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Abstract

The project explores the classification of crystal structures of perovskite oxides
(ABO3) using a combination of machine learning and deep learning algorithms. Var-
ious features such as valence, ionic radius, and electronegativity were extracted from
the dataset, and those deemed crucial for perovskite classification were utilized. The
classification task involved categorizing the oxides into cubic, tetragonal, orthorhom-
bic, and rhombohedral crystal structures. Our analysis encompassed the application
of Kernel SVM, a support vector machine model utilizing the kernel trick for non-
linear data handling, which emerged as the most accurate model with a 0.94 accu-
racy rate. Hyperparameter tuning using GridSearchCV further enhanced the model’s
performance. Additionally, we implemented data augmentation techniques, leading
to improved accuracy across all models except Logistic Regression. A novel deep
learning approach, Encoder-Decoder Kernel SVM (EDKSVM), was proposed, ex-
panding the feature matrix to achieve superior performance compared to traditional
machine learning methods. This study not only contributes to the advancement of
perovskite classification methodologies but also showcases the potential of integrating
deep learning techniques for enhanced accuracy and reliability in materials science

research.
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Chapter 1

INTRODUCTION

1.1 Introduction

Perovskite Oxide type structures, represented by the formula ABO3, have gained
significant interest due to their (i) simple synthesis process, (ii) remarkable stabil-
ity owing to the abundance of elements (=90 in the periodic table) in this formula,
(iii) diverse electronic properties, (iv) ease of modifying their nanostructure and
chemical composition,(v) ability to maintain their stoichiometry even when doped
and (vi) tunable[l, 2, 3] ?7. crystal structure . All these advantages of ABO3
oxides make them useful formany applications such as resistive gas sensors (3], so-
lar cells [4], PEC water splitting [5], photcatylitic degradation [6], optoelectronic
devices [7, 8], supercapacitors [9] and batteries [10]. It is interesting to note that
the efficiency of the mentioned application is highly tunable and dependent on the
crystal structure of perovskite oxides. The crystal structure plays a vital role in
determining the perovskite oxides’ chemical, optical, and electrical properties. Lit-
erature suggests that the structural deviations in ideal cubic perovskite result in
tetragonal, orthorhombic, rhombohedral, monoclinic and triclinic crystal structures
in perovskites [11].Therefore, it becomes crucial to classify the various perovskite
oxides into different crystal structures. The different crystal structures are shown
in Figure 1.1. Therefore, employing six machine learning models, we have con-
ducted a comparative analysis of crystal structure classification for the enhanced
and non-augmented datasets in terms of accuracy, precision, recall, and F1 score
in this study.Additionally, the results indicate that the enlarged dataset performed
better in the classification of crystal structures. Certainly, here’s a more narrative
description of each perovskite structure:

In the cubic perovskite structure, atoms arrange themselves with a remarkable
symmetry, belonging to the cubic crystal system where all three axes are of equal



length and intersect at 90-degree angles. At the heart of this structure lies a central
cation, typically a larger one like strontium or barium, surrounded by oxygen anions
forming octahedral cages. This symmetrical arrangement fosters stability and efhi-
cient transport of ions and electrons, making cubic perovskites ideal for applications
such as solid oxide fuel cells and certain solar cells.

Contrasting the cubic form, the orthorhombic perovskite structure presents a
more elongated and distorted arrangement. Its crystal system, orthorhombic, fea-
tures unequal axis lengths and angles other than 90 degrees. These distortions, often
arising from size mismatches between cations or external influences, enhance prop-
erties like ferroelectricity and piezoelectricity, rendering orthorhombic perovskites
valuable in sensors, actuators, and memory devices.

The tetragonal perovskite structure showcases elongation along one axis, result-
ing in a rectangular prism shape. While retaining the basic perovskite framework,
this elongation introduces structural distortions that confer unique properties such
as enhanced ferromagnetism and distinct optical behaviors. Tetragonal perovskites
find applications in spintronics, optoelectronics, and data storage owing to these
properties.

