined
through convolutional layers before being merged with upsampled decoder features. The deep
supervision mechanism further improves training by incorporating partial segmentation outputs
from multiple layers in the decoder into the loss function, thereby enhancing gradient flow and
promoting multi-scale feature learning. This approach compels the model to generate consistent
segmentation results at several stages of the decoder, ultimately improving robustness.

By refining the skip connections using convolutional operations before merging with decoder
outputs, U-Net++ reduces the semantic gap between low-level features (e.g., edges and textures)
and high-level semantic cues (e.g., object shapes). This hierarchical approach helps capture
small boundary details while retaining global context. In the context of dislocation segmentation,
such multi-scale feature blending enables the model to distinguish closely spaced or partially
overlapping dislocations, ensuring each dislocation is accurately segmented as a separate entity.

Our experiments suggest that U-Net++ also offers flexibility in terms of computational
requirements. For instance, the network can be pruned to remove certain intermediate nodes, thus
lowering computational demands. Moreover, it allows for interchangeable backbone architectures
(e.g., VGG or EfficientNet) to adapt to various performance and hardware constraints. In this
work, we use ResNet50 as the backbone, striking a practical balance between accuracy and
efficiency.
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Figure 3.7: Synthetic image of a dislocation microstructure with five dislocations, showing
both ground truth and predicted masks. Top rows: Each individual dislocation is
represented by its own ground truth mask. Bottom rows: 20 predicted masks, where
the model attempts to predict a single dislocation in each mask.
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The model takes images of 512 × 512 pixels as input and outputs N masks of the same
spatial dimensions, where N is the maximum estimated number of dislocations in an image. By
assigning a separate mask to each dislocation, we enable subsequent analysis that requires precise
identification and localization of individual dislocations.

Let us consider a synthetic image, along with the corresponding true masks as depicted in
Figure 3.7. This image shows a dislocation pile-up of five dislocations, numbered from 1 to 5.
Ideally, we would expect that the machine learning model predict the five dislocations in five
individual masks, and the remaining 15 predictions should be empty masks.

Algorithm 1 Compute Average Image Loss for all Dislocations

• true_masks ⊲ list of ground truth masks, e.g., the 𝑖-th mask is true_masks[i]

• pred_masks ⊲ list of predicted masks, e.g., the 𝑗-th mask is pred_masks[j]

1: function ComputeAverageLoss(true_masks, pred_masks)
2: M← number of elements in the list true_masks
3: avg_loss← 0

4: ⊲ Iterate through all ground truth masks and find the best, predicted mask for each
5: for i← 1, M do
6: ⊲ obtain the loss for all predicted masks and the ground truth mask i
7: N← number of elements in the list pred_masks
8: loss_values←

[
DiceLoss(true_masks[i], pred_masks[1]),

...
...

DiceLoss(true_masks[i], pred_masks[N])
]

9: ⊲ find the index of the predicted mask with the lowest loss value
10: idx← argmin(loss_values)

11: ⊲ update the resulting loss of the image, given that there are M masks
12: avg_loss← avg_loss + loss_values[idx] / M

13: ⊲ ... and exclude the predicted mask to avoid double counting:
14: remove the mask at index idx from list pred_masks
15: return avg_loss

However, for simplicity, this is not enforced, and we also allow that these masks may contain
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dislocations. During our work we found that enforcing this additional condition results in poor
optimization of the models since the model does not know how to assign the dislocation in
the masks. In that case, any duplicate dislocation can be easily filtered out in a subsequent
post-processing step.

To train the model to predict only one dislocation per mask, we propose a novel loss function
which, at the core, is based on the widely-used Dice loss [111]. The Dice loss is calculated as

Dice loss = 1 − 2 × TP
2 × TP + FP + FN

, (3.1)

where TP (True Positives) is the number of pixel correctly predicted as part of a dislocation, FP
(False Positives) is the number of pixel incorrectly predicted as part of a dislocation, FN (False
Negatives) is the number of dislocation pixels that were missed. Our loss function is based on the
fact that each ground truth mask contains exactly one dislocation. The number of possible masks
for the prediction is a parameter that is specific to the dataset and needs to be equal or larger
than the number of dislocations in the image (usually, it is easy to determine, if the material
scientific experiment considers 2 or 20 dislocations). Figure 3.7 also shows an additional aspect
of the prediction of multiple masks: e.g., the predicted dislocation number 1 does not necessarily
corresponds to ground truth mask number at location 1. Hence an important step is to find
for each dislocation the most suitable mask. This is done by calculating the Dice loss for all
combinations of true masks and predicted masks. For a specific dislocation (i.e., true mask),
the corresponding predicted mask with the lowest Dice score is chosen as the most suitable
prediction. This approach of our newly designed loss function is presented in Algorithm 1. Using
this approach we can predict very close or overlapping dislocations by predicting each dislocation
in separate masks.

In the previous three sections, we discussed various machine learning approaches that we can
use either directly or indirectly to represent dislocations as splines. However, one of the critical
aspects of testing these models on unseen data is defining the evaluation criteria to quantitatively
measure their performance. Proper evaluation metrics help in assessing model quality, comparing
performance across models, and identifying areas for improvement. In the next section, we
discuss in details these metrics and introduce a custom metric specifically tailored to dislocation
length in segmented instances.
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3.4 Metric Based on Dislocation Length

3.4.1 Common Metrics for Segmentation

In segmentation tasks, evaluating how well a predicted mask aligns with the ground truth mask is
crucial. The most commonly used metrics include the Intersection over Union (IoU), the mean
Average Precision (mAP), and the Dice score. Each metric captures different aspects of a model’s
performance in detecting and localizing the objects or regions of interest.

The IoU metric, also known as the Jaccard index, measures the overlap between the predicted
mask and the ground truth mask. It is defined as:

IoU =
|𝑃 ∩ 𝐺 |
|𝑃 ∪ 𝐺 | , (3.2)

where 𝑃 is the set of pixels in the predicted mask, 𝐺 is the set of pixels in the ground truth
mask, |𝑃 ∩ 𝐺 | is the area of overlap, and |𝑃 ∪ 𝐺 | is the total area covered by both the predicted
and ground truth masks. The IoU ranges from 0 to 1, with higher values indicating a more
accurate overlap. Models achieving higher IoU values are generally considered more precise at
delineating object boundaries.

The mAP metric is widely used in both object detection and segmentation tasks. It considers
the model’s precision and recall at various IoU thresholds and then takes the average over these
thresholds. The mAP is defined as:

mAP =
1
𝑛

𝑛∑︁
𝑖=1

Precision(𝑖), (3.3)

where Precision(𝑖) is the precision at the 𝑖-th IoU threshold, and 𝑛 is the number of IoU
thresholds used.

Precision measures how many of the predicted positives are actually correct, and is given by:

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃, (3.4)

where 𝑇𝑃 (true positives) is the number of correctly predicted instances, and 𝐹𝑃 (false
positives) is the number of predicted instances that do not match the ground truth. A prediction is
often considered a true positive if the IoU between the predicted and ground truth masks exceeds
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a chosen threshold (e.g., 0.5). If the IoU is below this threshold, the prediction is counted as a
false positive.

Recall (also called sensitivity or true positive rate) measures the proportion of actual positives
that the model correctly identifies:

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 , (3.5)

where 𝐹𝑁 (false negatives) denotes the number of instances that were missed by the model. A
high recall indicates that the model successfully detects most of the true objects in the ground
truth.

By aggregating precision at multiple IoU thresholds, mAP provides a robust evaluation of how
effectively the model detects and localizes objects over varying degrees of overlap requirements.

The Dice score measures the overlap between predicted and ground truth masks but places
greater emphasis on correctly predicted pixels, making it particularly useful where precise
boundary alignment is essential. The Dice score is defined as:

Dice score =
2 × 𝑇𝑃

2 × 𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 , (3.6)

where𝑇𝑃, 𝐹𝑃, and 𝐹𝑁 represent true positives, false positives, and false negatives, respectively.
A Dice score closer to 1 indicates a high degree of overlap between the predicted and ground
truth regions, whereas a score near 0 indicates poor agreement. Because the Dice score balances
overlap with penalties for both false positives and false negatives, it is especially relevant in
medical image segmentation and other scenarios where small boundary misalignments can
critically affect the result.

3.4.2 Need for Custom Metric

Typically metrics such as Precision, Recall, IoU, and Dice Score are used to evaluate segmentation
quality, but they may not fully capture the nuances needed to measure the performance of the
models based on how useful the predicted results might be in representing the dislocations as
splines.

To understand it better, let us consider a TEM image consisting of a single dislocation along
with the true mask shown in Figure 3.8. The dislocation constitutes only 222 pixels out of 4096
total pixels of the image while the rest of the pixels belong to the background. Values of different

73



3 Machine Learning Approaches

Image True Mask Prediction (a)

Prediction (b) Prediction (c)

Figure 3.8: TEM image of a single dislocation with the corresponding true mask. (a) Model
prediction showing underestimation of the dislocation components. (b) Model
prediction where a portion of the background is incorrectly identified as part of the
dislocation. (c) Model prediction capturing both false positives and false negatives.

metrics for the 3 different predictions for the dislocation are presented in Table 3.1. From these
values, we can make the following observations:

1. The prediction shown in (a) does not contain any false positives (FP), which means that
every pixel identified as a dislocation is indeed a part of the dislocation. This results in a
Precision score of one, indicating perfect precision. However, it’s crucial to understand
that precision alone does not give a comprehensive picture of the model’s performance.
This is reflected in the Recall score, which at 0.68 indicates that some of the dislocation
pixels were not correctly identified, i.e., a substantial proportion of true positives were
missed by the model. Therefore, despite perfect precision, the model’s overall performance
is not ideal due to the lower recall.

2. In contrast, the prediction shown in (b) reflects a different bias in the model’s performance.
Here, Recall is one, meaning the model has successfully identified all true dislocation
pixels. However, this comes at the expense of precision, which has dropped to 0.888 due to
the model predicting parts of the background as dislocation, thereby increasing the number
of false positives. Despite this, the Dice score has improved significantly, surpassing 0.94
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Table 3.1: Metrics on 3 different predictions as shown in Figure 3.8
Predictions IoU Dice Precision Recall TP FP TN FN
Prediction (a) 0.68 0.81 1.00 0.68 151 0 3874 71
Prediction (b) 0.88 0.94 0.88 1.00 222 28 3846 0
Prediction (c) 0.67 0.80 0.85 0.75 168 28 3846 54

compared to earlier value of 0.81, demonstrating that the model has a relatively balanced
performance in terms of precision and recall, leading to a higher Dice score.

3. The prediction shown in (c) presents a case where both false negatives and false positives
exist, implying a blend of the issues seen in predictions (a) and (b). The model in this
case exhibits both under-prediction and over-prediction, causing an imbalance in recall and
precision. Despite this, both the IoU and Dice scores suggest comparable performance to
prediction (a), which underscores the limitations of relying on a single metric for model
evaluation. It’s critical to take into account both type I (false positive) and type II (false
negative) errors for a more holistic understanding of model performance.

From the above example, we can see that even though a number of metrics are available, each
provides unique information and we cannot use just one of them to compare the predictions.
Considering this, we developed the physics based metric to evaluate the performance of the
machine learning models.

How about adding more geometrical features to the loss, such as the orientation or even
the (local) curvature? This might seem like a useful approach since the stress locally acting
on a dislocation can depend on such details. However, we found that errors from orientation
differences are already indirectly considered in the Dice score since it uses the intersection
of the ground truth with the prediction. Additionally, the computational cost for evaluating
more complex metrics can also be significant, including additional geometric features was not
considered any further.

