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Abstract

Machine learning is used to carry out efficient studies and analyses in the field of con-
densed matter physics. We propose comprehensive machine learning approaches that
would classify between magnetic structures. We propose models that are trained on
data that has been generated on 3D lattices of Heisenberg model using the physical
properties of respective magnetic structures. Models are designed based on three
types of classifications, first classification is done between topologically-protected
structures, second on non-topologically-protected structures, thirdly on all struc-
tures collectively. To achieve this, convolutional neural network (CNN) and support
vector machine (SVM) with principle component analysis (PCA) algorithms have
been used. We then make a comparative analysis and find the most optimal solu-
tion. The results show that CNN provides the highest accuracy in the classification
of topological and non-topological magnetic configurations.

Keywords: Machine Learning; Convolutional Neural Network; Support Vector Ma-
chine; Principle Component Analysis; Skyrmion; Ferromagnetic; Spin-spiral; Anti-
skyrmion; Anti-ferromagnetic; Topological
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Chapter 1

Introduction

1.1 Motivation

Nowadays, computer algorithms can gain an understanding of data and forecast the
outcome using machine learning. Most of the times, such algorithms are applied
on areas which require classification between data to be performed on large scale
data sets and the evaluation of results is done in the absence of human guidance
[1]. In the fields of physics, chemistry and material science, working out the solution
of molecular structures, materials and their interfaces play a fundamental role [2].
Therefore classifying various phases and transitional stages of matter is always a
critical topic in the area of condensed matter in physics [3]. The task of identifying
between several phases and configurations is extremely difficult using conventional
methods. Consequently, this field requires machine learning to aid in the classifica-
tion of many-body stages of classical and quantum models. These algorithms can
efficiently identify the magnetic configurations without the need for any tiresome
microscopy techniques.

1.2 Literature Review

lakovlev, Sotnikov and Mazurenko (2018) used machine learning techniques to differ-
entiate between skyrmion, paramagetic, ferromagnetic and spin spiral phases along
with their transitional states in two-dimensional materials at different temperature
and in the presence of various magnetic fields. They used two approaches here
and made a quantitative analysis. The first approach consists of neural network
with a single-hidden layer. However, they faced difficulties in establishing concise
boundaries between skyrmion and spin spiral phases. They used a feed-forward net-
work (FFN) on magnetic skyrmion and spin spiral states to achieve a non-collinear
configuration which comes from the Monte Carlo simulation. The neural network
takes this magnetic configuration as input and distinguishes between the magnetic
configuration efficiently. They use a minimum distance method for their second
approach. For the minimum distance method, they use k-NN and nearest cen-
troid classifier. They achieved higher performance when they use nearest centroid
method as opposed to the neural network and k-NN approaches. Their training data



set consisted of big skyrmions, high temperature spin spirals, ferromagnetic, spin
spiral, skyrmion and paramagnetic phases [4]. Successful quantitative classification
resulted between complex and mixed ferromagnetic-skyrmion and skyrmion-spiral
configurations which had not been done before. Speaking of the performance of
the algorithms used, it was discovered that both neural network and nearest cen-
troid classifier demonstrate similar detection accuracy for big skyrmions at 94% and
100%. Also accuracy for high temperature spirals was at 75% and 78%, whereas
both provided accuracy of 100% for ferromagnetic, and 91% and 100% accuracy for
skyrmion configurations on triangular lattice. In addition to that, they found out
nearest centroid algorithm provided excellent performance for paramagnetic phase at
90%. However, k-NN provided 100% accuracy for ferrromagnetic and paramagnetic
phases but worked poorly on the rest of the data [4].

Singh and Han (2018) used machine learning approaches to support phases of
skyrmion in two-dimensions. They used many layers of convolutional neural network
associated with several layers of neural network. Their work basically consisted of
feeding in a lattice model made of Heisenberg, DM interaction and Zeeman term.
Their model could successfully predict both the mechanical quantities of the input
configuration such as chirality, magnetization of the structure as well as physical
quantities such as temperature and magnetic field at which images were generated.
In addition to that, they train their network using three different configurations
consisting of z, xy and xyz components of magnetization and yet got no differences
among the accuracy of the three types of training and testing data sets [5].

1.3 Objective

We apply machine learning approaches to perform an effective classification of fer-
romagnetic, anti-ferromagnetic, skyrmion, antiskyrmion and spin spiral configura-
tions via supervised learning and unsupervised learning. The input sample is data
achieved from simulations of physical properties of the various magnetic configu-
rations. First CNN is used to classify between the images. Image classifications
are mostly carried out using neural networks where data is placed in a graphical
structure which contains a number of nodes and edges [1], [3], [5], [6]. Also SVM al-
gorithm is used, once in association with PCA and once without PCA. The proposed
approaches can successfully classify amongst magnetic configurations in real time
with data obtained from spin-polarized scanning tunneling and Lorentz transmission
electron microscopy.

1.4 Thesis Outline

The rest of the paper is structured as follows:
e Chapter 2: Discussion on Fundamentals of Algorithms used
e Chapter 3: Discusses Fundamental of Magnetism

e Chapter 4: Discusses the Proposed Methodology



e Chapter 5: Discussion on Experiments and Results
e Chapter 6: Conclusion and Future Works
e Chapter 7: References



Chapter 2

Algorithms Used

2.1 Supervised Learning Algorithm

The theory of learning in machine learning algorithms usually follow two methods,
supervised or unsupervised. When it comes to supervised learning, the model is
given a set of labelled data so that model is able to generalize according to those
labels on new data [7]. In this type of learning, data set needs to be provided.
Also the sample has to be a good representation of real-world data to ensure good
accuracy. Some of the most used supervised learning algorithms are neural networks,
CNN, SVM, linear regression, logistic regression, naive Bayes, decision trees.

2.1.1 Neural Network

Neural network is a concept of machine learning created upon the principle of biolog-
ical neural networks. The concepts were discovered in an attempt while simulating
the brain processes by Warren McCulloch and Walter Pitts [8]. A classic neural net-
work consists of a number of artificial neurons knows as units which are organized
in layers. There are connections between the neurons from one layer to the layers
on either sides. Figure 2.1 elaborates the breakdown of the steps taking place in
the neural network. The first layer known as input layer takes in information that
is needed to recognize or classify. On the other end of the network, there are output
nodes in the output layer which gives a decision based on the information. There
is one or several layers of hidden neurons between the output and the input layers
that produces majority of the artificial brain. All individual layers are connected to
each other via links knows as weights. These are particular numbers that decide if
one unit is influenced by the previous unit. Information goes through the network
in two methods, either during training period or while testing [9].

During training, the network makes use of a feedforward network. Aim of feedfor-
ward network is to estimate a function f*. For instance, y = f*(x) is a classifier
which maps input x to a category y. The feedforward network describes a mapping
y = f(x; 0) and studies the values of parameters 6. The parameter is to be studied
to provide the best function estimation [10]. After obtaining results from network,
the difference between predicted labels and original results are analyzed. We define



a performance metric based on the ability of the NN to achieve its goal of providing
predictions as close as possible to the actual results using a loss function. One of the
most famous loss functions is the sum of squares of the absolute errors [11].

To optimize the weights of NN, a concept known as differentiation is applied. It
basically works with derivative of loss function. Derivative is a measure of the rate at
which errors change with a change in weights. Then the errors are back-propagated
from the end to the beginning. Back-propagation is used to efficiently calculate
weight updates to enhance the performance of the network recursively until it reaches
its desired output [10], [12]. Several methods of updating weight exists. These
methods are widely known as optimizers. After applying an optimizer, the procedure
keeps iterating until it reaches convergence. Number of iterations required to reach
convergence depends on the learning rate applied, meta-parameters of network, the
optimisation method used, random initialisation of network and quality of training
set [11].