Lastly, the rhombohedral perovskite structure, belonging to the trigonal crystal
system, exhibits a rhombohedral unit cell where all axes are of equal length but
do not intersect at 90 degrees. This structure, often emerging from temperature-
induced phase transitions or doping effects, displays multiferroic properties, concur-
rently exhibiting ferroelectric and magnetic orderings. Rhombohedral perovskites
hold promise in advanced memory devices, sensors, and energy-efficient electronics
due to their unique properties.

1.2 Motivation

This study is driven by the astounding adaptability and significance of perovskite
oxides in a wide range of technological applications, from electronics to catalysis.
[t is essential to be able to precisely categorize their crystal structures in order to
comprehend their characteristics and create new materials with specific functions.
But conventional approaches to classifying crystal structures frequently depend on
time-consuming experimental procedures or computationally demanding simulations.
My curiosity in using machine learning techniques to create a more accurate and
efficient method was piqued by this inefficiency. Our goal is to improve materials
science and technology by optimizing the classification process through the use of
data-driven models.



Figure 1.1: Different crystal structures of Perovskite: (a)Cubic (SrTi03), (b) Rhom-
bohedral (BaT'iO3), (c)Orthorhombic (CeFeQs) (d)Tetragonal (BaTiO3)



1.3 Major Contributions

e Exploration of crystal structure classification of perovskite oxides (ABO3) using
a blend of machine learning and deep learning algorithms.

e Application of Kernel SVM, demonstrating its superiority with a 0.94 accuracy
rate in classifying perovskite crystal structures.

e Introduction of a novel deep learning approach, Encoder-Decoder Kernel SVM
(EDKSVM), showcasing superior performance compared to traditional meth-
ods.

e Utilization of GridSearchCV for hyperparameter tuning, enhancing the accu-
racy and robustness of the classification models.

e Advancement of perovskite classification methodologies and integration of deep
learning techniques for improved accuracy and reliability in materials science
research.

1.4 Relevance

The relevance of this project lies in its potential to address critical challenges in mate-
rials science and engineering. Perovskite oxides, with their diverse crystal structures
and unique properties, play a pivotal role in advancing various technological domains
such as energy storage, electronic devices, and environmental remediation. How-
ever, accurately classifying their crystal structures is a complex and time-consuming
task, hindering the rapid development and optimization of perovskite-based materi-
als. By applying machine learning algorithms to this classification problem, we aim
to streamline and automate this process, enabling faster and more precise charac-
terization of perovskite oxides. This project’s relevance extends beyond academic
curiosity, offering practical solutions that can catalyze innovation and drive progress
in materials research and application development.

1.5 Impact on Environment and Society

The effects of this undertaking on society and the environment are wide-ranging and
significant. The potential of perovskite oxides in renewable energy technologies, like
fuel cells and solar cells, has attracted a lot of attention. These technologies offer sus-
tainable substitutes for traditional energy sources. The creation of more affordable
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and effective perovskite-based devices is directly aided by the accurate classification
of their crystal structures by machine learning, which has the potential to completely
transform the renewable energy industry. Furthermore, this research’s contributions
to the field of materials science may result in greener solutions for problems like
carbon capture, water purification, and pollution control. This research could have
a beneficial effect on society and the environment by developing sustainable behav-
iors and encouraging technological advancements that benefit the environment by
improving our knowledge of and capacity to engineer perovskite materials.



Chapter 2

RELATED WORKS

The field of crystal structure prediction and classification has witnessed significant
advancements, with various studies employing diverse methodologies and datasets to
tackle the challenges inherent in this domain. This section provides an extensive re-
view of related works, highlighting the methodologies, datasets utilized, advantages,
limitations, and areas for improvement observed in each study.

The study referenced as [12] proposed a methodology based on the Light Gradient
Boosting Method for categorizing cubic, tetragonal, orthorhombic, and rhombohedral
crystal systems. While their approach contributed to the categorization of crystal
systems, it lacked comprehensive feature engineering, limiting its potential for further
model refinement. In contrast, our study takes a different approach by providing a
comparative analysis of feature importance using shapely values, thus identifying
significant features crucial for model robustness.