3.4.3 Custom Metric Formulation

When dealing with dislocation segmentation, the line-like nature of dislocations often renders stan-
dard pixel-based metrics less effective as discussed above. Dislocations, being one-dimensional
defects within a crystal lattice, are best quantified by measures that capture their length and
geometry. To address these challenges, we propose a custom metric that operates on the principle
of comparing the predicted dislocation length to the ground truth.

Let us consider an image as shown in Figure 3.9. The image has two dislocations which are
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Figure 3.9: An example training data for illustration of the proposed length-based metric for
evaluating machine learning model performance. Top row: An image of dislocation
microstructure with two dislocations (True Mask 1 and True Mask 2). Bottom row:
Predicted masks of dislocations for multi-label segmentation approach.

shown in two masks labeled as true mask 1 and true mask 2. For multi-label segmentation
approach, we would expect model to predict a single dislocation in a single mask. This is
usually not the case and we might have multiple dislocations predicted in a single mask or a
mask predicting only a part of a dislocation. Let us assume that the model is trained to predict a
maximum of five dislocations and the five predicted masks for the image are shown in Figure 3.9.
Mask 2 and mask 3 are predicting same dislocation but mask 3 predicts only a part of the
dislocation and is less accurate. Mask 1 predicts only a very small part of dislocation. Mask 5
is rather interesting where we have one of the dislocation very accurately predicted but a small
part of second dislocation is missing. Once we have the predictions of the dislocation masks as
shown in the Figure 3.9, we can use the true masks to evaluate metric. Below, we describe the
methodology in detail, starting from predicted masks preprocessing to metric calculation.

1. First, we train a model to segment dislocations. Despite the model’s capacity to produce
multiple masks, the underlying goal is that each predicted mask corresponds to one
dislocation. If the model merges multiple dislocations into a single mask (mask 5 in the
figure) or breaks a single dislocation into multiple parts, it may negatively impact the
final metric score. This requirement reflects the real-world physical expectation that each
dislocation line is distinct and continuous.

2. The initial prediction from the models typically comes in the form of probabilities, where
each pixel indicates the likelihood of belonging to a dislocation. To simplify further
processing, a threshold value of 0.5 is chosen. Pixels exceeding this probability are assigned
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a value of 1 (dislocation), and those below are assigned 0 (background). This binarization
step makes subsequent operations, such as connected component analysis, more robust by
eliminating low-confidence predictions.

3. We now perform an 8-connectivity analysis [112] using the OpenCV library [113] on the
binarized masks. This process groups neighboring pixels (in all eight directions around a
central pixel) into distinct components. Each connected component ideally represents one
dislocation. However, it is often observed that a single component may contain multiple
small fragments or multiple close dislocations that got merged into one predicted region.
Therefore, connected component analysis provides a systematic way to label and separate
these distinct regions, allowing us to inspect them individually.

4. In realistic microstructural images, noise or partial artifacts can give rise to very small
connected components that do not represent true dislocations. We remove such spurious
regions by discarding all components whose pixel count is below a user-defined threshold.
The threshold is usually determined empirically, balancing the risk of removing actual (but
tiny) dislocations against preserving clean, meaningful structures. By filtering out these
tiny regions, we ensure that the subsequent steps focus on more substantive dislocation
candidates. Out of the four masks in Figure 3.9, this step would filter our mask 1 and we
would be left with the remaining four masks (mask 2 to mask 5) for further steps.

5. Once we isolate the connected components of interest, we apply Lee skeletonization [114],
a thinning algorithm that iteratively reduces thick regions to their minimal one-pixel-wide
representation without significantly altering the topology. This step is crucial because
it converts a two-dimensional blob of pixels (which may represent the cross-section of
a dislocation in the image) into a one-dimensional representation. As dislocations are
inherently line defects, the skeleton better reflects their true geometry. Each skeleton thus
becomes a set of connected pixels that trace the approximate centerline of the dislocation,
preserving its overall shape and connectivity.

6. With the dislocation reduced to a skeleton, we fit a spline curve to the skeleton points. The
spline provides a smooth, continuous function that captures the meandering path of the
dislocation. By treating the skeleton points as control points, the fitting routine ensures
that local geometric variations are preserved, yet extraneous noise is mitigated. This step
is instrumental in obtaining a stable length measurement: a spline can be parameterized
and measured more precisely than a set of discrete points. At this step we perform another
filtering based on number of spline curves to get rid of masks which predicts more than
one dislocations such as mask 5. For the image, this would give us mask 2, mask 3 and
mask 4 to be valid for further steps.

7. Now we have the true masks and the filtered predicted masks where each mask represent
only one dislocation. It might happen that two masks such as mask 2 and mask 3 represents
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same dislocation. To find the most accurate predicted mask which corresponds to a true
mask, we follow the same steps as followed in the loss calculation and find the predicted
mask with the highest dDice score for a true mask. We might have a case where none
of the predicted masks corresponds to a true dislocation and the Dice score is zero and
hence we only consider the cases where the maximum Dice score is at least 0.1. We follow
the same steps for the remaining true masks and obtain corresponding predicted masks.
For the image in Figure 3.9, predicted mask 2 corresponds to true mask 1 and mask 3
corresponds to true mask 2.

8. Finally, we compare each predicted dislocation spline to the corresponding ground truth
spline. The predicted dislocation length 𝐿𝑃 and the ground truth dislocation length 𝐿𝑇
are measured by summing the arc length of the fitted splines. The metric score for the
dislocation is given by:

Metric Score for a dislocation = 1 − |𝐿𝑃 − 𝐿𝑇 |
𝐿𝑇

. (3.7)

A score of 1.0 represents a perfect length match, indicating that the predicted dislocation
aligns well with the ground truth in terms of both location and extent. By definition, any
prediction containing multiple dislocations in a single mask automatically receives a score
of 0 for that instance, as it violates the one-dislocation-per-mask constraint. This strict
penalty evaluates the model’s ability to generate predictions that accurately reflect distinct
dislocation lines rather than merging or predicting only a part of them. We then calculate
the score for all the dislocations and average them to obtain metric score for an image.

This length-based metric offers several advantages over pixel-wise metrics like the Dice score
or IoU metric. By focusing on a line defect’s fundamental property—its length—we capture the
physically salient feature of dislocations. Traditional metrics might award high scores simply
because large areas overlap, ignoring cases where the dislocation path is fragmented or inaccurately
traced. Nonetheless, one limitation of this metric is its reliance on enforcing a single predicted
dislocation per mask. If a model tends to over-segment or under-segment the dislocations, it may
be harshly penalized. While additional post-processing (e.g., advanced contour extraction or
manual splitting/merging) could refine such masks, these procedures generally require ground
truth guidance or heuristic logic, thereby complicating model evaluation. Hence, we prioritize
a direct metric, ensuring that any gains in performance truly reflect improvements in how the
model handles individual dislocation lines.
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In this chapter we start by exploring generative AI dreambooth approach to train stable diffusion
XL by fine-tuning on limited amount of real images to obtain unlabelled synthetic images of
dislocation microstructure. This is presented in detail in Section 4.1. We then start exploring the
synthetic data generation approach proposed in this work by addressing some of the open research
questions which are presented in details in Section 4.2. This is followed by three synthetic
datasets that we have used in this work presented in Section 4.3. In the next two following
sections we perform a number of machine learning studies on the three datasets using the three
machine learning approaches discussed in this work.

4.1 Dreambooth Approach to Generate Unlabelled
Synthetic Images.

The parametric synthetic data generation model proposed in this work can be used to generate
both the synthetic images of dislocation microstructures as well as the ground truths for various
machine learning tasks. Some of the synthetic images generated using the model are shown in
Figure 2.13.

Figure 4.1: Dreambooth approach to finetune text to image models to generate personalized
images of a subject in different context. Adapted from Ruiz et al. [115]
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At first glance, an experimentalist with experience in TEM image data can easily identify
if the images are real or not. Even if the synthetic data generation model captures the correct
morphology of dislocations but the texture of the image might not be realistic. This is one of
the shortcomings of such parametric based models especially when it comes to images where
they fail to capture the correct texture of the real images since most of the time the texture is
synthetically generated and only approximates the real texture without developing any model for
textures.

a b

Figure 4.2: Generated images without finetuning stable diffusion model XL model using prompt
(a) Greyscale Microscopy image of dislocation microstructure and (b) Greyscale
Microscopy image of 4 line like structures.

But the advantage of such approaches is the ability to generate large amount of data along with
ground truths. Let us consider an alternate approach based on diffusion models which can be
used to generate realistic images of dislocation microstructure but without any labels. Focus
is to generate realistic synthetic images. Since we only have limited amount of real images to
train the model, we consider a dreambooth approach to finetune the stable diffusion model XL
[115, 116]. Even though the model can be used to generate very high resolution realistic images
of 1024 pixels, the model lacks the ability to mimic appearance of subjects. If we would like
to generate an image using the prompt "Dog playing with a ball in a park", the model would
generate different images of a dog and a ball every time we run the model. The dreambooth
approach of finetuning stable diffusion model allows us to embed a particular subject of interest
in the images so that the same subject can be rendered in different contexts. In the approach, a

80



4.1 Dreambooth Approach to Generate Unlabelled Synthetic Images.

unique identifier is used in the prompt, "a sks dog playing with a ball in a park" where the unique
identifier sks is used for the dog.

Real image (a) Real image (b)

Synthetic Image (a) Synthetic Image (b)

Figure 4.3: Two Real images from experimental data and synthetic images generated after
finetuning using Dreambooth approach. The model lacks the ability to generate
images of large variations and only generated images identical to provided real
images.
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Once the model has been trained and the new identifier has been added to the vocab so that the
model can associate the identifier with the subject then we can use it to generate the images of the
subject in different context using the identifier. A Prompt like "a sks dog on a mountain top with
snowing in the background" would then generate images of the same dog as shown in Figure 4.1.

One of the most attractive feature of this approach is that it requires very little amount of data.
Depending of the subject, it might be as small as tens of images only. We adapt this approach to
finetune the stable diffusion model XL [117] for dislocation dataset. Let us first try to generate
the images of dislocation microstructure using the model without any training. Two of the text
prompts used and the generated images are shown in Figure 4.2.

We can see that the model generates images of a microstructure-like structure but they do
not represent a dislocation microstructure. We tried several other prompts also but we obtained
similar looking images more or less. The model fails to understand what does a dislocation
microstructure look like since the underlying foundation model 1 has never been trained on
microscopy image of dislocation microstructures.

To start with, we use 10 images from a single experimental data. We used the prompt
"Greyscale Microscopy image of sks microstructure" where "sks" is the unique identifier and
microstructure is the class. In the finetuning process, we are forcing the model to associate the
unique identifier "sks" with the dislocations so that whenever we have the unique identifier in
the prompt, it generates dislocations. Two of the images from the data are shown in Figure 4.3.
Once the model is finetuned, we use it to generate some synthetic images, two of which are
shown. First thing to note is the high quality of the synthetic images generated. The texture and
dislocation microstructure look very realistic, some of the images are at par with real data. The
dislocation microstructure generated shows very little variation and looks very similar to the
microstructure of the real dataset provided for training.