Step 1: Random
Initialization

Step 7: Step 2: Feed ,|Step 3: Calculate
lterate until Forward loss function
Convergence

Y
Step 4: Calculate
derivative of
error

Step 6: Update | Step 5
Weights N Backpropagate |

Figure 2.1: Step-by-step breakdown of a neural network.

2.1.2 How Convolutional Neural Networks Work

Convolutional neural network is an architecture of artificial neural networks, which
uses some features resembling the visual cortex. CNN has at least one convolu-
tion layer and it is designed in a way to reduce computational complexity when it
comes to tasks like image recognition. The image passes through a series of convo-
lutional, nonlinear, pooling and fully connected layers to generate an output as is
demonstrated in figure 2.2.

Before the CNN is provided with an image, the computer converts this image into an
array of pixels known as matrix, depending on dimension of image and image type. If
the image is a gray-scale image, there is only one pixel. However, for an RGB image,
there are three color planes, thus 3 pixels. Similarly there are wide ranges of color
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Figure 2.2: Neural network containing multiple convolutional layers.

spaces for HSV, CMYK etc. Therefore, a convolutional layer is needed to decrease
the matrix size and generate a general form which would be easier to process and
significant features would not be lost. This also comes handy for designing network
which is not conformed to only one type of images but can be scaled to larger data
sets.

Convolutional Layer

The matrix first goes through the convolutional layer. A smaller matrix or filter,
known as feature detector is used which moves across the input matrix starting
from the top left. The filter’s job is to multiply its value with the image pixel
values. These multiplications are then summed up to generate a single number at
the end. The filter continues doing this by moving further right by 1 unit every
time, if the stride is 1. After the filter passes through all positions, a smaller matrix
is achieved known as a feature map.

The input matrix will be in a dimension of W7 x Hy; x D; where W; is the width,
H; is the height and D; is the depth of the matrix. After convolution the output
produced would be Wy x Hy X Dy where:

Wy = (W) — F+2P) /S +1 (2.1)
Hy=(H,— F+2P)/S+1 (2.2)
Dy =K (2.3)

where K is the number of filters, F is the size of filter, S is the stride size and P is
the amount of zero padding [13].

Using this procedure we lose a large amount of features but it does not leave the
important features, rather keeps features which are to be used in future layers.
The feature maps we get from this procedures consist of important features that

is needed to recognize and classify various types of images with the convolutional
neural network (CNN).



Non-Linearity

This layer is added after every convolutional operation. The objective of this layer is
to add an activation function that would bring non-linearity in the images. There are
several activations functions such as sigmoid, tanh, ReLLU,Leaky ReLLU, Parametric
ReLU and softmax. Without non-linearity, the network can not model the class
label efficiently.

Figure 2.3 shows the sigmoid function. It resembles an S-shaped curve [14]. It
provides a range from 0 to 1. The function can be differentiated, thus slope can be
found at any two points.

1
z) =
¢(2) 14+e7%
0.0l
-8 - —4 —'2 é 4 6 B

Figure 2.3: Sigmoid function.

Figure 2.4 displays the rectified linear unit function (ReLU) [14]. Conventionally
ReLU activation function is used while dealing with classification problem using
deep neural networks due to its high computational speed [15]. The function and
derivatives are both monotonic. Also all the neurons are not activated at the same
time, thus it is efficient.
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Figure 2.4: ReLU function.

Equation 2.4 displays the softmax function [16] and figure 2.5 shows the graphi-
cal representation of the function. Softmax can manage multiple classes and find
probability of input belonging to a specific category.
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Figure 2.5: Softmax function.
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Pooling Layer

The next layer is a pooling layer. Pooling is done to get most significant features
and to get rid of most of the unwanted features. This will result in getting a smaller
sized feature map which is easier to process. This is equivalent to picking activation
in a random manner based on a distribution which is multinomial at the time of
training [17]. There are several types of pooling, Max Pool, Sum Pool and Average
Pool. Thus, the layer takes input of feature maps generated from convolution layer
and generates pooled feature map as output.

Fully Connected Layer

After going through a series of convolutional, nonlinear and pooling layers, a fully
connected layer is required. Figure 2.6 shows the fully connected layer [18]. The
output from the pooled layer is flattened into a long vector which is input to the
artificial neural network. The fully connected layer is attached to the end of the
network which has N number of nodes, where N is the number of classes to be
classified. After the full connection step, learning rate is specified. Over a series of
epochs, model can distinguish between the images and classify.
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Figure 2.6: Fully connected layer.

2.1.3 Support Vector Machine

Objective of support vector machine (SVM) algorithm is to find a decision boundary
in an N-dimensional space (where N represent the quantity of features) to classify
between points [19].

To draw a decision boundary between the two classes, a hyperplane is drawn. The
classes are separated based on the hyperplane. Dimension of hyperplane is chosen



A
E] |:| D Maximum.
\\/margin
O X O S
x1r - x1'

Figure 2.7: Figure showing possible hyperplanes vs an optimal hyperplane.

depending on the number of features. For instance, hyperplane is a simple line if
there are 2 input features. Hyperplane becomes a two-dimensional plane if quantity
of input feature is 3. As number of features increase, complexity of hyperplane
increases. However, there are many possible options for the hyperplane as shown in
Figure 2.7, but SVM aims to find an optimal hyperplane where the margin distance
from the hyperplane to data points on both sides are maximum. The optimal
hyperplane is drawn in the second grid on figure 2.7.

Support vectors are the data points which fall nearer to hyperplane and they have
an impact on the positioning of the hyperplane. In the second grid on figure 2.7,
the filled circle and squares are the support vectors.

Aim of SVM is to maximize distance or margin between the hyperplane and data
points. There is a loss function that is used to maximize the margin, known as hinge
loss. A regularization parameter is added to the cost function to create a balance
between loss and margin maximization. Partial derivatives are taken from the loss
function with respect to weight to calculate the gradients. The weights are then
updated using the gradients [19].

Multiclass SVM

SVMs are by default binary classifier. However, multiclass classification can be per-
formed using 2 approaches. They are one-against-one and one-against-all methods
[20]. One-against-all approach considers one class as positive and rest all as negative
and trains the classifier. Thus, if there are n classes, it has to train n number of clas-
sifiers. In the classification stage, the n-classifiers predict probability of each class
with respect to new data and class with highest probability is chosen [21].

For the one-against-one approach, it takes every 2 classes and trains classifiers on
data containing those classes. This way it trains a sum of n*(n—1)/2 classes. During
the classification stage, each classifier makes prediction of one class and class that
has been suggested most for a particular data is the solution [21].
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Kernel Functions

SVM algorithms make use of some mathematical functions known as kernel. Kernels
aim to take input data and change it into a desired form. Different algorithms use
different kernel functions. Some of the functions are gaussian radial basis bunction
(RBF), polynomial and sigmoid.

RBF is a kernel used when no prior knowledge is given. Equation 2.5 shows the rbf
equation.

k (x1,%;) = exp (— [|x; — x;]%) (2.5)

2.2 Unsupervised Learning Algorithm

Unsupervised learning is a type of machine learning that does not required data to be
labelled, categorized or classified. It does not need feedback to learn. Unsupervised
learning learns by recognizing common elements among the data and decides based
on those common elements in a new piece of data [22]. The goal of unsupervised
learning is to model the underlying structure or distribution of data to get a good
knowledge of the data. Some of the widely used unsupervised learning algorithms
are k-means clustering and PCA algorithms.

2.2.1 Principle Component Analysis

Principle Component Analysis (PCA) is a mechanism that is used to decrease the
dimensionality when it comes to very big data sets. It is done by changing a variable
set into a smaller one including maximum of the information from the big data set
[23]. A step wise breakdown of PCA is demonstrated below.