In [13], the authors focused on developing a robust model for predicting the
formability of perovskite materials and classifying crystal structures. By testing
Random Forest, XGBoost, and LightGBM models, they achieved notable success,
with an accuracy of 97.65

Another notable contribution comes from [14], wherein the authors employed
a Genetic Algorithm-Neural Network (GA-NN) approach to classify diverse crystal
structures and predict lattice parameters. Their methodology demonstrated promis-
ing results, with accuracies of 0.88 and 0.95 in crystal structure prediction and lattice
parameter estimation, respectively. Furthermore, the study underscored the po-
tential applications of their approach in optimizing renewable energy sources, thus
broadening the scope of crystal structure prediction research.

Addressing data imbalance issues in perovskite oxide datasets, [15] utilized the
SMOTE resampling technique and tested various machine learning methods, includ-
ing KNN, Decision Trees, SVM, Random Forest, Neural Networks, Naive Bayes,



Gradient Boosting, and AdaBoost. Their comparative analysis revealed Random
Forest as the most accurate model, achieving an 0.86 accuracy rate after overcoming
dataset imbalance challenges. However, the study’s focus was limited to perovskite
oxides, leaving room for exploring other material systems.

Furthermore, a comparative study by [16] investigated the prediction of ABO3-
type perovskite crystal structures using machine learning models based on a dataset
comprising 5329 data points. Employing the XGBoost algorithm, they achieved an
accuracy rate of 0.84, demonstrating the effectiveness of their approach. However,
the study’s scope was constrained by the dataset size, warranting further exploration
with larger datasets encompassing diverse material compositions.

In summary, the reviewed studies collectively contribute valuable insights into
the application of machine learning in classifying and predicting properties of vari-
ous crystalline structures, including perovskite oxides. While each study has made
significant strides in addressing specific challenges, there remains ample opportunity
for further refinement and exploration, particularly in enhancing model accuracy,
conducting comprehensive model evaluations, and expanding the scope of compari-
son across different methodologies and datasets.

Table 2.1: Comparison of Related Works

Reference Methodology  Dataset Used Advantages Limitations

[12] Light Gradi- Not specified Categorization Lack of feature
ent Boosting of crystal sys- engineering
Method tems

[13] Random Forest, Perovskite mate- Achieved high Limited to crys-
XGBoost, Light- rial data accuracy tal structure
GBM classification

[14] Genetic Diverse crystal Predicting lat- Potential appli-
Algorithm- structures tice parameters  cations in renew-
Neural Network able energy
(GA-NN)

[15] SMOTE resam- Perovskite oxide Addressing data Limited to per-
pling, various datasets imbalance ovskite oxides
ML methods

[16] XGBoost algo- ABO3-type per- Prediction accu- Limited dataset
rithm ovskite crystal racy size

structures




In addition to the insights gleaned from these studies, it is imperative to ac-
knowledge the overarching limitations observed across the reviewed literature, which
provide valuable opportunities for future research and improvement:

1. Limitations in Accuracy Improvement Opportunities:

e While studies such as [14] and [16] achieved reasonably high accuracies of
0.88 and (.84, respectively, for predicting crystal structures using GA-NN
and XGBoost, there remains scope for enhancing the accuracy of these
models further through advanced feature engineering and algorithmic re-
finements.

2. Focused Comparison and Lack of Comprehensive Model Evaluation:

e Comparative reports, as seen in [15] and [16], often focus on specific meth-
ods (e.g., Random Forest and XGBoost) without providing a compre-
hensive exploration of the performance characteristics of other machine
learning models. Future studies could benefit from broader comparisons
encompassing a diverse range of methodologies.

3. Moderate Accuracy and Scope of Comparison:

o Despite achieving moderate accuracy rates, as evidenced in [16] with an
accuracy rate of 0.84 using the XGBoost algorithm, there remains a need
for more extensive comparisons with other studies and methodologies to
assess the generalizability and robustness of proposed models across dif-
ferent material systems and datasets.



Chapter 3

METHODOLOGY

3.1 Problem Statement

Develop a classification system for perovskite oxides (ABQj3) crystal structures using
machine learning and deep learning models. Identify key features such as valence,
ionic radius, and electronegativity, and leverage advanced techniques like Kernel
SVM and EDKSVM to achieve high classification accuracy. Explore the impact of
data augmentation on model performance and propose novel approaches to enhance
classification accuracy.