To improve the generalization of the model, we use 230 real images from several different
experiments. The aim is to finetune the model so that it can generate a large variety of dislocation
microstructures. Predictions of the finetuned model using the same prompt are shown in
Figure 4.4. We find that the model is now able to generate dislocation microstructure not present
in the training data. The generated images have varying amount of dislocations and dislocation
pileups. Although the generated images appear realistic, synthetic data may still have subtle
biases compared to real microstructures. We would like to aim for images where we have a
cleaner dislocation microstructure such as image c and d. These are the images which might be
of more importance to us where we can perform a quantitative study compared to images shown
in a and b. But nonetheless the generated synthetic images are of high quality and provides us an
opportunity to have large amount of unlabeled dataset for a machine learning task which might

1A foundation model refers to a large-scale machine learning model, typically pre-trained on vast amounts of data,
that can be fine-tuned for a wide range of downstream tasks. Examples include GPT-4, Stable Diffusion XL,
BERT, and CLIP.
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a b

c d

Figure 4.4: Synthetic dislocation microstructure images generated after fine-tuning on general
real data. The generated images exhibit substantial variation, presenting distinct
structural differences from the original dataset, while maintaining characteristic
features of dislocation microstructures.

be useful for active learning and unsupervised approaches.
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4.2 Research Questions Related to Synthetic Datasets

The synthetic data generation model proposed in this work provides the capability to create a
diverse array of synthetic images, varying not only in dislocation microstructure but also in the
background composition. This flexibility allows for the choice between a synthetic background,
generated using Perlin noise, and a more realistic background derived from real image patches.
Additionally, a wide range of dislocation microstructures can be generated, dependent on specific
parameter values. This leads us to several pertinent questions related to the synthetic data which
we will address in this particular study:

Q1: Which type of background should be used (synthetic or realistic)?
The choice of background in synthetic datasets for machine learning models is an important factor
that directly impacts their performance in real TEM image analysis. This decision influences
the model’s ability to accurately discern true dislocations from other elements such as spots
or secondary phase particles, often present in real TEM images. The type of background,
whether synthetic or realistic, plays a crucial role in mimicking various lighting conditions and
imaging environments typical of TEM analysis. It’s essential to determine which background
type more authentically replicates these conditions, thereby enhancing the model’s effectiveness
in real-world applications. This consideration is particularly relevant in light of our efforts to
simulate complex dislocation configurations and microstructural variability,

Q2: How can we generate synthetic dislocation microstructures that are representative
of real dislocation microstructures?
A key objective is to produce synthetic dislocation microstructures that closely mirror the
characteristics of real dislocation microstructures, particularly when analyzing spatio-temporal
data from experimental TEM videos. While training a model on such specialized synthetic
data can yield high accuracy on corresponding real data, there is a potential trade-off between
specialization and generalization to other real datasets with different characteristics. Achieving
this requires careful tuning of the synthetic generation process to match real-world features such
as the number of pileups, slip orientations, slip widths, and the shapes and counts of dislocations
in each pileup. Integrating domain-specific knowledge into the generation process through the
selection of appropriate parameters is essential for this fidelity but is it really required ? Can we
have a general microstructure which can also perform well on a real dataset ?

Q3: Are machine learning models trained on synthetic datasets effective and can provide
high quality results when applied to real data ?
This issue is central to the research because the primary objective is to create and utilize synthetic
datasets for training purposes. The crux of the matter lies in evaluating the performance of
these models when they transition from synthetic to real datasets. It is essential to understand
the concept of “domain” in the context of synthetic and real images. In machine learning and
computer vision, the term “domain” often refers to the source and characteristics of the data.
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In this case, the domain represents the intrinsic properties and the environment from which
the images originate. Synthetic images are generated using the parameter based model. These
images, while potentially diverse and rich in variations, inherently possess characteristics distinct
from real images. These characteristics might include textures, lighting conditions, object
arrangements, or even subtle nuances that are not typically found in real images. Consequently,
these differences establish the “synthetic domain” with its unique set of features and distributions.
Real images, on the other hand, are TEM images generated using cameras. They include
the randomness, imperfections, and complexities of the sample. This includes variations in
lighting, shadows, natural textures, and real-world scenarios that are hard to replicate accurately
in synthetic datasets. Thus, the “real domain” is marked by its realistic and often unpredictable
nature. The challenge, therefore, lies in domain generalization – the ability of a model trained on
one domain (synthetic) to perform well on a different domain (real). This requires the model to
learn representations that are not only relevant to the synthetic data it was trained on but also
generalize to the real data it will encounter. The question is whether the models can effectively
bridge the gap between the synthetic and real domains, especially given that synthetic images can
be visually and fundamentally different from real images. To reduce this gap, one of the most
widely used methods is to use strong data augmentation methods. Data augmentation methods
such as adding random noise, brightness, contrast, image equalization to the synthetic images
can be very beneficial in generalizing the trained machine learning model to real images.

Q4: Can we obtain a ML model which is able to generalize to a large number of dislocation
microstructures and what are the factors we need to consider to generate a general synthetic
dataset?
Synthetic data generation allows us to generate a wide variety of dislocation microstructures.
The generation of synthetic data offers the distinct advantage of creating diverse dislocation
microstructures, which is pivotal for training robust Machine Learning models. The central
question is whether it is feasible to develop an ML model that can generalize across a broad
spectrum of dislocation microstructures. Achieving this requires careful consideration of several
factors during the synthetic dataset generation process.

To address the above questions, we propose generating three distinct synthetic datasets which
differ in their microstructure features as explained in details in following section.

4.3 Three Synthetic Datasets

In this section, we will present three synthetic datasets used for later studies. The section discuss
in details the parameters to use to generate synthetic data and ways to generate a generalized
synthetic data.
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Figure 4.5: Three frames extracted from four different experimental videos, illustrating the
variation in the dislocation microstructure across different videos. Frames from the
same video highlight microstructure similarities, while those from different videos
highlight variations in the observed microstructures.

4.3.1 Synthetic dataset SD1

From the dataset of 23 experimental videos, we have selected a specific video, referred to as
video1 for detailed analysis as shown in Figure 4.5, featuring three representative frames from
the complete real data designated as RD1. The observed dislocation microstructure in RD1
comprises numerous dislocations, predominantly in paired configurations. In the video sequence,
these pairs demonstrate coordinated motion, characterized by sub-pixel spacing between the
dislocations within each pair.

For this real dataset, we generate a corresponding synthetic dataset, designated as SD1. This
synthetic dataset is constructed to replicate key features of the dislocation microstructure observed
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in the real dataset. To initiate this process, we performed microstructural characterization of the
real dataset. This was achieved by manually annotating dislocations in 15 frames, uniformly
sampled from the entire video. During this annotation process, we assigned specific identifiers
to each dislocation, along with their respective pileup numbers within a given frame which are
useful in feature analysis.

Figure 4.6: Frames from dataset RD1 and corresponding synthetic twins of the dislocation
microstructure.

To synthesize a microstructure analogous to that in RD1, two distinct methodologies can be
used. The first approach involves a direct replication of the real dislocation microstructure. This
replication is based on the coordinates of dislocations obtained from manual annotations of the
real images. Utilizing these coordinates, we can create synthetic twins for each of the 15 manually
annotated frames, resulting in 15 synthetic microstructures. Some frames from dataset RD1
along with the corresponding synthetic twin microstructure for each frame is shown in Figure 4.6
where we can see that the synthetic microstructure closely reproduce the real microstructure.
To introduce variability, modifications can be made in the synthetic microstructures, including
selective inclusion of dislocations, as well as variations in dislocation spacings, directions, and
slip widths. This approach, while precise in replicating the real microstructure, is limited in its
variation.

87



4 Study Using Synthetic Data

The second approach in generating the synthetic dataset, SD1, diverges significantly from the
direct replication methodology employed in the first approach. Rather than precisely mimicking
the exact microstructure of the real dataset, this method prioritizes the replication of fundamental
microstructural characteristics. These characteristics include the number of dislocations within
pileups, the number of pileups, slip widths, slip directions, and the spatial distance between
neighboring dislocations in a pileup. By examining the 15 handlabeled frames, probability
distributions for each microstructural characteristic are established. These distributions are then
utilized to obtain distribution of the microstructure parameters of the synthetic data generation
model for the generation of synthetic microstructures in SD1. In this approach, we still
need spline support points for the dislocations. This is obtained from the real dislocation by
converting the coordinates from the image frame to the local coordinate system as described in
Section 2.2. This methodology ensures that while the synthetic dataset does not exactly replicate
the specific microstructures found in the real dataset, it mirrors the overall statistical properties
and distributions of key microstructure features of the real dataset RD1.

The primary advantage of this approach lies in its ability to generate a more diverse range of
microstructures compared to the previous approach. While the first approach produces synthetic
microstructures that are almost exact replicas of the real dataset, it inherently lacks variation. Each
synthetic microstructure is tightly bound to the corresponding real structure it imitates, limiting
the scope of diversity. Conversely, the second approach, by basing the synthetic generation
on statistical distributions of key microstructural features, allows for a broader exploration of
possible microstructures. This increased variability is particularly beneficial for deep learning
applications, as it provides a richer, more varied dataset. Such diversity is crucial for training
robust models capable of generalizing well to new, unseen data. This approach enhances the
overall utility of the synthetic dataset, making it more representative of a wider range of potential
real-world microstructures, thereby better supporting the development and validation of deep
learning models for TEM image analysis.

The probability density distributions of the microstructural features for both synthetic dataset
SD1 and real dataset RD1 are presented in Figure 4.7. These distributions illustrate that the
synthetic microstructures closely mimic the feature characteristics observed in real microstructures.
For instance, a synthetic image in SD1 may contain a single pair of dislocations, similar to the
real image shown in Figure 4.6(b). The minimum number of dislocations in a real image is
also one, indicating that each image generally includes at least one dislocation pair. Moreover,
dislocation pileups with three dislocations are also present, as observed in the real images shown
in Figure 4.6(a) and Figure 4.6(d). However, such configurations are relatively rare, as reflected
by their lower probability density in the distribution.

The spacing distribution between nearest neighboring dislocations is noteworthy. The
distribution exhibits two distinct peaks: one around 7 pixels and the other around 30 pixels.
The first peak corresponds to closely spaced dislocation pairs, as seen in Figure 4.6(c), where
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Figure 4.7: Probability density distributions of features of Synthetic microstructure of dataset
SD1, SD2 along with the Real dataset RD1. The microstructure of SD1 is modeled
based on Real data RD1.
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Figure 4.8: Example synthetic microstructure images from datasets SD1 (a-c) and SD2 (d-f),
showcasing distinct microstructure patterns and variations representative of each
dataset.

two pairs of dislocations are closely positioned. This consistent spacing suggests a potential
short-range order in the dislocation microstructure, a feature that warrants further investigation.
The second peak arises from configurations where a third dislocation is present in the pileup,
positioned at a relatively constant, larger spacing from the other dislocations across frames.

In constructing the synthetic pileups, we ensure that no dislocations overlap or intersect,
maintaining a realistic spatial arrangement. While the synthetic microstructures are designed
to replicate the statistical distributions observed in real datasets, they do not exactly reproduce
the precise configurations of real microstructures. This distinction can be appreciated when
comparing real microstructures in Figure 4.6 with synthetic samples in Figure 4.8.
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4.3.2 Synthetic dataset SD2

Synthetic dataset SD1 is generated to closely resemble the real dataset, RD1. However, machine
learning models trained on such synthetic datasets may lack the ability to generalize effectively
across other real microstructures from distinct experiments. Therefore, it is crucial to develop a
synthetic dataset with broader generalization, capable of yielding high-quality results on diverse
real datasets, not limited to a single example. To this end, we generate a more generalized
synthetic dataset, designated as SD2.

The parameters used to generate the microstructures in SD2 are presented in Figure 4.7. In
this dataset, the number of dislocation groups or pairs in a microstructure is randomly sampled
between 1 and 4, with each group containing between 2 and 8 dislocations. Consequently, a
dislocation microstructure can include up to 32 total dislocations. However, for simplicity, we
have restricted the generation process to a total of 20 dislocations which would be useful for
machine learning approaches like multi-label segmentation. Additionally, in dataset SD1, all
dislocation pileups are approximately aligned in the same direction, as illustrated in Figure 4.8.
This contrasts with dataset SD2, where the slip orientation for each pileup is uniformly sampled
across a full range of orientations, from −180◦ to +180◦. Thus, multiple pileups within a single
microstructure in SD2 may be aligned along various directions.