Standardization

First of all, initial variables need to be standardized to prevent biased results oc-
curring from big differences in the range of variables. This is usually done using
equation 2.6 [23].

value — mean

z= (2.6)

standard deviation

In the above equation, mean is calculated from the training sample. To standard-
ize, the mean is subtracted from each value and the result is divided by standard
deviation.

Covariance Matrix Computation

This step is performed to see how variables vary from mean with respect to one
another, or to find correlation between the variables. This is done to find any un-
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derlying property or redundant information among the points. Thus, the covariance
matrix is calculated.

Covariance matrix is a m x m matrix where m represents the number of dimensions.
The matrix has covariances with all possible pairs of the input variables. Equation
2.7 shows the covariance matrix for a 3 dimensional data with x, y and z.

Cov(z,z) Cov(z,y) Cov(z,z)
Cov(y,z) Cov(y,y) Cov(y,z) (2.7)
Cov(z,z) Cov(z,y) Cov(z,z2)

The formula of covariance is as follows:

Y(wi =) (yi = 9)
N

Cov(z,y) = (2.8)
where x; and y; are the coordinates of the points and T and 7 are the average points
of x and y points respectively. N represent number of total points. After achieving
the covariance matrix, the signs of the covariances are recorded. If it is positive, the
two variables are correlated, else they are inversely related.

Computation of Eigenvectors and Eigenvalues

Principal components are variables newly formed as linear combinations or mix-
tures from the starting variables. Eigenvectors and eigenvalues are calculated from
covariance matrix to figure out the principal components.

The eigenvectors and eigenvalues are always in pairs and the eigenvectors computed
are basically the axes direction containing highest variance, otherwise known as the
principle components [23].

Feature vector

This step enables us to either keep all components or discard ones with lower sig-
nificance of eigenvalues. Thus, the feature vector is a matrix that contains as many
columns as the number of eigenvectors we desire to keep. This step is the first step
to reducing dimensionality.

Recast Data Along Principle Components Axes
This is the final step where the feature vector from previous step is used to reorient
data from initial axes to ones shown by principle components. This is done by taking

products between transpose of original data to transpose of feature vector as shown
in equation 2.9 [23].

Final Data Set = Feature Vector’ * Standardized Original Data Set” (2.9)
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2.3 Tools, Softwares and Libraries

2.3.1 TensorFlow and Keras

TensorFlow is an open-source platform that is easily accessible and free for users.
It basically is a math library and is widely used in machine learning approaches
especially neural networks. It is composed of an inclusive package of tools, libraries
and community resources that makes deployment of ML applications easier.

Keras is a high level API used for neural networks. It has the ability to run on top
of Theano or TensorFlow. Keras allows for quick prototyping and supports CNN
and RNN including their combinations.

2.3.2 Scikit-learn

Scikit-learn is a library in Python that enables using several unsupervised and su-
pervised learning algorithms. It is built on top of numpy, pandas and matplotlib.
Scikit-learn provides a number of functionality including regression, classification,
clustering, model selection and preprocessing.

2.3.3 Jupyter Notebook

Jupyter Notebook is a web based application which is open-source and enables
creation of documents which consist of live codes that can be shared as well. It is
most primarily used in simulation, statistical modelling, machine learning and much
more.

2.3.4 Mayavi

Mayavi is a data visualizer used to produce computational grids, vector and scalar
data. This library was used during data set generation.

2.3.5 Numpy

Numpy is a Python package used for scientific computations. It also consists of
N-dimensional array objects to work with. It also comes in handy when using linear
algebra, Fourier transformations and various random value abilities. In addition to
that, Numpy also acts as a multi-dimensional container for all sorts of data and
objects. Arbitrary types of data can also be described making it easier for Numpy
to integrate with databases.
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2.3.6 Matplotlib
Matplotlib is a Python library used for 2D plotting. It is used in the creation of

quality figures and graphs. Plots, histograms, power spectra, scatter plots, bar
charts can be created using Matplotlib.
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Chapter 3

Fundamentals of Magnetic
Structures

3.1 Magnetism

Magnetism has opened doors to a number of new inventions. It plays a major role
in the advancement of technological devices including data storage etc. In addition
to that, the world is currently producing huge amount of data everyday. We need
to catch up on the rapidly increasing amount of information as well as manage this
data by storing and processing it in decreasing size of storage devices [24]. Thus,
hard drives play a very important role in the field of Computer Science. To get a
deeper understanding of what happens inside hard disks, we also need to understand
Magnetism. So, hard drives use magnetism for the storage of information in a layer
of magnetic material that is situated under the surface of the platter of a typical hard
disk. Small magnetic domains are created in the magnetic layer that enables storage
of information in this material. Regions of the material that represent same direction
as the magnetic moment are the magnetic domains. Magnetism is basically derived
from the electron spin and so is the creation of magnetic moments in ferromagnetic
materials.

3.2 Classical Spin Models

Spin models are basically mathematical models which are essentially applicable in
physics to demonstrate magnetism. Spin models could be of 2 types; Classical
and Quantum spin models [25]. Classical spin models connect the gap between an
electronic description of magnetic material and a conventional micromagnetism. In
micromagnetism, magnetic properties are evaluated based on a continuum theory.
As spin models take account of magnetic configurations on atomic levels, it becomes
possible to study ferromagnets, antiferromagnets and even heterostructures that
contain both of them. In the previous days, magnetism was studied using thermal
equilibrium properties but nowadays thermally activated spin dynamics are more
advanced in this field of research [25].Some of the most prevalent classical spin
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models are Ising model, XY model and Heisenberg model. Ising model contains of
a lattice of spin variables that only have values of 4+1 or -1. Therefore, the spins are
discreet. An XY model consists of planar vector spins, usually just in 2 dimensions.
A Heisenberg model has spins of 3-dimensional vector. Figure 3.1 demonstrates the
3 models.

Figure 3.1: 3 Classical Spin Models.

3.3 Magnetic Configurations

3.3.1 Topological and Non-topological structures

Topological structures, or topologically-protected structures are the structures asso-
ciated with topological invariants, i.e, they do not change when subjected to outer
physical conditions such as external magnetic fields or high pressure or temper-
ature. Skyrmions and antiskyrmions are such structures. On the other hand,
non-topological or non-topologically-protected structures are ones which can get
influenced by external physical changes. Such structures are ferromagnetic, anti-
ferromagnetic and spin spiral configurations.

3.3.2 Ferromagnetic Properties

A ferromagnet is a substance which demonstrates instant magnetization even when
there is no magnetic field applied to it [26]. Although, all materials are magnetic
to some degree, these materials have very strong magnetic properties. Ferromag-
netic materials not exceeding their Curie temperature, represent magnetic domains
where their atomic dipoles are uniformly aligned, thus creating non-zero magnetic
field. The Ising model of ferromagnetism claims it is created due to an interaction
amongst spins of specific electrons present in the atoms of the consisting crystal
[27]. Ferromagnets have resulted into the discovery of compasses, electromagnets
and generators that are a quintessential part of today’s world [28].
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3.3.3 Anti-Ferromagnetic Properties

In antiferromagnetism, adjacent particles arrange themselves in opposite directions
to counteract the overall magnetism. This alignment takes place instantaneously
when the temperature is less than a critical temperature, called Neel temperature
[26].