3.2 Dataset

We implemented the augmentation technique using the available dataset with data
points to expand the dataset. As Machine Learning models performs better on large
datasets, augmentation is performed. Figure 3.1 shows a correlation matrix using
Spearman’s rank correlation. Due to less correlation between various features, all
inputs are taken independently. Each observation is described by 13 feature columns
and 1 class column which identifies it to be either a cubic, tetragonal, orthorhombic,
and rhombohedral structure [17]. The parameters used in this study encompass var-
ious characteristics that are crucial for understanding and predicting the properties
of materials, particularly in the context of crystal structure and stability. Here’s a
detailed explanation of each parameter:

e v(A) and v(B):

— v(A) and v(B) denote the valences of elements A and B, respectively. The
valence of an element refers to the number of electrons that an atom can
donate, accept, or share in forming chemical bonds.
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r(A) and r(B):

— 7(A) and r(B) denote the ionic radii of cations A and B, respectively.
Ionic radius is the measure of the size of an ion in a crystal lattice.

e EN(A) and EN(B):

— EN(A) and EN(B) represent the average electronegativity values of ele-
ments A and B, respectively. Electronegativity indicates the ability of an
atom to attract electrons towards itself in a chemical bond.

I(A—O) and (B — 0O):
— I(A—O) and (B — O) signify the bond lengths of the A-O and B-O pairs,

respectively. Bond length is the average distance between the nuclei of
two bonded atoms.

e JENR:

— 0ENR represents the electronegativity difference with radius. This pa-
rameter combines the difference in electronegativity values of elements A
and B with their respective ionic radii.

o ("

— tG is the Goldschmidt tolerance factor, a dimensionless quantity used to
predict the stability of crystal structures. It is calculated based on the
sizes and charges of ions in the crystal lattice.

o T:

— 7 is a new tolerance factor introduced in this study, which provides an
alternative measure to assess the stability of crystal structures based on
specific criteria.

e M:

— M is the octahedral factor, a parameter used to analyze the geometry and
stability of octahedral complexes in crystal structures.

These parameters collectively contribute to the characterization and understand-
ing of the structural and chemical properties of materials, particularly in relation
to their crystallographic stability and electronic structure. They are essential tools
in materials science and chemistry for predicting and designing new materials with
tailored properties.

10
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Figure 3.1: Correlation Matrix

3.3 Prelimneries

We propose two different methodologies, first having three main steps of data aug-
mentation, a machine learning model, and hyperparameter tuning using GridSearchCV |
while other using the Autoencoder approach.

3.3.1 Data Augmentation

Data Augmentation is a data preprocessing method which overcomes the underfitting
issue. Overfitting means that the amount of data is less than the requirement of a
complex machine learning algorithm [18]. This method creates realistic data based
on the original dataset based on the trends observed in the main dataset [19, 20].
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Figure 3.2: Methodology

Gaussian Noise is a distribution where most data is near the mean value, and the
probability of the points being away from the mean is low. Two major components
of this distribution are mean and standard deviation [21].

Following steps are performed to add Gaussian Noise based data augmentation on
statistical data as shown in Figure 3.3

Figure 3.3: Steps of Data Augmentation

1. Define Standard Deviation: A standard deviation controls the amount of
noise added to the values.

2. Sample Gaussian Noise: A noise is generated for every numerical value,
keeping the mean 0 and standard deviation as specified.

3. Add Noise to Data Points: The sampled Gaussian noise is now added to
the corresponding value in the dataset.

The above process is repeated till the required number of times.
In this study, we applied data augmentation with a standard deviation of 0.01,
and the process was repeated five times.

3.3.2 Machine Learning Models

It is a technique to enable a computer to learn without being programmed while
training the data by identifying the patterns and making predictions based on the
same. The following models were considered in this study.

12



Logistic Regression

Logistic Regression stands as a cornerstone in statistical methodology, particularly
adept at tackling classification conundrums across both binary and categorical do-
mains. Its efficacy stems from the employment of the logit function, commonly
recognized as the sigmoid function, which facilitates the computation of probabili-
ties. Implicit within its workings is the assumption of a linear relationship between
the input features and the output classes [22, 23, 24].