This characteristic is demonstrated more clearly in synthetic images (d) and (f) from dataset
SD2. Dislocation pileups in SD2 are strategically placed to ensure that no two dislocations
overlap or intersect, despite their differing slip directions.

There are several advantages of synthetic dataset SD2 over SD1. The first and most important
advantage is the ease to generate the synthetic dataset. Compared to SD1 which requires a
detailed study of the real dataset to obtain the distribution of the parameters to use to generate
synthetic microstructure, relatively only a few parameter determination is required for SD2. A
general estimate of the values of parameters like number of pileups, number of dislocations and
slip width of each pileup can be made by just looking at the real microstructure or analyzing
only single real image. We can uniformly sample the parameters from a general range as done
to generate the whole dataset. There is one parameter which needs careful consideration, the
support points for dislocation splines. Dislocations come in different shapes and variety, hence it
is important to carefully choose the dislocation shapes in the synthetic microstructure for the
machine learning model to learn. To model the dislocation as splines in the synthetic dataset SD2,
we use the spline support points from the dislocations in the real dataset RD1. The synthetic
dataset SD2 adds variation in the microstructure features which should improve the generalization
and robustness of the model.
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4.3.3 Synthetic dataset SD3

We have discussed two synthetic datasets so far. Dataset SD1 is modeled using the microstructure
features from the real dataset and very closely represent the real dataset RD1 as shown in
Figure 4.10. The synthetic dataset SD2 is much more general and provide large variation in
terms of dislocation microstructure. The modeling of synthetic dataset SD2 is still dependent on
atleast some of the features of the real dataset as discussed above, namely dislocation shapes.
There is still a large variety of dislocation microstructure which are not included in SD2. We now
generate a much more general synthetic dataset designated as SD3. We considered following
while generating this particular synthetic dataset.

1. In Figure 5.1, various dislocation microstructures from different real images are displayed,
demonstrating the inherent diversity in dislocation shapes and sizes within these structures.
Notably, the scale of dislocations can vary significantly within the microstructural settings,
ranging from diminutive sizes to extensive structures that span the entire image. This
variation in relative size, or the "size effect," is a critical aspect in the context of dislocation
microstructure analysis. It is essential to consider this size effect when generating synthetic
microstructures, particularly for the development of machine learning models that are
expected to generalize across a wide spectrum of dislocation sizes. While constructing the
synthetic dataset SD3, specific attention was paid to the variability in dislocation sizes. To
simulate a range of dislocation scales, the slip width was varied, with values uniformly
sampled between 50 pixels and 400 pixels. This range was deliberately chosen to include
a broad spectrum of possible dislocation sizes, thereby enabling the generation of more
complex and diverse dislocation microstructures. This approach ensures that the synthetic
dataset is not biased towards a particular size range, but rather provides a comprehensive
representation of various dislocation scales. Such diversity in the synthetic dataset is
vital for training machine learning models, as it allows these models with the ability to
accurately identify and analyze dislocations of varying sizes in real-world TEM images.
By incorporating a wide range of dislocation sizes, the synthetic dataset SD3 enhances
the robustness and generalization of the resulting machine learning models, ensuring their
applicability across a diverse array of microstructures.

2. In synthetic datasets SD1 and SD2, we have so far considered very simple bowed out
dislocation shapes which can be seen very clearly in real images shown in Figure 4.8
but this is rarely the case. Figure 5.1 shows real images from several experiments and
Figure 2.13 shows some synthetic images where we can see that dislocations can have
much more complex shapes. Dislocations can even be long straight lines. A dislocation
need not be just only convex or concave over its length. A part of dislocation can have
several inflection points and change its change. Depending on several factors such as
the presence of impurities, grain boundaries and other defects, dislocations may change
its shape or direction. Impurities in a crystal lattice can pin dislocations, a phenomenon
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Figure 4.9: Sample synthetic images from synthetic dataset SD3. The dataset is very generalized
and microstructure may consists of a number of pileups with grain boundaries, slip
trace lines and over lapping dislocations.

known as solute pinning or Cottrell atmosphere. These impurities create a local stress field
that can attract or repel dislocations. When a dislocation line interacts with these stress
fields, it can bend or change direction. Dislocations can also interact with other types
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of defects in the crystal, such as vacancies (missing atoms) and interstitial (extra atoms).
These interactions can lead to complex changes in the dislocation shape, as the dislocation
line may bend or curve to accommodate or bypass these defects. Hence it is important to
include a large variety of dislocation shapes so that the trained machine learning model
is robust and can work for any dislocation shape. We meretriciously hand-labeled 70
dislocations of different shapes, some of which are shown in Figure 2.6. Depending on the
shape complexity, the number of support points can vary allowing us to carefully model
such dislocation shapes. We have included such a large variety of dislocation shapes in
synthetic dataset SD3 as shown in Figure 4.9.

3. In the synthetic datasets SD1 and SD2, the focus was predominantly on dislocations
within the synthetic microstructures. However, this approach presents a limitation in that
it overlooks the presence of other potential defects or artifacts that commonly occur in
real TEM images. These additional elements can be easily misinterpreted as dislocations,
thereby posing challenges in accurate image analysis. Two notable examples of such artifacts
are grain boundaries (or twin boundaries) and slip trace lines. A grain boundary typically
manifests as a distinct straight line traversing the entirety of an image. Its interaction
with dislocations is of particular interest; dislocations may traverse a grain boundary or,
alternatively, accumulate near it due to its impediment effect. On the other hand, slip trace
lines, which can closely resemble dislocations, also pose a risk of incorrect identification.
These slip trace lines might be erroneously classified as extended dislocations by a machine
learning model not trained to differentiate between these two structures. To address these
challenges and enhance the representative of the synthetic datasets, we have expanded
the scope of dataset SD3. This dataset includes synthetic images that not only feature
dislocations but also incorporate grain boundaries and slip trace lines. The inclusion of
these structures was executed in a randomized manner, thereby ensuring a diverse and
comprehensive range of microstructures within the dataset. By integrating these additional
elements into the synthetic dataset SD3, we aim to improve the generalization and accuracy
of machine learning models trained on this data. This enhancement allows models to
better distinguish between actual dislocations and similar-looking artifacts, such as grain
boundaries and slip trace lines, in TEM images. As a result, the models are expected to
perform more reliably on real TEM images, where such diverse microstructure elements
are frequently encountered.
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Real Dataset RD1 

Synthetic Dataset SD1 

Synthetic Dataset SD2  

Synthetic Dataset SD3

Figure 4.10: Synthetic dataset SD1 closely represent the real dataset RD1. We have more
general dataset SD2 where we only take the dislocation shape information from real
dataset. Synthetic dataset SD3 is the most generalized version where we use a more
generalized range of parameters to generate the synthetic dataset.

4. The synthetic datasets SD1 and SD2 were developed with a specific structural constraint: the
designed dislocation microstructures precluded any instances of dislocations intersecting or
overlapping each other. This constraint reflects an idealized scenario, often diverging from
the complexities encountered in actual TEM images. In TEM imaging, the resultant 2D
representations are a product of electron beam interactions with the 3D microstructure of
the material. This interaction can lead to apparent overlaps or intersections of dislocations
in the 2D plane, despite these dislocations being spatially separated in the actual 3D
structure. A representative case is seen in random dislocation microstructures, where
multiple dislocation lines appear to overlap or intersect each other. These instances are not
artifacts; rather, they are genuine representations of the spatial arrangement and projection
effects within the material. The exclusion of such configurations in SD1 and SD2 limits
the representational diversity of these datasets and potentially reduces the generalization
of machine learning models trained on them. To address this limitation, the synthetic
dataset SD3 introduces a critical modification: relaxing the aforementioned structural
constraint. By allowing for overlaps and intersections of dislocation lines within the
generated microstructures, SD3 better replicates the complexity and variability inherent in
real TEM images. The inclusion of complex dislocation configurations in SD3 presents a
more challenging and realistic dataset for machine learning training.
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The three synthetic datasets presented above vary in complexity as shown in Figure 4.10
which illustrates the hierarchical structure, organized by complexity. The real dataset RD1
serves as the baseline for dislocation microstructure features from a single experiment. Moving
outward, each synthetic dataset (SD1, SD2, and SD3) progressively adds complexity and
diversity to the dislocation structures. SD1 closely resembles RD1, containing basic dislocation
pairs and minimal variability to closely mirror real observations. SD2 introduces additional
variations, increasing the range of microstructural features to enhance model generalization. SD3,
representing the outermost circle, includes the highest level of complexity with rare and intricate
dislocation configurations that may not be commonly observed in RD1. In the following two
sections we will use these synthetic datasets to perform machine learning studies.

4.4 Study 1: Multi-label Segmentation Using Dataset SD1
and SD2

In this first study, we use the multi-label segmentation approach which is designed to predict
individual dislocations as distinct masks. Each mask represents a single dislocation, ensuring
that all pixels within that mask correspond to the same dislocation. Training a machine learning
model for segmentation tasks can be challenging, in particular when dislocations are nearly
touching each other. Through this approach, we make a comparison of synthetic datasets SD1
and SD2.

4.4.1 Training Details

We perform training on synthetic datasets SD1 and SD2 with 4000 training images and 1000
images for testing. For both the datasets, we use the two background generation methods. The
most suitable parameters for the Perlin noise were experimentally obtained and are presented,
along with their values in Table 4.1, resulting in altogether four synthetic datasets.

During the training phase, we use the early stopping strategy2 by saving the model that attains
the highest score based on the metric applied to the test data. This approach is a well-established
strategy in machine learning, aimed at preventing overfitting, which occurs when a model learns
the noise and details of the training data instead of the underlying patterns. By focusing on the
model’s performance on the test set, we enhance the model’s ability to generalize, or perform
well on previously unseen data. This not only boosts the overall effectiveness of the model but
also contributes to its robustness in practical applications [118].

2Early stopping is a regularization technique where training is stopped when the performance on a validation set
stops improving, helping to prevent overfitting and save computational resources.
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ID variable name value range
1 𝑂1 10.0 . . . 100.0
2 𝑂2 10.0 . . . 100.0
3 𝑤Perlin 0.2 . . . 0.4
4 𝑤white 0.5 . . . 0.7
5 𝑠1 1.
6 𝑟noise 0.2 . . . 0.4
7 𝑠2 0.6 . . . 0.8

Table 4.1: Parameters and their values used for generating background images with Perlin noise.

To further enhance the generalization capability of our model, we employ various image
transformation techniques throughout the training process. These methods include the introduction
of Gaussian noise, as well as adjustments to brightness and contrast. Additionally, we apply
image equalization techniques to improve the contrast in images. These transformations serve to
diversify the texture properties of the synthetic images, enabling the model to learn from a wider
range of visual inputs. By exposing the model to these variations, we help it to become less
sensitive to specific features of the training data that might not be present in real-world scenarios.

The incorporation of these image transformation methods is critical in improving the model’s
robustness. By simulating different conditions under which images may be encountered, the
model learns to recognize patterns and features that are invariant to such changes. This leads to a
more adaptable model that is better equipped to handle the complexities and variations found
in real images. Ultimately, this strategic approach not only facilitates better performance on
synthetic datasets but also paves the way for successful application in real-world tasks, where
variability is the norm.