3.3.4 Skyrmions

There has been a lot of hype around skyrmions in the recent years and many re-
searches are taking place over this subject [29]. Ferromagnetic materials have been
the prime material used in the development of storage devices, however further ad-
vancements can not be made due to size constrains. For example, when we develop
magnetic hard disks, nanoscale ferromagnetic particles store all the data but their
magnetic states happen to lose stability when they are shrunk below a particular
size. This causes data loss. To combat this issue, magnetic skyrmions can be utilized
[24]. They are basically considered as knots in a magnetization distribution with
major topological properties [30]. Looking from a topological viewpoint, an integer
invariant is used to describe a magnetic skyrmion, known as the topological charge.
This charge is created in the map starting from the physical two-dimensional space
to the target space S5. The formula that calculates the topological charge is as
follows:

1
Q= E/dzr (Oxm x Oym) - m (3.1)

where m is a unit vector which points in the direction of magnetization. Here, the
topological charge signifies the number of turns around a unit sphere by the magnetic
moments in the mapping. Skyrmions are said to uphold topological protection
because erasing a skyrmion would require global amendment of the system [31].

Due to their topological properties, they uphold high stability when used in the
development of skyrmion-based storage devices due to their topological protection
[24], [30]. The spins in skyrmions are organized in such a way that the spins at the
edges are in the opposite direction to spins in the centre [32].

3.3.5 Antiskyrmion
Antiskyrmions resemble skyrmions, they are tiny structures with topological protec-
tion. However, topological charge of antiskyrmion is opposite to that of a skyrmion’s

charge. Also, antiskyrmions provide greater advantages since their stability is higher
than that of skyrmion due to dipolar interactions [31] .

3.3.6 Spin Spiral Phases

Spin spirals are another type of magnetic configuration in which magnetic moment
of an atom is rotated by a fixed angle starting from one unit cell to the following cells
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along a specific direction. When the spin-orbiting coupling is missing, the rotation
axis can be described as a universal z-axis. Then we get a magnetization direction

as:
cos (q - (R" 4+ 7H) 4+ o*) sin O
¢ = | sin(q- (R"+7") + a*)sin 6# (3.2)
cos 01

where R" is the lattice vector which basically directs from origin to unit cell n, 7#
is the basis vector of atom g in unit cell, q is the spin spiral vector, 8" is the angle
between magnetic moment of atom, y and rotation axis. o* is a phase shift that is
dependent on atoms [33]. Figure 3.2 shows the spins at various angles.

Figure 3.2: Spin spirals.

3.4 Microscopy Techniques

Scientists use 3 modes of microscopy to see objects at the molecular levels; Electron
microscope, optical microscope and scanning probe microscope. Electron microscope
is a technique that aids in exposing the internal structure of smaller materials and
thus measure the magnetic properties held in magnetic materials [34]. There are
several electron microscopy techniques, however the scanning electron microscope
(SEM) and transmission electron microscope (TEM) are prevalent in use. Generally
both microscopes consist of 3 main components, a source which consists of either
a filament or a field-emission gun, lenses which could be electromagnetic lenses to
diverge the beam of electron and detectors which is either an electron detector or
a fluorescent screen. Since electrons require to move freely within the microscope,
vacuum is needed inside the microscopes [34]. Scanning probe microscopy consists
of scanning tunneling microscopy.
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3.4.1 Scanning Electron Microscopy
Scanning Electron microscopy with Polarised Analysis

Figure 3.3 shows a scanning electron microscopy with polarised analysis (SEMPA).
It takes the measurement of spin polarization for the secondary electrons which
are released from the sample when a sharp, unpolarized beam of scanning electron
microscope scans over the sample. These secondary electrons are highly respon-
sive to topography, thus the total current measured from these electrons provide
topographic details and information.No external field needs to be applied and it is
a surface technique since it requires secondary electrons which are released from a
depth of 1Inm [34].
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Figure 3.3: Working of a SEMPA.

3.4.2 Transmission Electron Microscopy
Lorentz Transmission Electron Microscopy

Lorentz force is a phenomenon where an electron feels a force in the presence of an
electric field and a magnetic field. Due to this force, the electron faces a deviation.
The deflection angle is related to the in-plane magnetization and also detects the
thickness of the sample. Lorentz Transmission Electron Microscopy (LTEM) is based
on this technique [34]. Domain walls and domains are studied easily using Lorentz
microscopy at high resolutions [35]. Figure 3.4 shows an imaging of skyrmion crystal
under LTEM microscopy. Lorentz microscopy has two modes: the Fresnel mode that
provides observations of magnetisation ripples and domain walls, and the Foucault
mode in which the domains are captured as an image. Figure 3.5 shows schematic
of electron path in Fresnel mode [34].
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Figure 3.4: Real-space observation of skyrmion crystal under LTEM microscope.
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Figure 3.5: Schematic of electron path through a magnetic sample in fresnel model.

Electron Holography

Electron beams which belong to the energy range of 103 to 107 eV, there is a particu-
lar electron-matter interaction which is basically the deviation of electron wavelength
that happens due to the presence of magnetic and electrostatic fields. This change
in wavelength results into a phase change in the wave that is relative to the phase
of the wave in vacuum. Compared to other transmission electron microscopy, the
images do not provide any information on phases. However, phase information is
provided clearly by the holography technique. Electron holography basically oper-
ates based on the creation of an interference pattern between the scattered electron
wave of the specimen and a standard wave of known form [34].

3.4.3 Scanning Tunneling Microscopy

Figure 3.6 shows a set up of a scanning tunneling microscope (STM). It has a very
simple working methodology. Here, a bias voltage is given between a metal tip and
the conducting sample which is to be explored. When the tip and sample surface
are close to each other, a tunneling current is produced due to quantum mechanical
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tunneling effect. This current is dependent on distance, therefore it is highly precise
while measuring tip to sample proximity using the tunneling current. A piezoelectric
actuator is placed with the tip of the STM which are externally coordinated by
electronics and have the ability to move in three dimensions. The tip is moved over
the sample surface keeping the tunneling current unchanged. Positions of the sample
from the tip is measured and provides a three-dimensional image of the surface of
the sample. Thus, this techniques uses 3 concepts: scanning, point probing and
vacuum tunneling [36], [37]. Figure 3.7 shows spin spirals under an STM [38].

a) macroscopic scale:
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Figure 3.6: Scanning tunneling microscopy a) Macroscopic scale b) atomic scale.

Figure 3.7: Spin spirals under spin-polarized scanning tunneling microscopy.
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Chapter 4

Proposed Methodology

4.1 Architecture of Proposed Model

Figure 4.1 shows the overall work plan that has been executed through out the
thesis period. First of all, data sets have been generated due to their unavailability
on repositories. After generation of data sets, pre-processing is done on them. Then,
a classifier is applied on the data sets. Three different classification approaches have
been used for which the results are analyzed and classifier that provides the highest
accuracy is chose as the best one.
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Support Vector Support Vector
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neural network | Principle Component Component
Analysis Analysis
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v
Find best
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Figure 4.1: Diagram presenting the proposed model.
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4.2 Data Set Generation

The validity of a machine learning approach completely depends on the data and
how it was obtained because it translates into the transferability and universality of
the output model. One of the challenges of using an ML approach in this field is the
availability or lack thereof of data sets. Considering the novelty of our approach,
it was not possible to find a data set that would suit our specific needs. Since we
do not have access to an LTEM or similar microscopy equipment, it wasn’t feasible
for us to collect our own data from physical observations. The solution to this
problem was to simulate own data from the physical properties of the magnetic
configurations. This approach has precedent in existing literature [4], [5], [39]-
[43] and is actually preferred in many cases because 1) numerous ’exotic’ magnetic
phases or excitations of matter like skyrmions are harder to generate physically in
materials, 2) it is challenging to manipulate these phases at room temperature [44]
and 3) we might not able to create as many variations in them physically because
of this challenge.