The logistic regression equation, custom-tailored for multiclass classification sce-
narios, is articulated as follows [23, 24]:

Bﬁc‘x

Z;:il Bﬁj-x

Breaking down the components of this equation elucidates its inner workings:

P(y; = c|x) =

Py, =c

x) signifies the probability of the instance x being assigned to class ¢.

3. represents the vector of coefficients (weights) corresponding to class c.

x denotes the vector encompassing the features, or independent variables, as-
sociated with the instance.

e K stands as a pivotal parameter, denoting the total number of classes under
consideration.

In essence, logistic regression emerges not just as a mere classification algorithm,
but rather as a powerful framework underpinning the probabilistic estimation of
class membership. Its versatility and interpretability render it indispensable in var-
ious fields. from healthcare and finance to marketing and beyond, where informed
decision-making relies on accurate predictive modeling. Through its fusion of sta-
tistical rigor and computational efficiency, logistic regression continues to empower
practitioners in navigating the intricacies of modern data analysis with confidence
and precision|24].

Linear Support Vector Machine

The Linear Support Vector Machine (LinearSVC) emerges as a formidable supervised
algorithm revered for its prowess in binary and multiclass classification tasks. Its
moniker, LinearSVC, underscores its primary function in discerning patterns and
boundaries within data sets. Central to its methodology is the minimization of the

13



hinge loss function coupled with the maximization of the margin, delineating the
spatial separation between distinct classes [25].

At its heart lies the LinearSVC equation, succinctly capturing the essence of its
decision boundary:

w-x+b=0

Dissecting this equation unveils the significance of its components:

e w symbolizes the weight vector, encapsulating the coefficients governing the
orientation and inclination of the hyperplane.

e x denotes the feature vector, comprising the independent variables pivotal in
classification.

e b represents the bias term, serving as an intercept that influences the position-
ing of the decision boundary.

In essence, the SVM epitomizes a blend of geometric intuition and optimiza-
tion principles, culminating in a robust framework for discerning complex decision
boundaries. Its utility spans across diverse domains, from image recognition and text
categorization to financial forecasting and beyond, where discerning subtle patterns
amidst noisy data proves paramount. Due to its ability to create clear boundaries
within the data landscape, the Linear Support Vector Machine remains a fundamen-
tal tool in the repertoire of machine learning practitioners worldwide[26].

Kernel Support Vector Machine

The mechanismstands as a pivotal extension to the traditional SVM, offering a so-
phisticated approach to handling nonlinearities inherent in complex datasets. While
the conventional SVM excels in linearly separable data, the Kernel SVM transcends
this limitation by leveraging a powerful mathematical technique known as the kernel
trick. This ingenious maneuver enables the SVM to operate effectively in higher-
dimensional feature spaces, where linear boundaries may not suffice to delineate
between classes.

The fundamental objective of Kernel SVM mirrors that of its progenitor: to
identify the optimal hyperplane, known as the decision boundary, that maximizes the
margin between distinct classes while minimizing classification errors. This objective
is achieved through an intricate interplay of mathematical optimization principles
and geometric intuition.

14



1. Kernel Trick: At the heart of Kernel SVM lies the kernel trick, a clever
mathematical transformation that implicitly maps the input data into a higher-
dimensional space, where nonlinear relationships become linear. This transfor-
mation allows the SVM to effectively discern intricate patterns and relation-
ships that might be obscured in the original feature space.

2. Maximizing Margin: Like its predecessor, Kernel SVM seeks to maximize
the margin, which refers to the distance between the decision boundary and
the nearest data points, known as support vectors. By maximizing this margin,
Kernel SVM ensures robust generalization and enhanced resilience to noise in
the data.

3. Reducing Hinge Loss: In tandem with maximizing the margin, Kernel SVM
endeavors to minimize the hinge loss, a convex surrogate loss function that
penalizes misclassifications. By minimizing hinge loss, Kernel SVM strives to
strike a delicate balance between margin maximization and error minimization,
thus fostering a model that generalizes well to unseen data.