4.4.2 Results and Discussion

The training and test loss curve for the models that were trained on the four synthetic datasets are
shown in Figure 4.11. Both the training and test losses decrease during the initial training phase.
This is a typical behavior for well-trained models, as the optimization process should lead to
a reduction in the loss values during the training process. The loss curves eventually reach a
saturation level, at which point the loss of the test curve is lower than that of the training curve
and training eventually stops when early stopping is triggered. This observation was consistent
across all four synthetic datasets, further strengthening the claim of good generalization on the
test synthetic dataset. The diverse nature of the training data allows the models to learn the

97



4 Study Using Synthetic Data

Figure 4.11: Top row shows the loss curves for synthetic dataset SD1 for the two background
variations (based on Perlin noise and background image patches from real images)
and bottom row for synthetic dataset SD2.
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underlying patterns and structure in the images, which in turn makes them more robust and
adaptable to variations in the test images. Comparing the loss curves for the two datasets SD1
and SD2, we find that the ML model optimized more easily on microstructure SD1. There, we
were able to obtain a test loss even lower than ≈ 0.1. Training on the dataset with the general
microstructure, SD2, is more difficult and requires more epochs. To compare the performance of
each model trained on the four different synthetic datasets, testing dataset of 2000 images for
each of the four datasets were generated and evaluated using the metric as measure. This results
in a total of 16 combinations.

• Model trained on SD1 (Perlin background): tested on SD1 (Perlin background), SD1
(Images background), SD2 (Perlin background), and SD2 (Images background),

• Model trained on SD1 (Images background): tested on SD1 (Perlin background), SD1
(Images background), SD2 (Perlin background), and SD2 (Images background),

• Model trained on SD2 (Perlin background): tested on SD1 (Perlin background), SD1
(Images background), SD2 (Perlin background), and SD2 (Images background),

• Model trained on SD2 (Images background): tested on SD1 (Perlin background), SD1
(Images background), SD2 (Perlin background), and SD2 (Images background),

This systematic evaluation enables a comprehensive comparison of the models’ performance
across diverse dataset conditions. The results are summarized in the left panel of Figure 4.12
which shows the metric score for the models performance.

We now take a look at those combinations, where the same image generation approach was used
for the training data as well as for the evaluation of the metric (the framed diagonal values). There,
the models trained on synthetic datasets with microstructure based on SD1, result in significantly
higher metric values than that of SD2 (> 0.91 for SD1 vs ≤ 0.72 for SD2). Furthermore, models
trained on synthetic images with Perlin noise as background do not generalize well to dataset
where realistic background images were used, e.g., the model trained on microstructure SD2 with
Perlin noise results in a very low score of ≤ 0.22 on data with background images. ML models
trained on realistic background images generally perform better: in particular after training with
dataset SD2 with realistic background we obtained metric values > 0.6 for all datasets. Thus,
using realistic backgrounds is a better choice than using purely synthetic background (keeping in
mind that “realistic” means the superposition of two real microscopy background images which,
from a domain scientist’s perspective may look unrealistic).

The metric scores on the right panel of Figure 4.12 represent average scores over images with
different numbers of dislocations. To see how the score depends on that, the distribution of the
metric score as a function of the number of total dislocations in an image is shown in the box
plot in the right panel of Figure 4.12. Achieving a very high metric score of upto 0.9 is feasible
even for images containing up to 13 dislocations. As expected, the predictions for images with a
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Figure 4.12: Left panel: metric scores for the four models, evaluated using four synthetic
datasets. Right panel: Distribution of metric scores of the model trained on dataset
with microstructure SD2 with realistic background as a function of the number
of dislocations present in the images. The top right value from the left panel
(highlighted by the orange frame) represents an average of the right panel.

larger number of dislocations becomes more challenging; specifically, for images with 14 or more
dislocations, the average metric scores tend to decrease, accompanied by a greater variability.
This decline is not solely attributed to poor segmentation resulting in undetected dislocations;
it also results from the inherent difficulty in accurately predicting a single dislocation within a
mask.

For brevity, we have excluded empty masks and those containing only a minimal number of
"dislocation pixels" or other artifacts that can be readily removed. However, these artifacts remain
visible in the aggregate output of all 20 masks. This phenomenon is illustrated clearly in the
predictions made on a synthetic image from the test dataset, which comprises 20 dislocations, as
shown in Figure 4.13. As a general rule, when multiple dislocations are predicted within a single
mask, the corresponding metric value significantly decreases. This aspect has been discussed in
detail in Section 3.4.3. Nevertheless, by aggregating predictions from all masks, it is possible to
obtain a single mask that encapsulates all the dislocations identified in the image.

Interestingly, when the dislocations from all masks are combined, we observe a marked
improvement in results. An alternative approach involves utilizing the comprehensive mask
of all predictions and applying contour detection to isolate each individual dislocation. This
post-processing step is particularly effective for microstructures where dislocations do not exhibit
sub-pixel spacing, thus facilitating the separation of closely situated dislocations. Upon closer
examination of the synthetic image presented in Figure 4.13, we observe that the dislocation
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Figure 4.13: Visualization of dislocation segmentation predictions on a synthetic test image
containing 20 dislocations, resulting in a low metric score of 0.43. The image illus-
trates challenges in accurately segmenting densely packed dislocations, highlighting
the limitations of the multi-label segmentation approach in handling complex mi-
crostructures.
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microstructure exhibits a pileup of very close dislocations, characterized by sub-pixel dislocation
pixels. The multi-label segmentation approach used in this study successfully identifies single
dislocation in separate masks, allowing for subsequent post-processing of each mask to represent
dislocations as splines. This capability represents a significant advantage of the approach over
traditional binary segmentation approaches.

Additionally, we illustrate the model’s predictions on a real image from the RD1 dataset,
alongside its synthetic twin in Figure 4.14. Notably, the predictions for the synthetic twin
demonstrate markedly improved accuracy compared to those for the real image. The image has
five dislocations and it predicted all of them accurately in separate masks, facilitating the isolation
of incorrect predictions. This is evident in the predictions for the real image, where line-like
artifacts—potentially indicative of twin boundaries—are incorrectly predicted as dislocations
and are found in a different mask, specifically shown as mask3 for the real image, separate
from the actual dislocations. This feature can prove advantageous during the post-processing
phase of the predictions, as well as for further analysis of results. For instance, dislocations
typically migrate along specific slip directions, which can be leveraged to identify dislocations
that contribute to the pileup. It is also noteworthy that certain segments of slip trace lines are
misidentified as dislocations. This misclassification of such structures—specifically slip trace
lines—as dislocations arises from the characteristics present in the synthetic dataset SD2. In this
dataset, our focus was primarily on dislocations, and we excluded any such structures or artifacts
that the machine learning model might struggle to differentiate from dislocations.

To enhance predictive performance, several strategies can be considered, including expanding
the diversity of the training dataset, employing more sophisticated deep learning architectures,
and performing hyperparameter optimization. Additionally, an area of improvement lies in the
quality of synthetic images generated. While the dislocation microstructures in synthetic and
real images exhibit a high degree of similarity, discrepancies in the background environments
remain evident.

A thorough analysis of the pixel intensity distribution surrounding the dislocations reveals
substantial differences between the synthetic and real images, as illustrated in Figure 4.15.
Specifically, the intensity distribution of the synthetic images appears significantly smoother
compared to that of the real images. This smoothing effect can be attributed to the application
of a Gaussian filter, which is utilized to refine the drawn dislocation lines in synthetic images.
The synthetic image generation used a simplified approach that do not fully capture realistic
complexities, leading to an oversimplified intensity distribution.
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(a) Predictions of dislocations from a real microscopy image sourced from dataset RD1.

(b) Predictions on the corresponding synthetic twin image.

Figure 4.14: Dislocation predictions on a real microscopy image from dataset RD1 (a) and its
corresponding synthetic twin (b). The red labels highlight masks that predict the
same dislocation. The synthetic twin demonstrates improved accuracy, with all
five dislocations accurately predicted in separate masks, facilitating the isolation
of incorrect predictions. In contrast, the real image exhibits line-like artifacts,
potentially indicative of twin boundaries, incorrectly predicted as dislocations in a
separate mask (mask3).
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Figure 4.15: Comparison of pixel intensity distributions around a dislocation in a real microscopy
image and its synthetic twin. The synthetic image exhibits a smoother intensity
profile due to the application of a Gaussian filter during synthetic generation, which
refines the drawn dislocation lines. In contrast, the real image shows greater
variability in pixel intensities, reflecting more complex microstructural features and
background environments.

4.4.3 Conclusion

This study addresses an important question: determining the most effective synthetic dataset for a
given real dataset. Two primary approaches explored for generating synthetic datasets. The first
approach, exemplified by synthetic dataset SD1, involves deriving parameter values from the real
data (RD1) to create a synthetic dataset closely representing the real dataset’s microstructural
features. This method requires an in-depth analysis of the real dataset to accurately identify and
replicate its defining parameters in the synthetic version. The second approach adopts a more
generalized methodology, wherein the microstructure parameters for the synthetic dataset are
largely independent of the specific characteristics of the real dataset, with the exception of a few
parameters, such as dislocation shapes. This approach significantly simplifies the synthetic data
generation process, as it eliminates the need for extensive analysis of the real dataset to extract
microstructural parameters. As demonstrated in Figure 4.14, this generalized approach can also
give satisfactory results when applied to real images comparable to what we would obtain using
the specialized synthetic dataset SD1.

The application of the second approach are particularly pronounced in scenarios where access
to detailed real data prior to experimentation is limited or unavailable. In such cases, the ability
to generate a broadly applicable synthetic dataset becomes invaluable. This approach facilitates
the creation of a general-purpose synthetic dataset, designed to be effectively utilized across a
diverse range of real datasets. This versatility is crucial in advancing the field of deep learning
applications in TEM image analysis, as it enables the development and refinement of models that
are robust, adaptable, and capable of delivering high-quality results across various microstructural
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scenarios.

The observed disparity in segmentation quality between synthetic and real images, as high-
lighted in Figure 4.14, raises critical considerations in the development and training of machine
learning models for TEM image analysis. Two primary factors contribute to the lower performance
on real images compared to their synthetic counterparts:

1. Pixel intensity distribution discrepancy: As illustrated in Figure 4.15, a notable difference
exists in the pixel intensity distribution surrounding dislocations between synthetic and
real images. This discrepancy presents a significant challenge in accurately segmenting
dislocations in real images. However, the implementation of various augmentation
methods during training has proven to mitigate this issue to a certain extent. These
augmentation techniques have enhanced the model’s ability to generate accurate predictions
for dislocations in real images, as evidenced by the segmentation results.

2. Lack of artifacts in synthetic dataset SD2: The synthetic dataset SD2, while primarily
focused on dislocations, does not includes other microstructural artifacts that frequently
appear in real TEM images. These artifacts, such as slip trace lines and twin boundaries,
can be mistakenly identified as dislocations by the machine learning model. This
misidentification is evident in the real image predictions shown in Figure 4.14, where
such artifacts are incorrectly segmented as dislocations. The absence of these elements in
SD2 limits the model’s ability to distinguish between actual dislocations and other similar
microstructural features.

To address these challenges and enhance the model’s performance on real images, the
development of the more generalized synthetic dataset SD3 was tried. SD3 incorporates a broader
range of microstructural elements, including the aforementioned artifacts like slip trace lines and
twin boundaries. The inclusion of these elements is intended to provide the machine learning
model with a more comprehensive training dataset, thereby improving its ability to accurately
segment and differentiate various features in real TEM images. This approach aims to bridge the
gap between synthetic and real image analysis, fostering the development of more robust and
effective segmentation models for TEM image analysis.