The workflow of Figure 4.2 shows how the data set was generated. For a basic idea,
all the structural formulae of the interested magnetic configurations were collected
firstly. Then vectors were created using those formulae. Variations and deformities
have been added by slightly changing certain variables in the formulae. Vectors
were then plotted. The azimuth and elevation angles were also changed to add more
variation to the images. Finally the generated images were stored.
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Figure 4.2: Workflow diagram of data set generation.

4.2.1 Owur Approach

Since the problem we wanted to solve at the core was an image classification problem,
we had to generate images. In other words, we needed to generate images of different
magnetic configurations with enough small variations in each one of them so that we
can detect a slightly changed or deformed phase. We already knew the mathematical
formulations of all the magnetic configurations as described in chapter 3. We had
to translate them into code and use plotting to generate our data set.

The general code structure was to initialize all the variables first. Then we created a
loop which would iterate through all the x, y, z positions in our lattice. Then for each
position we would calculate the x, y, z and s, s, s, values using formulations of each
different magnetic configuration. We could set the number of spins in each direction
of the rectangle which would let us increase or decrease the number of individual
simulated spins. The following paragraphs describe how different configurations
were generated.
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4.2.2 Skyrmion & Antiskyrmion

Skyrmions and antiskyrmions are similar in the sense that only their vorticity or 'm’
changes as described by the groundbreaking work done in [45]. For every position
in the lattice, we had to calculate the value of ® in eq (4.1).

D(p) =mp+~v (4.1)

We would get this value with m = 41 and different v values. What is important
here is the 'm’ value, when we keep the 'm’ value +1 we get skyrmions and when
we keep the 'm’ as -1 we get antiskyrmions as demonstrated in Fig 4.3 [45]. The
helicity v value was chosen as 0, 7, -pi/2 and pi/2 for different variations. Lastly,
we would give ¢ as input which would the positional argument of x, y which would
be turned into a single value § 3 —m < 6 < 7 and, for some r > 0.

g y=-n/2 y=n/2
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Figure 4.3: Using different gamma and m = (-1, 1) we generated different configu-
rations of skyrmion and antiskyrmion.

Finally we would get three components of the directional vector when we insert the
value from eq (4.1) into (4.2).

n(r) = (cos ®(p) sin O(r), sin ®(p) sin O(r), cos O(r)) (4.2)
We would get three vectors s,, sy, s, for each position in the axis. We use lattice size

of 25 x 25 which means we get 25 spins while plotting skyrmions or antiskyrmions.
The final result is shown in Fig 4.4.
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Figure 4.4: ITmages show (a) skyrmion with m=+1, y=0 and (b) antiskyrmion with
m=-1, y=0. The colorbar represents the direction of the spins. At the top we have
a top view and at the bottom we have a cross-sectional view of the lattice.

To get a representative data set of real magnetic interactions, we had to introduce
some deformities in the magnetic configurations. The way we did it was simple,
we multiplied each vector component by a random number between 0 and 1. This
would give each individual spin different random values and in turn would generate
a deformed magnetic configuration. Fig 4.5 shows the results. This contributed to
the robustness and universality of our data set.
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Figure 4.5: Figures show (a) magnetic skyrmion, (b) deformed skyrmion, (c¢) anti-
skyrmion, (d) deformed antiskyrmion configurations that were used in training.

4.2.3 Spin Spiral

Spin spiral as described in chapter 3 is a type of magnetic configuration where the
magnetization keeps rotating throughout the surface by a constant angle. From eq
(3.2) we can get the numeric values of three components of the directional vector.
Where the 6 value denotes the direction of the vector with respect to the x and y
axis. For our generated images, we used an 45° as the value of 6. The q- (R" + 7#)
value is basically the starting angle of the first spin. We increment o* value to get
the “swirling” shape throughout the spins. This is the constant angle by which the
spins keep rotating. For our data set generation we used different values for both of
them so that we can get different variations. Fig 4.6 shows the end result.
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Figure 4.6: Images shows a spin spiral configuration. The color bar represents the
direction of the spins. At the top we have a top view and at the bottom we have a
cross-sectional view of the lattice.

Similar to how deformities in skyrmions were generated, we multiply each of the
vector component by a random value from (0,1) to get random deformities in spin
spirals as demonstrated in Fig 4.7.
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Figure 4.7: Images show (a) spin spiral and (b) deformed spin spiral configurations.

4.2.4 Ferromagnetic & Anti-Ferromagnetic

Ferromagnets are magnets where their atomic dipoles are uniformly arranged. For
ferromagnetic configurations, the approach is simple. Direction of all the vectors
would be same. Here we introduced some variations by changing the direction of the
vector but the fundamental rule was followed which is that all the vectors will have
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same directions. On the other hand for the anti-ferromagnetic images the value of the
s, alternates from +1 to -1 or vice versa depending on the neighbouring spin. This
change or direction was translated into the code with very simple implementation.
The results are in Fig 4.8.
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Figure 4.8: Images shows (a) Anti-ferromagnet and (b) Ferromagnet. The colorbar
represents the direction of the spins. At the top we have a top view and at the
bottom we have a cross-sectional view of the lattice.

Similar to previous configurations, deformities were introduced in the range of (0,1).
Fig 4.9 demonstrates the generated images.
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Figure 4.9: Figures show (a) ferromagnetic, (b) deformed ferromagnetic, (c) anti-
ferromagnetic, (d) deformed anti-ferromagnetic configurations that were used in
training.

4.2.5 Plotting Vectors

One of the challenges in generating the data set was finding a suitable programming
language and library that would be able to plot vectors that would resemble a physi-
cal scan. We experimented with different programming languages and found python
and a library called “mayavi” good for what we needed. After we had the values
of all vector components, we had to plot then. We supplied the mayavi “quiver3d”
method with arguments u, v, w which were vector components in different axis and
X, y, z positional arguments which were the positions of each individual vectors in
the lattice.

Another important thing we should mention is the color of the different spins. This
was important because the color of the spin helps us to determine the direction of
each spin. To achieve this we had to use a color by scalar approach where the spins
will be colored depending on their 'w’ vector component.

4.2.6 Saving Images
All that was left for us to do was to save images. For this we ran a simple loop. The

loop iterated through different azimuth and elevation values to save the configura-
tion from different angles. This variation of viewpoint along with the deformations
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discussed earlier gave us a pretty robust data set. Using the ”savefig” function we
saved all the images in corresponding sub directories for each category.

4.3 Image Pre-processing

In ML, image pre-processing is done to enhance or improve the image data. Since our
approach was to use a data set that was computer generated, our images retained all
the color or pixel information very well. So we used very simple image pre-processing
methods on the image like resize and rescale.

4.3.1 Use of “ImageDataGenerator”

Using this class we can generate image data in batches. We used rescaling to 1/.255
which scales the array of original image pixel values in a range from 0 to 1. Figure
4.10 shows how an input image is transformed into a matrix of pixels.
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Figure 4.10: Transformation of image into a matrix of pixels a) Original image of a
skyrmion b) Pixel matrix of the original image.

4.3.2 Use of “flow_from _directory”

This method is used so that it can take path to a directory and batches of data
which is augmented are generated. The directory will be the target directory where
all the data set will be present and there are sub directory for each class. The sub
directory tree of our data set will be included in the generator which will generate
pixels from our image data. Using target size attribute we resized all the images of
our data set so that all the images will be of the same size which we input to the
network. We used 250 x 250 as our target size. We learned through trial and error
that this image size works best for us when training a convolutional neural network
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in terms of training time and accuracy. For the batch size we defined 128 as batch
size which defines the batch size of our data. We used color mode as RGB and so
the channels will be converted to 3 channels. For Grayscale color mode, the images
will be converted to only 1 channel. Categorical class mode is used in our model as
we are classifying more than 2 types of images that will return 2D one-hot encoded

labels.