Mathematically, the optimization problem underlying Kernel SVM can be for-
mulated as follows:

w-x+b=0
where:
e w represents the weight vector (coefficients) of the hyperplane,
e x denotes the feature vector,

e b is the bias term (intercept).

f(x) = sign (Z ;Y Z (X3, X) + b)

where:
e «; - Lagrange multipliers obtained through the optimization process,
e y; represents the class labels,

e K 7x;,x) denotes the function.

15



In essence, Kernel SVM embodies a sophisticated fusion of mathematical elegance
and computational efficiency, enabling it to tackle a wide array of classification tasks
with remarkable precision and robustness. Through its adept handling of nonlinear-
ities and intricate patterns, Kernel SVM continues to find application across diverse
domains, from image recognition and bioinformatics to finance and beyond, where
the delineation of complex decision boundaries is paramount.

Decision Trees

Decision Trees are a widely-used supervised learning method known for their straight-
forwardness and ease of interpretation. They find applications across various fields
such as finance, healthcare, and marketing due to their capability to construct a
tree-like model that makes decisions based on specific rules [27, 28, 29].

The construction of a decision tree involves several key steps:

1. Recursive Partitioning: This method involves dividing the dataset into sub-
sets through recursive partitioning based on the values of input features. At
each node, a feature and a threshold are selected to split the data into two or
more homogeneous groups. This recursive process continues for each subset
until specific stopping criteria are met, such as a maximum tree depth or a
purity level.

2. Determining Splitting Criteria: For each node, the algorithm identifies the
best feature to split on by maximizing information gain or minimizing impurity.
Metrics like Gini impurity or entropy are commonly used to evaluate impurity.

The objective is to form subsets that are as pure as possible in terms of class
labels.

3. Handling Multi-Class Classification: Decision Trees can be adapted for
multi-class classification problems, such as with the C4.5 algorithm. In these
cases, nodes may split into more than two branches, each corresponding to a
different class. The splitting criteria are modified to manage multiple classes,
ensuring each branch effectively captures the class diversity present in the data.

Overall, Decision Trees provide a robust and interpretable means of tackling clas-
sification and regression problems. By recursively partitioning the feature space
and making rule-based decisions, they offer valuable insights into data relationships,
making them useful tools for both prediction and understanding [27, 28, 29].
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Random Forest

Random Forest represents an extension of the Decision Trees algorithm, revered for
its exceptional performance and robustness against overfitting [30, 31].

1. Ensemble Learning: Random Forest utilizes the concept of ensemble learn-
ing by combining multiple decision trees to enhance predictive accuracy and
generalization. Each decision tree is trained independently on a different ran-
dom subset of the training data, and their outputs are aggregated to form the
final prediction.

2. Bagging Aggregation: To generate multiple subsets of the original training
data, Random Forest employs bagging (bootstrap aggregating). This technique
involves random sampling with replacement. Each subset is then used to train
an individual decision tree, resulting in a diverse set of models.

3. Robustness Against Overfitting: By aggregating the predictions of numer-
ous trees, Random Forest reduces the risk of overfitting and decreases variance.
This ensemble approach improves predictive accuracy and generalization on
new, unseen data.

The decision function of a Random Forest can be expressed as a weighted com-
bination of the individual decision trees’ outputs:

1 2
flx)= N Zfz'(x)

Light Gradient Boosting Mechanism

Light Gradient Boosting Mechanism (LightGBM) is a powerful framework in the
realm of gradient boosting, renowned for its efficiency and effectiveness [12, 32].

1. Leat-Wise Tree Growth: Unlike traditional gradient boosting algorithms
that adopt a level-wise tree growth strategy, Light GBM employs a leaf-wise
growth strategy. In this approach, a random node is chosen for splitting
that results in the largest reduction in loss. This leaf-wise strategy leads to
faster convergence and superior predictive performance compared to level-wise
growth.
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2. Feature Bucketing: LightGBM incorporates feature bucketing, a technique
that discretizes continuous features into discrete bins. This binning process
reduces memory usage and improves computational efficiency. LightGBM uti-
lizes a histogram approach to construct histograms for each feature and selects
the best split points based on histogram statistics. By bucketing features,
Light GBM can handle high-dimensional datasets more efficiently.