The multi-label segmentation method is found to be very useful in predicting dislocation
structures with sub-pixel dislocation spacings but dislocation structures can be much more
complex. One such complex structure can be dislocations with overlapping or intersecting
dislocations. To test the applicability of the model on such dislocation structure, we generate two
synthetic image as shown in Figure 4.16 where we have only 3 dislocations. In Figure 4.16(a) two
of the dislocations are very close and touching to each other. The model was able to predict the 3
dislocations in individual masks. For one of the dislocation shown in mask 6, the predictions are
slightly wrong as a part of the other dislocation is also predicted. The results are much worse for
the other image Figure 4.16(b) where dislocations intersect each other. The model finds it difficult
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(a)

(b)

Figure 4.16: Multi-label segmentation predictions on (a) a synthetic image with sub-pixel
dislocation spacing .(b) synthetic image with intersecting dislocations. Masks
representing same dislocations are color coded.
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to correctly assign the pixels to the dislocations as can be seen in mask 5 where a part of other
dislocation is incorrectly predicted. One of the reason for poor performance for the model on
such complex images might be the training data provided. In the synthetic dataset SD2, we have
microstructures with nearly touching dislocations but we do not have images with intersecting
dislocations and hence the model might be failing to learn the features of such microstructures.

4.5 Study 2: Comparison of the 3 machine learning
approaches using synthetic dataset, SD3

In Study 1, we explored the multi-label image segmentation approach in generating individual
dislocation masks for each dislocation from images. However, other methods may offer unique
advantages. Study 2 investigates a comprehensive evaluation of three distinct machine learning
approaches: multi-label image segmentation, instance segmentation, and dislocation spline
support point estimation, utilizing the versatile synthetic dataset SD3. This dataset, designed to
mimic a wide array of real-world TEM scenarios, serves as an ideal dataset for this comparative
study.

Some of the images from synthetic dataset SD3 are shown in Figure 4.9. As discussed
before the dataset is much more general and contains grain boundaries, see Figure 4.9(a) and
Figure 4.9(b) as well as slip trace lines, see Figure 4.9(f), Figure 4.9(h) and Figure 4.9(j). The
incorrect identification of such structures as dislocations as seen in previous study for a real
image in Figure 4.14 motivated us to include such structures in synthetic images to improve the
model capabilities in obtaining good results on real data. The dataset not only includes simple
dislocation structures Figure 4.9(c) and Figure 4.9(d) which contains dislocation pileups and
dislocations do not intersect each other but also some very complex structures similar to shown
in Figure 4.9(i) and Figure 4.9(j).

The synthetic dataset SD3, with its diverse range of dislocation sizes, shapes, and configurations,
challenges each method’s robustness and adaptability. By evaluating these methods on SD3,
we aim to uncover their strengths and limitations in handling complex TEM image data of
dislocation microstructure. There are two main challenges for a machine learning model to
predict dislocations in this particular dataset. The first challenge comes from the diversity of the
dislocation microstructure, which is further complicated by the presence of multiple dislocation
pileups where dislocations may overlap as shown in Figure 4.9(i). The other is the subpixel
dislocation spacing between dislocations which makes it challenging to predict the individual
dislocations and challenges the models in accurately predicting such dislocations. The outcome
of this study is expected to provide valuable insights into the most effective techniques for TEM
image analysis, thereby guiding future research and application in this domain.
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4.5.1 Training Data Requirements for Model Convergence

We generated a total of 5000 images for synthetic dataset SD3. This data is split into training and
validation using a 80:20 split. During training, we use data augmentation methods as described in
previous study. We evaluate the performance of the three approaches using a separate test data of
2000 images which was not part of the training using the physical metric proposed in this work.

We aim to first analyze how the model performance varies with different training data sizes and
to determine the minimum data required for model convergence. The objective is to identify the
data size at which increasing the dataset no longer yields significant improvements in performance,
thereby indicating a state of data sufficiency.

This study is critical because understanding the relationship between dataset size and model
performance helps optimize resource allocation in machine learning. Identifying the threshold
for data sufficiency enables us to avoid both over-fitting and under-fitting, improve model
generalization, and reduce computational costs. This is particularly important when working
with limited datasets, such as our dislocation image data, where data is often scarce and hard to
obtain. We use the multi-label segmentation approach to train the model using varying amounts
of training data, as shown in Figure 4.17. After each training phase, we evaluate the model using
the test data of 2000 images to assess its performance.

We begin with just 1% of the available training data, amounting to just 50 images. This
represents a realistic scenario where access to only a few dozen images is available. As expected,
the initial results are poor, with a mean metric score of only 0.05. Increasing the data size
by a factor of five does not lead to a substantial improvement in performance. However, after
progressively adding more data, we begin to observe better results. When 70% of the training
data is used, the model achieves 100% accuracy on some images. Nonetheless, it is important
to note that even at this stage, the model yields a score of 0 for some images, indicating that
its performance still fluctuates significantly. This inconsistency, where the model can predict
entirely incorrect results, is not ideal for an image segmentation task.

When the full training dataset is used, the model achieves its best performance. However,
there is still room for improvement, as some images continue to exhibit suboptimal predictions.
Additionally, increasing the dataset further requires significantly more computational resources
and training time. For subsequent experiments, a balance is struck by selecting 5,000 images for
model training, which offers a compromise between performance and resource efficiency.

This small study shows that using only a few tens of images to train the model is not sufficient
and we require images in thousands to get good quality results. This is the main motivation
behind the idea of using synthetic data generation model which can allow us to generate large
amount of training data which is usually not available.
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Figure 4.17: Model performance for varying amount of training data. The red line represents
the mean metric score, indicating the average prediction accuracy across images,
while the purple line represents the median score. the difference between them is a
measure of the skewness of the distribution.

4.5.2 Comparison of Machine Learning Approaches

The Mask R-CNN model does not inherently produce segmentation masks at the same resolution
as the original input image. Instead, the segmentation head of the model generates outputs at
a lower resolution, determined by a predefined output size parameter. During inference, these
outputs are upscaled to match the input image size, generating the final segmentation masks.
In this study, where accurately representing dislocations as spline contours is essential, we
investigated the impact of varying the output size of the segmentation head.

We trained two model variations for the instance segmentation task, setting the segmentation
head output sizes to 28 and 56 pixels, respectively. This adjustment affects the resolution of the
feature map produced for each RoI, without altering the overall architecture or the number of
model parameters. Although the number of layers remains constant, increasing the output size
directly influences both computational complexity and memory demands. A larger output size
necessitates processing larger feature maps in subsequent layers, requiring additional memory for
storage and increased computational resources.
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Figure 4.18: Comparison of segmentation masks for a dislocation using Mask R-CNN models
with segmentation head output sizes of 28 and 56 pixels.

One advantage of a larger output size is an improvement in segmentation accuracy, at
computational cost. As illustrated in Figure 4.18, the instance segmentation masks for dislocations
are visually compared between the two output sizes. The model with the larger output size
yields smoother and more accurate segmentation contours, minimizing the artifacts introduced by
upscaling. However, qualitative analysis suggests that predictions from the model with the larger
output size occasionally exhibit inaccuracies, such as the erroneous segmentation of unrelated
dislocation instances. This observation requires further investigation to quantify the influence of
output size on segmentation precision and instance miss-classification.

4.5.3 Results and Discussion

We train two variations of Mask R-CNN models each of output size 28 and 56 in segmentation
head for instance segmentation approach. The metric score averaged over all the test of these the
models is shown in Table 4.2.

On comparing the Mask R-CNN approach for the two output mask size, we find that using a
lower output size is significantly more useful. As shown above, even though we can get much
better dislocation masks at pixel level which can accurately capture the morphology of the
dislocations using a high output size, we tend to get poor results in terms of detecting all the
dislocations present in an image. Even when we use a default output size of 28, we were able to
obtain a metric score of only 0.397 which is significantly lower compared to the perfect score
of 1. On comparing the instance segmentation approach with the other 2 approaches, we find
that the instance segmentation approach does not perform so well. We can conclude that the
multi-label segmentation is the best approach. It is interesting to note that spline support point
detection is much better compared to instance segmentation.

To thoroughly evaluate model performance on synthetic datasets, we divided the test dataset
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ML approach Metric score
Mask R-CNN, output size 28 0.397
Mask R-CNN, output size 56 0.209
Spline support point 0.503
Multi-label segmentation 0.555

Table 4.2: Average metric scores on the test dataset for different machine learning approaches ap-
plied to dislocation microstructures. The results indicate that multi-label segmentation
achieves the highest overall performance, followed by spline support point detection.
Instance segmentation using Mask R-CNN shows improved results with a lower output
size (28) compared to a higher output size (56), highlighting the trade-off between
mask resolution and detection of all dislocations in an image.

into two distinct categories: dislocation microstructures with overlapping dislocations and those
without. We then assessed the metric scores for four different methods on these two sub-categories.
The results, presented in Figure 4.19, show the mean metric score for each method across both
categories. This enables a clearer understanding of each method’s effectiveness in handling
varying dislocation microstructures.

Our analysis reveals that for instance segmentation and spline support point detection,
performance is consistent across both categories, indicating that these methods are unbiased
and produce comparable results regardless of dislocation overlap. However, the multi-label
segmentation approach exhibits a slight preference towards non-overlapping dislocation structures,
achieving a mean metric score of 0.59 on non-overlapping structures compared to 0.49 on
overlapping structures. Notably, the higher mean metric score observed for the multi-label
segmentation approach, as summarized in Table 4.2, is largely due to its superior performance on
non-overlapping dislocation structures, where it achieves higher accuracy in segmentation.

The top two approaches to use are spline support point detection and the multi-label seg-
mentation. To look more closely how the models are performing on the images from the two
sub-categories, we choose an image from each sub-dataset and use the two models to predict
the support points and the masks. The image with non overlapping dislocation microstructure
consists of three dislocation pileups with a total of seven dislocations is shown in Figure 4.20.
We can see clearly in the image that the image tests the models ability to predict dislocations
at sub-pixel spacings and hence the model might consider the two nearby dislocations as one.
Even a person has to closely see the structure to understand that there are indeed two dislocations
not just one. The spline support detection method seems to fail at this task. The model predicts
only five dislocations out of seven dislocations. There are two sets of dislocations which have
sub-pixel spacings and the model predicted only one of the two dislocations hence, there are two
dislocations the model was not able to predict. Predicted support points for dislocation labeled as
four is rather interesting where the model predicted some of the support points on another nearby
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Figure 4.19: Comparison of metric scores for different machine learning approaches on synthetic
dislocation microstructures with and without overlapping dislocations. The instance
segmentation and spline support point detection maintain consistent performance
across both categories, while multi-label segmentation performs slightly better
on non-overlapping structures. These results highlight each method’s capability
to handle varying microstructural complexities, including sub-pixel spacing and
overlapping dislocations.

dislocation. The failure of the model to resolve dislocations at sub-pixel spacing can be due to a
number of reasons. Mask R-CNN relies on the features extracted by its backbone network.

If the spatial resolution of these features is insufficient to capture the subtleties of closely
spaced keypoints, the model may fail to distinguish between them. This limitation is particularly
relevant for sub-pixel spacings, where the distinct keypoints may not be adequately represented in
the extracted feature maps. The prediction of support points as one-hot encoded masks requires
the model to allocate a separate channel for each dislocations. The use of NMS and thresholding
for refining support points predictions can further complicate the detection of closely spaced
dislocations. NMS, designed to eliminate redundant detections by keeping only the strongest
prediction in a vicinity, might mistakenly discard valid keypoints as redundancies when they are
too close. In our work, we have tried with lower values of the thresholds and obtained similar
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Figure 4.20: Comparison of predictions from spline support point detection and multi-label seg-
mentation on a synthetic image with very closely spaced dislocation microstructure.
The image contains seven dislocations across three pileups. The multi-label segmen-
tation approach accurately identifies each dislocation in separate masks, while the
spline support point detection method fails to resolve closely spaced dislocations at
sub-pixel resolution, predicting only five out of seven dislocations. This highlights
the challenges in detecting dislocations with very small inter-dislocation spacing.
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Figure 4.21: Prediction results from spline support point detection and multi-label segmentation
on a synthetic image containing overlapping dislocations and slip trace lines. Both
models successfully distinguish dislocations from slip trace lines. The spline support
point model partially resolves overlapping dislocations but misses some closely
spaced ones, predicting four out of seven dislocations. In contrast, multi-label
segmentation predicts segments of overlapping dislocations, sometimes merging
parts of different dislocations into a single mask, illustrating its limitations for highly
overlapping structures.
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results which suggests that the above two are the main reasons why the model failed to predict
the nearby dislocations accurately.