4.4 Implementation of Convolutional Neural Net-
work

4.4.1 First Convolutional Layer

This is the first convolutional layer of our network. A matrix of pixels generated
from the images is taken as the input. We used 16 filters and stride of 3 to get
feature maps using the filters. All input images were resized to 250 * 250 pixels so
that all the input remain same. No important feature is left alone as we used a large
input size as researches show that while using a large data set, this approach can give
higher accuracy at the end [46]. At the last “use bias” is declared false to exclude
bias vector from this layer. ReLLU has been used in this layer since its efficient when
it comes to classification problems and converges quickly [47], [48].

4.4.2 Second Convolutional Layer

In our second convolutional layer, 32 filters are used. Stride of 3 is used to generate
feature maps. ReLU is used in this layer as well.

4.4.3 Max Pooling Layer

Here network takes input of feature maps that is generated from the convolutional
layer and gives smaller feature maps containing very significant features to work
with. We used two max pooling layers accompanying the two convolutional layers
with pool size of 3. Pool size is the size of the window of our max pooling.

4.4.4 Flattening Layer

We used one flatten layer after the second and last max pooling layer to form the
column matrix. This is given as input to the next layer, known as fully connected
layer.
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4.4.5 Fully Connected Layer

We used two hidden layers using Dense package, where we used 128 neurons in the
first layer and 256 neurons in the second layer. We increased the number of units
in the second layer as it can increase reliability of the architecture. Thus using
two hidden layers makes the network deeper. And “use bias” is made false so that
bias vector is not present in the layers. Batch normalization is applied after the
first dense layer, which normalizes the activation from the previous layer for each
and every batch and maintains the mean of the activation close to 0 and standard
deviation of activation close to 1. Batch normalization beats the original model by
very significant margin as it achieves the accuracy better than the original one in
less steps [49]. Both the hidden layers are activated using ReLU activator. The last
layer consists of another Dense layer with 5 units as we have 5 categories to classify.
In this layer, softmax activator is used as it maps the outputs to a range from 0 to
1 which leads to a probability distribution. Figure 4.11 shows the architecture that
has been used in this paper.
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Figure 4.11: The CNN architecture proposed in this paper.

4.4.6 Saving The Model

Using “model.save”, the model is saved for future predictions. It contains the whole
architecture of the model which can re-create the model while doing further predic-
tions, saves the weights and training configurations such as loss and optimizer of the
model and gives optimizer the permission to resume its work from where it stopped
the last time.

4.4.7 Optimizer

We used Adagrad as optimizer accompanied with a specific learning rate and it
adapts with how frequently the parameter gets updated. The more frequently the
parameter gets updated, the learning rate gets smaller [50]. We used 0.001 learning
rate as our initial learning rate.
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4.4.8 Loss Function

We used categorical crossentropy as loss function when we classified 3 to 5 images
using our networks. This loss function is used as this works for multi-class classifi-
cation. This is also named as ”Softmax Loss”. We used binary crossentropy as loss
function when we classified only 2 types of images using our networks. This is a
sigmoid activation and also used for multi-label classification. It is called binary as
it works for only two types of classes in data set.

4.5 Implementation of PCA & SVM

4.5.1 Loading Data

Firstly an array for images and another array for the labels are created, where images
and labels are stored in their respective arrays. When the images are loaded in the
image array, it is resized to 40 x 40 and are also defined as RGB. The smaller image
size is selected because of memory constraints while loading a big data set like ours
and the infeasibility of using batches in scikit-learn.

4.5.2 Standardization of Data & PCA

”StandardScaler” is a function of sklearn class and it is used to standardize the
features with the help of removing the mean of the features and lastly scaling the
features to a unit variance. Standardization is performed using equation 2.6.

PCA is used to speed up the machine learning algorithm and visualize the data
[51]. As redundant data from the images can affect the performance of learning,
we wanted to find the optimal number of components using PCA. Variance is a
statistical term which depicts exactly how faraway the set of data and numbers is
spread out. Explained variance is the inconsistency between actual data and model.
In Fig 4.12 it is evident that for first 100 components, we have expected variance of
more than 5. So for General model (Sk,AnSk,Fe,AnFe Sp) we used 100 components
for PCA.
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Figure 4.12: Explained variance vs number of components graph for General model

(Sk,AnSk,Fe, AnFe,Sp)

In Fig 4.13 it is evident that for first 50 components have expected variance of
more than 5. So for the model of non-topologically-protected images we used 50
components for PCA.
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Figure 4.13: Explained variance vs number of components graph for non-topological
model

In Fig 4.14 it is evident that for first 400, we get the higher variance. So for the
model for topological images we used 400 components for PCA.
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Figure 4.14: Explained variance vs number of components graph for topological
model

This gives a clear view of the number of components for the models so that classi-
fication can be done faster using SVM. Though SVM can be implemented without
PCA, but it would require more time as opposed to running SVM with PCA since
the former will take all significant as well as insignificant components for classi-
fying the images given to the model. Then all the images which are scaled with
“StandardScaler” are fitted to the model with fit_transform method.

4.5.3 Splitting The Data Set

Next step is to split the data in test and train set. For both cases of SVM with PCA
& SVM without PCA, there are 10000 images for each type of image of train set gets
5250 images, 1750 images in test set for each type and 3000 images for validation
set. When PCA is used it contains (40 X 40 X (components used in the model))
components, where in SVM without PCA it contains 40 X 40 X 3 components. So
it means PCA reduces the components by getting rid of insignificant components,
whereas SVM contains all the components. After splitting the data set, we feed the
images into an SVM classifier.
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Chapter 5

Result and Analysis

5.1 CNN

5.1.1 Training

For CNN, we have a total of 50000 images where each category contains 10000
images. For every category, we split data into ratio of 70-15-15 where 70% of data
belongs to training set, 15% in testing set and rest 15% in validation set. The last
15% is kept for validation. Figure 5.1 demonstrates the accuracy and loss vs epoch
graphs for topological models in both RGB and grayscale modes. Also, both the
train and test accuracy have been plotted. Accuracy for RGB model is highest at
2 epochs and for grayscale, it is at 6 epochs. The training was stopped at 6 epochs
for the grayscale model because we reached the optimum accuracy and any further
training leads to the training loss increasing. In RGB, loss for train data is somewhat
constant while loss for test data heavily fluctuates.
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Figure 5.1: a) Accuracy vs Epoch and Loss vs Epoch graphs for topological model in
RGB mode b) Accuracy vs Epoch and Loss vs Epoch graphs for topological model
in grayscale
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Figure 5.2 demonstrates the accuracy and loss vs epoch graphs for non-topological
models in both RGB and grayscale modes. In this case, accuracy was highest with 1
epoch in RGB and with close to 40 epochs in grayscale. Loss was constantly falling
in RGB for test data but remained somewhat constant for train data. In grayscale,
there was an exponential decrease in loss for both test and train losses.
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Figure 5.2: a) Accuracy vs Epoch and Loss vs Epoch graphs for non-topological
model in RGB mode b) Accuracy vs Epoch and Loss vs Epoch graphs for non-
topological model in grayscale

Figure 5.3 shows the accuracy and loss vs epoch graphs for train and test data for the
general model. In both RGB and grayscale, accuracy for both train and test data is
highest around 40 epochs. Loss tends to decrease over these number of epochs for
both cases except fluctuations occur in loss for test data in grayscale.
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Figure 5.3: a) Accuracy vs Epoch and Loss vs Epoch graphs for general model in
RGB mode b) Accuracy vs Epoch and Loss vs Epoch graphs for general model in
grayscale
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5.1.2 Results

In the scope of our thesis, we mainly divided the classification task into three dif-
ferent parts. Our initial interest was to classify different magnetic configurations
from scanning microscopy methods. We train our models separately on topologi-
cal and non-topological magnetic structures. This approach led us to the discovery
that machine learning approach is not only suitable for classifying topologically pro-
tected magnetic structures and non-topological structures separately but can also
efficiently classify when both types of structures are mixed together. Validation is
done on unseen data to estimate how well the model will perform on new data. The
goal is to see if the model is overfitting on the training data and whether it would
be able to classify on actual real world data. We set aside 15% of our data set
(randomly) for validation of each model.