We also show predictions on another image shown in Figure 4.21 which contains overlapping
dislocations in the microstructure as well as slip trace lines. We can see that both models were
able to successfully distinguish the dislocations from the slip trace lines. The spline support point
model does not perform so well for very close dislocations and predicts only one of them and
hence it predicts only four dislocations out of seven. If we focus on the overlapping dislocations,
we can see clearly that the model was able to correctly predict the support points on the two
overlapping dislocations as shown in support point prediction for dislocation 1. This is not the
case for multi-label segmentation. For dislocations which are overlapping, the model predicts
only a segment of the dislocations which do not overlap as can be seen for dislocations in mask
labeled as 7 and 8. Prediction shown in mask 1 is interesting where the model predicts the
segments of two different dislocations. We make similar observations on other such images
also where the multi-label segmentation does not perform well for the overlapping dislocation
microstructures.

4.5.4 Conclusion

In the study, we find that the instance segmentation approach is the worst approach not only
in terms of accuracy measured using the metric based on dislocation length but also it does
not capture the morphology of the dislocations accurately. The best choices are support point
detection and multi-label segmentation but the choice of the method depends of the dislocation
microstructure of interest. The support point detection method does not perform well for
dislocations with sub-pixel spacing and tends to predict only one of the two dislocations but
is a good choice dislocations overlapping with other dislocations in the microstructure. The
multi-label segmentation approach provides very good results and can successfully segment
the sub-pixel spaced dislocations but does not work so well for overlapping dislocations. The
results tend to be very poor using the multi-label segmentation approach where it predicts only
a part of the overlapped dislocation not the complete dislocations. These results can also be
used as a recommendation which method to use, once it is known which dislocation structure is
(approximately) to be expected.
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Chapter 5 Study Using Synthetic and
Real Data: Transfer Learning
Approach

In the previous chapter we focused on synthetic data generation and comparison of the three
machine learning approaches. One of the central question of interest is the generalization of
the machine learning methods to new unseen datasets. In this chapter we focus on this aspect
and introduce real dataset used in further studies in Section 5.1 followed by machine learning
studies in Section 5.2 where we train one model only on real dataset from scratch and use transfer
learning approach for the second. To benchmark the two models, we prepared a test dataset from
experimental data which was not accessible during the training process. This allow us to evaluate
the generalization capabilities of the two approaches.

5.1 Real dataset

Generating real TEM data of dislocation microstructures requires specialized expertise, sample
preparation, and access to high-quality experimental facilities. Conducting a single TEM
experiment typically involves weeks of planning and careful preparation. During these experi-
ments, researchers scan various regions of the specimen and capture the evolution of dislocation
microstructures within regions of interest in video format.

The TEM videos obtained are often as long as an hour, during which the focus may shift across
different regions of the sample. To isolate consistent observations of a single microstructure
region, we performed a comprehensive analysis of each experimental video, segmenting and
trimming sequences where the electron microscope remains focused on the same region. This
yielded a set of 23 trimmed video sequences, ranging from a few seconds to several minutes in
length, wherein the evolution of identical dislocation microstructures can be observed over time.

We extracted frames from these video sequences at a rate of 30 frames per second, producing
thousands of frames for certain videos. Figure 5.1 illustrates three individual frames from four of
the video sequences. In Video Sequence one, frames 2101 and 4951 depict similar dislocation
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microstructures, with variations only in dislocation positions due to movement. In contrast, frame
51 displays a distinctly different microstructure, as the microscope’s focus has shifted slightly to
the right. This shift reveals additional dislocations in the newly focused region, and the field
of view has been zoomed out to capture the entire structure. This frequent adjustment of focus
and zoom by experimentalists reflects their adaptation of microscope settings to capture specific
details of interest throughout the experiments.

Figure 5.1: Three frames from four different experimental videos showing the variation in the
dislocation microstructure from different videos and similarities from same video.

We have shown only the first few starting frames for video sequence two where we can observe
that the dislocation microstructure is very similar and hardly changes. This is usually the case
where dislocations do not move or change over several frames and hence there is only very
little variation in the frames. It is only after several hundred frames that we see any noticeable
difference in the microstructure as shown for video sequences three and four. This is one of
the main reason why even though hundreds of frames are extracted from each video sequence,
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frames with significant differences in terms of microstructure are quite few. We go through all
the frames of a video sequence and manually selected a few frames to prepare a generalized
labelled real dataset. The number of selected frames varies for each video sequence depending
on the variance in the frames. For each video sequence, we selected a minimum of five frames
for labelling. These frames are then labelled by selecting tens of points on dislocations using
labelme and the labelled file containing the data of the dislocation points is saved as JSON file.
The distribution of the number of frames labeled for each of the 23 video sequences is shown
in Figure 5.2 where we have further split the total data into training and testing. This gives us
a total of 239 images for training and 52 images for testing. The train-test split is done on the
basis of video sequence so that all the frames of a video sequence are either part of training or
testing data but not both. This ensures that there is no data leakage and we can properly evaluate
the performance of any machine learning model trained on the training data. This is especially
important for the dislocation dataset since any two images from the same video sequence might
be very similar and hence there would be data leakage during the training if the split is not based
on video sequences. The test data is not part of training in any way and kept aside only to test the
performance of the trained machine learning models. The object is to evaluate the performance
of the trained models on unseen data from different experiments.

We have obtained the TEM images from a large number of experimental data. It is important
to learn more about the distribution of the data. There are a number of approaches we can use
to visualize the distribution ranging from simple linear dimensionality reductions methods like
Principle Component Analysis (PCA) which focuses on providing a representation of the high
dimensional data by maximizing the variance of the dataset along each direction and providing a
compressed representation of data in a low dimensional space. Cohn and Holm [119] utilized the
VGG16 model to extract feature representations from micro-graphs of material microstructures,
resulting in 4096-dimensional vectors. These high-dimensional representations were reduced
to lower dimensions using PCA, enabling unsupervised methods such as K-means clustering
to classify micro-graphs without the requirement for labeled data. This method is simpler and
easier to use but may not be very useful to the datasets such as chemical structure and dislocation
microstructure where it is also important to focus on the local features since in such datasets
there are several but related low dimensional manifolds present within the high dimensional
data. These relationships requires non linear methods such as Tree-based Mapper (TMAP)[120],
t-distributed stochastic neighbor embedding (t-SNE) [121], or uniform manifold approximation
and projection (UMAP) [122]. These methods have gained significant popularity for visualizing
high-dimensional data, offering enhanced interoperability of results.

Various deep convolutional models are available for generating image feature representations.
In this work, we employ the Self-Distillation with No Labels (DINO) model. DINO utilizes a
self-supervised distillation approach, where a student model learns to mimic a teacher model using
unlabeled data. This framework effectively enhances the feature extraction process, enabling the
model to capture intricate patterns and rich representations within the data. DINO is designed to
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Figure 5.2: Distribution of number of images labelled from videos sequence along with the test
and train split of the whole data. The dataset is split based on video sequences
to prevent data leakage, ensuring that frames from the same video are not present
in both the training and testing sets. This allows for a robust evaluation of model
performance, as it better simulates real-world scenarios where models encounter
unseen video sequences during testing.

learn invariant features, making it particularly effective for various downstream tasks, including
clustering, classification, and segmentation.

In our study, we initiate a simple example where we utilize the DINO model to generate feature
vectors for our training dataset comprising 239 dislocation microstructure images. Subsequently,
we select a query image, as illustrated in Figure 5.3, and perform image indexing with the
objective of retrieving "similar" images from the dataset. This process involves normalizing the
feature vector of the query image and calculating the distance between the vectors using the L2
norm of the vector differences. The resulting scores facilitate the ranking of images where the
image with the lowest score is the closest match, and the sorted results for the 15 closest matches
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Figure 5.3: Query-based image retrieval using feature representations extracted from the DINO
model. A single query image is indexed against a real dataset of 230 dislocation
microstructure images, and the 15 closest matched images are shown. The associated
scores indicate the similarity to the query image, with lower scores representing
closer matches. The results demonstrate the model’s ability to capture microstructural
features and rotational invariance, as exemplified by a closely matched image that is
a rotated version of the query.
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are presented in Figure 5.3.

Upon examining the closest matched image with a score of 0.2, we observe that it is merely a
rotated version of the query image. This observation highlights DINO’s capability for rotational
invariance, a crucial attribute to obtain high quality features. Such invariance ensures that the
model recognizes similar structures despite variations in orientation, enhancing its robustness.

Furthermore, the majority of the matched images correspond to the same experimental condi-
tions as the query image, indicating the model’s effectiveness in grouping similar microstructures.
This suggests that DINO not only captures fine-grained features but also retains the contextual
relationships among images. The ability to identify similar structures effectively aids in material
characterization, where understanding microstructural similarities can inform research and
development processes. Even though the model has not been trained on microscopy image data of
material microstructures, the model shows promising results and adaptability to our dislocation
dataset where it was able to extract important useful features.

To analyze the data distribution, we utilized eight experimental videos, from which feature
vectors were extracted for 50 randomly selected images per video using the specified feature
extraction method. These feature vectors were then applied to obtain a TMAP visualization,
as illustrated in Figure 5.4. In the TMAP visualization, images from individual experimental
videos are predominantly clustered along distinct branches. However, some images appear
in branches corresponding to different videos, indicating a degree of similarity across certain
features. For instance, the image pair labeled as (b) consists of images from two separate videos,
yet they share similar structural characteristics, such as a two-dislocation pileup configuration.
Similarly, other locations within the TMAP also exhibit these cross-video similarities, as seen
in (c). Additionally, transitional regions exist within the TMAP where branches from different
experimental videos converge. At these junctions, as demonstrated in pair (b), the images situated
at the transition points possess shared features, including comparable pileup configurations and
dislocation shapes. This indicates that specific microstructural characteristics are common across
multiple videos, contributing to these visual proximities in the TMAP representation.

The TMAP distribution provides a very nice distribution of the data and is very interesting
from a machine learning point of view. As discussed above, the experimental data share some
features but most of the them lie on their own branches. In such a case, it becomes very important
to understand the robustness and quality of machine learning results where the new unseen data
might lie on its own branch and has different domain distribution that the data used for training.
This is discussed in details in the following section where we will evaluate the performance of
the trained models on test data which is obtained from different experimental videos.
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Figure 5.4: TMAP visualization of feature vectors extracted from 50 randomly selected images
from each of eight experimental TEM videos. Images from the same experimental
video predominantly cluster along distinct branches, illustrating the model’s capability
to capture video-specific microstructural patterns. Selected image pairs highlight
structural relationships across videos: (a) and (c) show images from different
videos appearing on the same branch, while (b) corresponds to images at branch
transition points, sharing similar microstructural features such as two-dislocation
pileups. This visualization demonstrates both intra-video consistency and inter-video
microstructural similarities.
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Figure 5.5: Probability density distribution of (a) the dislocation spacing between two nearest
dislocations and (b) total number of dislocations in a real image of training dataset.

5.2 Results and Discussion

We have seen in Section 4.5 that both the machine learning approaches, multi-label segmentation
and spline support point detection are very useful. For a dislocation microstructure where we
can have a large number of dislocations (i.e., greater than 8) the multi-label segmentation method
might fail to segment dislocations as individual dislocations in a single mask. However the
method is very useful for structures where we have less dislocations that are very nearby. The
method is able to capture the details at the pixel level and accurately predict such pair of very
close dislocations as individual dislocations.

The probability density distribution of the dislocation spacing between two nearest dislocations
and the total number of dislocations in an image of the real dataset is shown in Figure 5.5. We
can observe from the distribution that most of the dislocations have distances of only 7 pixels and
we can have as many as 35 dislocations in just one image. It is not necessarily the case that all
the dislocations are important and are of interest. The moving dislocations are usually of interest
and need to be studied. Since the data has been collected from a large number of experimental
videos, the effectiveness of an approach may vary between different datasets.

To gain deeper insights, we apply the trained weights from the previous study—where models
were exclusively trained on synthetic data—to predict two real images from the real dataset, as
illustrated in Figure 5.6 and Figure 5.7. The figure also displays the predictions for these images
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(a)

Figure 5.6: Predictions on a real TEM image using models trained exclusively on synthetic
datasets. The figure compares the spline support point detection approach and the
multi-label segmentation approach. Multi-label segmentation captures dislocations
more accurately, particularly for closely spaced or complex-shaped dislocations,
whereas the spline support point detection method misses several dislocations and
mispredicts support points for some structures.
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using both the spline support point detection and the multi-label segmentation approaches.

On comparing the results of two approaches, we can see that the multi-label segmentation
approach provides much better results compared to the spline support point detection method
for both the images. This is especially the case for real image in Figure 5.7 where the spline
support point detection method only detects 4 dislocations out of 11 dislocations. For real image
in Figure 5.6, the spline support point detection method fails to accurately capture the complex
shapes of the dislocations, as demonstrated by the predictions shown as support points 2 and 3.
Prediction shown as support points 5 is rather interesting where the model predicted a dislocation
incorrectly. The results can be improved by increasing the number of support points, as this
would allow for a finer resolution of the dislocations. However, optimizing the model parameters
for a larger number of support points becomes challenging, as it introduces more complexity
into the model and optimization of loss function. The architecture of Mask R-CNN requires the
prediction of support points as one-hot encoded masks, allocating a separate channel for each
dislocation. When dislocations are within sub-pixel proximity or we try to predict large number
of support points, the models find it challenging to assign them to distinct channels and calculate
the required loss in the positions of the points. This is one of the main reason why the support
point detection method failed for the real image in Figure 5.7. The results are also affected by the
use of NMS threshold for refining support points predictions, which, while designed to eliminate
redundant detections, might inadvertently discard valid support points as redundancies when
they are too close together. Multi-label segmentation results are much more precise and able to
predict the dislocations at sub-pixel spacing accurately. It is interesting to note that even though
the multi-label segmentation model was trained to predict a maximum of 9 dislocations it tries to
predict more than 8 dislocations by predicting more than one instance in a single mask as shown
for the two real images. In such cases, it could be beneficial to further post-process the masks
using methods like contour detection to separate instances of dislocations. For example, two
dislocations predicted in mask 6 of image in Figure 5.6 can be split into two distinct instances
using such techniques.

To understand the effect of NMS in more details, let us again consider the real image in
Figure 5.7 and post-process the spline support points predictions using different NMS threshold
value as shown in Figure 5.8. We use a detection score of 0.9 so that the model is very confident
in the detection of the bounding boxes and hence does not affect the post-processed results after
NMS due to bounding box detection itself. We start with a very low value NMS of 0.01, which is
much lower compared to the normally considered value of 0.25 (which is used earlier). The NMS
algorithm begins with the bounding box that has the highest detection score. It then compares
this box to all other boxes, calculating the IoU score between each pair of boxes. If the IoU
value exceeds a predefined NMS threshold, the box with the lower detection score is suppressed
(removed) because it is considered to be overlapping with the box of higher confidence. We can
see that for the threshold value of 0.01, there are 6 dislocations which are suppressed since even
if the IOU score of any two boxes is as small as 0.01 (slightly overlapping only), the bounding
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(a)

Figure 5.7: Predictions on a real TEM image using models trained only on synthetic datasets.
Multi-label segmentation provides superior detection of dislocations, successfully
identifying nearly all instances, whereas spline support point detection fails to resolve
several dislocations, particularly those in close proximity or with complex geometries.
These results highlight the limitations of support point detection for real images
and the effectiveness of multi-label segmentation in capturing sub-pixel dislocation
structures.
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Figure 5.8: Effect of NMS threshold on the detection of closely spaced dislocations in a real
image. The ground truth is shown alongside predictions made using different NMS
threshold values, ranging from very low value of 0.1 to very high value of 0.8.

boxes will be suppressed. As we start to increase the threshold to 0.1, we start to see more
dislocations. It is very interesting to note that now we start to get nearby dislocations of the
pileup which we did not get previously with lower value since the overlap between them might be
atleast 0.01. Even for a very high threshold of 0.4, we do not get all the dislocations and one of
the two nearby dislocations are suppressed. It is only at very high threshold of 0.8, that we start
to get all the predictions. A low NMS threshold is useful when it is important to avoid multiple
detections of the same dislocation, even if this results in missing some dislocations. This helps
in maintaining cleaner, less cluttered results. On the other hand, higher threshold values are
beneficial when it is more important to ensure that no dislocation is missed, even if this leads to
multiple detections of the same dislocation. While this approach increases recall (the number of
detected dislocations), it may decrease precision because of the presence of duplicate bounding
boxes for the same dislocation.
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Dislocation detection in real crystal images presents significant challenges, particularly when
models are trained solely on synthetic data. Although purely synthetic datasets can be generated
in large volumes and with controlled dislocation properties, domain gaps—such as differences in
contrast, noise characteristics, and spatial patterning—often hinder these models from performing
optimally on real images. To address this issue, we build upon our previous study and propose an
enhanced training methodology that leverages a multi-label segmentation approach with transfer
learning. Our goal is to adapt a model originally trained on a purely synthetic dataset, referred to
as SD3, so that it can more accurately detect dislocations in real images and we can get better
results.

In our analysis of real dataset, we observed that some images can contain as many as 35
dislocations as illustrated in Figure 5.5, which poses a challenge for multi-label segmentation
approach. For simplicity, we constrain our model to a maximum of 20 dislocations. By design,
this decision does not substantially degrade performance on most images, as the distribution
of total dislocations per image is skewed and the majority of images exhibit fewer than 20
dislocations. Specifically, we note that out of a set of 239 real images in the training dataset,
209 of them contain 20 or fewer dislocations. We consequently focus on these 209 images,
creating a specialized subset of the real dataset that is more tractable for our chosen multi-label
segmentation approach.

From these 209 images, an 80:20 split is used, yielding 167 training images and 42 validation
images. We utilize transfer learning from the model that was previously trained on the large
synthetic dataset, SD3, where the presence, shapes, and layouts of dislocations were systematically
varied to give the model a robust initial understanding of dislocation-like features. Our synthetic
dataset comprises thousands of generated images, allowing the original model to learn a diverse
range of edge cases and spatial configurations. We then modify the final layer of this pretrained
network so that it produces 20 output channels, one for each dislocation instance in our multi-label
segmentation approach.

Following this architectural adjustment, we fine-tune the network on the real images by
exposing it to noise characteristics, complex backgrounds, and possibly subtle dislocation patterns
that were not encountered in the synthetic data. This fine-tuning step serves a critical role: it
updates the model’s parameters to better align with the statistical and visual properties inherent
in real TEM images. In order to evaluate how much of an advantage we gain by leveraging
a large synthetic dataset, we also train a separate model from scratch using only the 167 real
training images. This additional experiment highlights the value of pretraining: whereas the
scratch-trained model has to learn dislocation patterns and low-level features directly from
limited real data, the transfer learning model already possesses a foundational understanding of
dislocation-like structures, enabling it to adapt more rapidly.
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Figure 5.9: Comparison of two multi-label segmentation models evaluated on real TEM images.
One model is trained exclusively on the real training dataset, while the other model is
pretrained on the generalized synthetic dataset (SD3) and subsequently fine-tuned
on the real dataset. (a) Metric scores for each test video, illustrating improved
performance of the transfer learning model across diverse experimental conditions.
(b) Evolution of the metric score on the validation dataset during training, showing
faster convergence and higher final performance for the model pretrained on synthetic
data.

During the training of the two models, the metric score on the validation dataset obtained
from the data split is presented in Figure 5.9(b). It is observed that the model pretrained on the
synthetic dataset, when finetuned on the real dataset, not only converges faster but also achieves a
better performance compared to training a model from scratch. Specifically, a metric score of
0.59 was obtained using the transfer learning approach, highlighting the benefits of leveraging
synthetic data as an initial training stage.

Subsequently, these trained models were evaluated on a separate test dataset that remained
inaccessible during the training phase. The metric score was computed individually for each
video in the test dataset, as illustrated in Figure 5.9(a) for both the models. The evaluation on the
test data reveals that the metric scores are notably low. For certain videos, such as video 2, the
mean metric score reaches as low as 0.04, indicating that the model exhibits minimal effectiveness
for specific data instances. Addressing this issue forms one of the primary objectives of our work.

Dislocation image data exhibits substantial diversity, with significant variations in terms of
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dislocation shapes, structures, and the number of dislocations. This diversity poses a considerable
challenge in developing a generalized machine learning model capable of consistently delivering
high-quality results across all dislocation datasets. The synthetic data approach thus becomes
highly valuable, as it allows the generation of a diverse set of training examples, thereby enhancing
the model’s ability to generalize. As shown in the results for all videos in the test dataset, the
model that utilized transfer learning from synthetic data consistently outperforms the model
trained solely on real data.

5.3 Conclusion

In this study, we have addressed the challenge of generalization in machine learning models
applied to real data, with the goal of developing a model that can effectively perform on unseen
or new experimental datasets. Our objective is to identify the primary limitations that hinder
the generalization capability of these models. A major factor that restricts the generalization
of machine learning approaches is the availability of a comprehensive, generalized real dataset.
As shown in Figure 5.9(a), the model, even after fine-tuning on real data, demonstrates limited
performance on unseen experimental data. The highest metric score achieved for an experimental
dataset is 0.55, which remains insufficient for accurately representing dislocations as splines.

In certain situations when we only have very limited amount of training data, applying transfer
learning directly to the dataset of interest can be both practical and efficient. For instance,
consider a scenario where, out of all the dislocation present in the images, only a subset of
dislocations actively undergoes motion that is relevant to the particular experiment. Rather than
annotating every dislocation in every frame, we can greatly streamline our labeling effort by
focusing only on these actively moving dislocations. A small number of frames may be selected
from the complete dataset, and each relevant dislocation within those frames can then annotated.
These annotations form the real training set, which can be used for fine-tuning a model that was
initially trained on a larger synthetic dataset.

An additional time-saving strategy involves generating what can be called partial labels. With
this approach, a model that has already been trained (either on synthetic data or on a different
subset of real data) is used to automatically label frames in the dataset. These automatically
generated labels—partial because they may not be fully accurate or comprehensive—are then
manually refined by an expert. This refinement step requires far less labor than creating every
label from scratch, as the human annotator only needs to correct errors, add missing labels, or
remove irrelevant features. In doing so, the overall volume of high-quality real labels for the
moving dislocations expands quickly and at a lower cost of annotation effort.

Once this partially labeled and corrected dataset is assembled, the model is fine-tuned on
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these meticulously curated labels. Although this targeted approach can lead to a model that is
over-fitted to a specific experiment’s conditions—due to limited coverage and potential bias in
the labeled frames—it nevertheless produces a highly specialized tool. This specialized model
can then be reliably applied to the entire suite of experimental frames, yielding accurate and
efficient detection of only the dislocations of primary interest. Such a strategy is particularly
advantageous in time-sensitive or resource-limited settings, where the precise tracking of a select
group of actively moving dislocations is more critical than capturing every single structural
defect in the sample.
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