First, we trained two different models namely Topological (Sk,AnSk) and Non-
topological (Fe,AnFe,Sp) using respective data sets. For Topological (Sk,AnSk)
model, we attained 98.66% accuracy on train data, 90.20% accuracy on test data
and 0% accuracy on validation data. For Non-topological (Fe,AnFe,Sp) model, we
got 98.53% accuracy on training data, 99.96% accuracy on test data and 99.97%
accuracy on the validation data. In our last model we attempted to classify five
different categories of magnetic configurations. We were able to attain 99.82% accu-
racy on train data, 96.67% accuracy on test data and 96.87% accuracy on validation
data with this General (Sk,AnSk,Fe,AnFe,Sp) model.

Accuracy%
CNN Model RGB Grayscale
Train Test Val Train Test  Val
Topological (Sk,AnSk) 98.66 90.20 89.23 90.53 85.90 85.63

Non-topological (Fe,AnFe,Sp) 98.51 99.95 99.97 90.99 92.64 92.31
General (Sk,AnSk,Fe,AnFe,Sp) 99.82 96.67 96.87 98.52 94.76 94.16

Table 5.1: CNN Classification Accuracy

In addition to using the original images in RGB to train our model, we also ex-
perimented using a single color channel or grayscale images. Although imaging
techniques like Lorentz transmission electron microscopy produces a scan where dif-
ferent colors correspond to different spin directions, we figured it would be insightful
to find out if a convolutional neural network can classify the direction of the spin
without having the color information of the spins. The high accuracy achieved from
grayscale images demonstrate the reliability of our architecture when it comes to
classifying different magnetic structures.

5.1.3 Confusion Matrix

F score is used to depict the balance between precision and recall as this is the
function of recall and precision where uneven distribution in class can also be found.
Precision is the ratio of predicting something “yes” and being correct at the same
time. Recall is also called as “Rate of True Positive” which means predicting an
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image as Skyr while it is actually Skyr type. Recall is the ratio of predicting a type
while it is actually of that type.

precision - recall

Fi=2- (5.1)

precision + recall

Precisi True Positive (5.2)
recision = )
True Positive+False Positive

True Positive
Recall = 5.3
eca True Positive 4 False Negative (53)

In equation 5.1 it multiplies both recall and precision which is found from 5.3 and 5.2.
Then it is doubled multiplying by 2 and divided with the sum of recall and precision.
That is how F} can be found for each type mentioned in each confusion matrix. In
5.3 True positive value for each type is divided by the addition of true positive and
false negative to find recall value. On the other hand in 5.2 true positive is divided
by the addition of true positive and false negative to find precision value.

In Fig 5.4 in the RGB confusion matrix Anti_Skyr has the highest F} score which
is 0.90 having the highest recall value of 0.99 and lowest precision of 0.83. For Skyr
the F} score comes down to 0.88 but it has highest precision of 0.98. The scenario
changes for the grayscale confusion matrix as the color of the spins go away. Here
Anti_Skyr gets the highest F} value of 0.87 having highest recall value of 0.95 and
precision of 0.80 which is lowest between these two types. On the other hand Skyr
has the lowest Fj score of 0.84 having lowest recall value of 0.77 and highest precision
value of 0.93.
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Figure 5.4: Topological confusion matrix (a) RGB images (b) Grayscale images

In Fig 5.5 in the RGB confusion matrix all of the types FM, Anti_FM and Spin_Spiral
has the same F score which is perfect 1 given that all have the same precision and
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recall value which is perfect 1 too. But in the gray confusion matrix the scenarion
changes as the spins do not have any color to distinguish the change in spin. Here
Spin_Spiral has the highest F score of 0.96 having highest recall value of perfect 1
and precision value of 0.92. For FM Fj score goes down to 0.92 having precision
of 0.95 and recall of 0.89. The lowest Fj score is 0.89 achieved by Anti_FM having
lowest precision value of 0.90 and lowest recall value of 0.88. In the latter case FM
and Anti_FM have less F; value as they both are pretty close.
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Figure 5.5: Nontopological confusion matrix (a) RGB images (b) Grayscale images

In Fig 5.6 we can see that in the RGB confusion matrix that Anti FM, FM and
Spin_Spiral have highest F} score which is perfect 1 and precision and recall is also
1 for these types. For Anti_Skyr and Skyr the F} score is lowest which is 0.92, given
that Anti_Skyr has precision of 0.94 and recall of 0.90 and Skyr has precision of
0.90 and recall of 0.94. The scenario changes for the grayscale as the color of the
spin does not play a role like RGB. For the grayscale confusion matrix F} score
is highest for Spin_Spiral which is perfect 1 and very slight change for FM and
Anti_ FM which is 0.99 for both types. For Spin_Spiral recall value is 0.99 and
precision value is perfect 1. For Anti_FM and FM the recall value is same which is
0.99 just like Spin_Spiral, but precision value is 0.99 and perfect 1 respectively. Skyr
and Anti_Skyr are complex images which reflects in their F} scores which are 0.80
the lowest and 0.85 second lowest among the five types in the model. The precision
values of Skyr and Anti_Skyr are 0.97 and 0.75 respectively where 0.75 is the lowest
among the five types. On the other hand 0.98 is the recall value for the Anti_Skyr
and 0.69 is the lowest value for Skyr.
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Figure 5.6: All Type confusion matrix (a) RGB images (b) Grayscale images

5.1.4 Analyzing The Network

Convolutional Neural networks are complex computational graphs often with large
number of parameters. Interpreting what features the CNN is extracting can be
tough and abstract at times [52]. CNN models work on low level characteristics
like the intensity value of pixels which can be hard for humans to comprehend or
visualize. The difference in workings of high level and low level features in a CNN can
be contrasting [53]. It is important to understand what is happening in every step
of the way to optimize performance and increase classification success rate.
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Figure 5.7: Examples of activations in the convolution layers (a) top panel is an
example of topological magnetic configuration (skyrmion) and (b) is an example of
non-topological magnetic configuration(spin spiral). For both, the image gets passed
through a convolution layer, ReLLU layer and a max pooling layer where features are
extracted.
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To visualize what our model is observing, we run the images from our data set
through the General (Sk,AnSk,Fe,AnFe,Sp) classifier to figure out what each layer
of the model is seeing. In other words we tried to visualize the activations or outputs
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and gradients for each layer of the network. Generally in a CNN, low level filters
work as edge detectors and high level filters detect complex shapes like objects or
faces. Fig 5.7 shows what features a filter has extracted at each level. Note that we
used 16 filters of size 3x3 in the convolution layer when training our model, for this
demonstration we are showing what features only one of the filters is extracting.
According to the color bar, yellow color regions are where the network is putting
the most emphasis on or where it is getting 'activated’ the most. If we look at the
images and where the filters are getting activated, we can see that the region of
interest for the convolution, ReLU and max pool layer is where the direction of the
spins change. For skyrmions, the region of interest is a circular shape in the middle
where the spins change from 1 to -1. For spin spiral, the network gets activated
where the magnetic spins change direction but it is a different pattern because in
spin spirals, the direction continuously changes from 1 to -1 and vice-versa. The
takeaway from this is that the accuracy of our models are reliable because CNN
learns the classification task similarly as humans would. It looks at the transitional
region and tries to figure out what type of magnetic configuration it is.
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Fig 5.8 shows the features extracted at convolution and max-pooling layers of the
network. We used 16 filters at the first convolution layer which genrated 16 feature
maps from the input. Some of these filters are detecting edges, shapes and different
color channels. Then we use a layer of max pooling with 16 pooled feature maps.
We add one more convolution and max-pooling layer and then feed the outputs into
a series of fully connected layers.
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5.2 SVM

5.2.1 Training

During the training of the SVM classifier we used “GridSearchCV” for param-
eter tuning. With “GridSearchCV” we were able to test all the combinations
of parameters to get the optimal parameters for our specific problem. For the
multi-class classifications in our data set ( Non-topological (Fe,AnFe,Sp) & General
(Sk,AnSk,Fe,AnFe,Sp) ), we used “LinearSVC” wrapped in ”OneVsRestClassifier”
and for the lone binary classification ( Topological (Sk,AnSk) ), we used “SVC” with
‘rbf” kernel. We then see the accuracy of our classifier using “accuracy_score”.

5.2.2 Results

For SVM, we divided the classification task into three different parts. We train our
models separately on topological, non-topological and then on all of the magnetic
structures. Additionally, we repeat the process associating PCA algorithm and check
the results once for SVM with PCA and once without PCA. Table 5.2 show the
accuracy for both of the approaches. For original data (SVM without PCA), for the
Topological (Sk,AnSk) model, we attained 79.97% accuracy on train data, 67.60%
on test data, and 68.55% on validation data. For Non-topological (Fe,AnFe Sp)
model, we got 99.88% on train data, 99.58% on test data, and 99.75% on validation
data. In our last model we attained 89.79% on train data, 83.22% on test data, and
83.38% on validation data.

For data obtained from PCA, for the Topological (Sk,AnSk) model, we attained
87.44% on train data, and 80.14% on test data, and 70.52% on validation data.
For Non-topological (Fe,AnFe,Sp) model, we got 99.78% on train data, 99.12% on
test data, and 96.51% on validation data. In our last model we attained 78.64%
on train data, 75.12% on test data, and 67.56% on validation data. SVM is used

Accuracy%
SVM Model Original Data PCA
Train Test  Val Train Test Val
Topological (Sk,AnSk) 79.97 67.60 68.55 &87.44 80.14 70.52

Non-topological (Fe,AnFe,Sp) 99.88 99.58 99.75 98.78 99.12 96.51
General (Sk,AnSk,Fe,AnFe,5p) 87.97 8322 82.38 78.64 7512 67.56

Table 5.2: SVM Classification Accuracy

because it finds optimal boundaries among all possible number of outputs. In other
words, SVM can efficiently classify with the help of complex data transformations.
In addition to that non-linear SVM using non-linear kernel gives a high reliable
output. SVM was used with PCA as one of our proposed methodologies. PCA is
a technique used to downsample very high-dimensional data sets. This is done to
reduce the number of unnecessary components and thus make computations much
faster. SVM with PCA gave better results for topological model only. SVM without
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PCA had higher accuracy for the general model. However, for non-topological both
approaches gave similar results.

5.2.3 Confusion Matrix

In Fig 5.9 in the SVM confusion matrix Anti_Skyr has the highest F} score of 0.69,
highest recall value of 0.70 and lowest precision value of 0.68. On the other hand
Skyr has the lowest Fj score of 0.68, highest precision of 0.69 and lowest recall value
of 0.67. In the SVM (PCA) confusion matrix Skyr both has F} score of 0.81 having
same recall and precision value which is also of 0.81. Here it is evident that using
PCA we got better result as PCA used the significant components losing most of
the insignificant components.
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Figure 5.9: Topological confusion matrix (a) SVM (b) SVM (PCA)

In Fig 5.10 in the SVM confusion matrix F scores for Anti_FM, FM & Spin_Spiral
all are the same and that is perfect 1 having recall value of perfect 1 also. For
the precision value FM & Spin_Spiral have the perfect 1 value, but for Anti_FM it
slightly changes and get value of 0.99. On the other hand for SVM (PCA) confusion
matrix Spin_Spiral gets the F} score as perfect 1 while for Anti_ FM & FM it slightly
changes and gets value of 0.99 for both. Same type of value is found for their recall
and precision value just like their F} score. So it is clear that for both SVM & SVM
(PCA) F; scores remain same and performs likewise.
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Figure 5.10: Nontopological confusion matrix (a) SVM (b) SVM (PCA)

In Fig 5.11 in SVM confusion matrix FM & Spin_Spiral got highest Fj score of
0.98. On the other hand Anti_FM got F} score of 0.97 and the lowest two scores are
achieved by Skyr & Anti_Skyr which are 0.60 & 0.59 respectively. The values plays
likewise role for precision as well where Spin_Spiral got the highest value of perfect
1, FM got the second highest value of 0.99 and Anti_FM achieved value of 0.98.
But Anti_Skyr & Skyr got lowest value which is 0.59 for both. For recall value FM,
Anti_FM & Spin_Spiral got value of 0.98, 0.95 & 0.96 respectively where FM got
the highest value. Like precision & Fj score Skyr & Anti_Skyr got lowest two recall
values of 0.62 & 0.60. On the other hand in SVM (PCA) confusion matrix scenarion
remains almost same where FM achieves highest F} score of 0.99 with highest recall
& precision value of 0.99 among the five types. Anti_FM & Spin_Spiral got F} score
of 0.91 & 0.87 respectively. Anti_FM got recall value of 0.92 & precision value of
0.89. While Spin_Spiral gets recall value of 0.90 & precision value of 0.83. For
Anti_Skyr the Fj score falls down to 0.58 with precision of 0.50 & recall value of
0.68. The lowest F} score is achieved by Skyr which is 0.34 with the recall value of
0.26 & precision value of 0.49. Here it is evident in both cases that for topological
types results are not good enough, which shows result as worst in SVM (PCA) as it
removes the insignificant components which may play a role in SVM where all the
components are present. Thus for classifying all five types together SVM plays a
better role than SVM (PCA).

5.2.4 Comparative Analysis Of Different Approaches

Analysing the results of our approaches we can see that the CNN approach per-
forms better on the harder classification of topological configurations. This is harder
because skyrmions and antiskyrmions are very similar in terms of their spin con-
figurations. The SVM classifier does surprisingly well on the classification on non-
topological magnetic structures. This is due to the fact that the ferromagnetic,
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Figure 5.11: General confusion matrix (a) SVM (b) SVM (PCA)
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anti-ferromagnetic and spin spirals are visually not very similar. Now for the gen-

eral model, the CNN classifier outperforms the SVM classifier.
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Chapter 6

Conclusion and Future Works

6.1 Concluding Remarks

In this paper, we investigated multiple machine learning approaches to identify dif-
ferent magnetic structures from image data. The proposed system achieved remark-
able accuracy in detecting topological and non topological magnetic structures. We
applied several machine learning algorithms such as CNN, SVM and PCA. Different
models provided different accuracy. In our experimental results we found that CNN
provided the highest accuracy compared to other approaches. In addition to that,
we developed a method to generate 2D images of different magnetic configurations
from their respective physical properties. The generated data would be used as
input for the models.

6.2 Future Works

For future works, we plan on improving the model so that it can classify among
even higher number of categories existing in magnetism including their transitional
states. Moreover, other neural network architectures like capsule network (CapsNet)
[54] can be used to classify since it is more accurate than a typical CNN as it can
detect size, orientation, directions of shapes or vectors.
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