Mathematically, the prediction function of Light GBM can be represented as fol-
lows:

K
Ui = Z fe(xi)
k=1

where g; is the predicted value for the i-th sample, K is the number of trees in
the ensemble, and fi(x;) represents the output of the k-th tree.

In summary, LightGBM offers a powerful and efficient framework for gradient
boosting, characterized by its leaf-wise tree growth strategy and feature bucket-
ing technique. By leveraging these innovations, Light GBM achieves state-of-the-art
performance on various machine learning tasks, making it a popular choice among
practitioners.

3.3.3 Hyperparameter Tuning

It is a method of finding the optimal configuration of an algorithm. A configuration
of a model consists of hyperparameters that can’t be learned from the dataset and
have to be set before training [33]. The hyperparameter tuning is to find the best
values to get maximum performance on the test split of the data [34, 35].

The study uses GridSearch along with cross-validation in this study for hyperpa-
rameter tuning. The GridsearchCV process is repeated k times, where the model is
trained on k-1 subsets and validated on the last set, giving the best performance
based on the average of all the performances.

The steps followed in GridSearchCV are shown in Figure 3.4

Figure 3.4: Steps of the GridSearchCV
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1. Define Hyperparameter Grid: A grid of hyperparameters was defined ini-
tially in the form of a dictionary on which the algorithm tries all the combina-
tions.

2. Split Data and Model Selection: Using the K-fold method, the data has
been divided into two. Then algorithm is trained for each set of parameters.

3. Performance Evaluation: All the evaluation metrics were calculated and
averaged for all the folds.

4. Selecting best Hyperparameters: Based on all the evaluation metrics, the
best-performing set of hyperparameters are recorded.

3.3.4 Deep Learning Model

We devised a novel approach, the Encoder-Decoder based model (EDKSVM: Encoder-
Decoder Kernel Support Vector Machine), to enhance feature representation. The
extracted features were subsequently utilized for perovskite classification, as shown
in Figure 3.5.

\
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Figure 3.5: Deep Learning Approach
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The Encoder-Decoder framework comprised an end-to-end structure with Deep
Neural Network layers, aimed at mapping the input features of the data to reconstruct
them via an encoded feature matrix. This process enabled the learning of latent
representations that effectively captured complex patterns and relationships within
the data.

Upon enhancing the Neural Network model, the encoded features were leveraged
in conjunction with the KSVM to classify the perovskite samples. By integrating the
encoded features into the SVM model, we aimed to capitalize on the complementary
strengths of both techniques:the capability of the Neural Network to learn intri-
cate representations and the discriminative strength of the SVM in high-dimensional
spaces.

The expansion of features through the Encoder-Decoder model provided the Sup-
port Vector Machine classifier with enriched and detailed information gleaned from
the latent representations learned by the Neural Network. This fusion of Deep Learn-
ing and traditional Machine Learning methodologies aimed to enhance the overall
classification performance and robustness of the system.
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Algorithm 1 EDKSVM:Encoder-Decoder Kernel Support Vector Machine
Require: Data: Xiqi, (training data), Xi.s (testing data), labels (yirqain for train-
ing)
Ensure: Extracted features: Xy uin new, Xiestnew
1: 1. Define Dense Autoencoder Model:
2: Create a model with the following layers:
3: - Input layer with 13 neurons
4: - 3 Layered Multi layer perceptron with neurons as 13—>16—>32—>64 to get the
center layer of encoding,.
- 3 Layered Multi later perceptron with neurons as 64—>32->16->13 (to achieve
reconstruction)
2. Create Feature Extractor:
Create a model using the first three layers of the autoencoder:
- Input layer with 13 neurons
- 3 Layered Multi layer perceptron with neurons as 13->16—>32-—>64 to get the
center layer of encoding. (till output layer for extracted features)
10: 3. Copy Weights to Extractor:
11: for i =1 to L (number of layers in extractor) do
12: Set extractor.layers[i].weights = autoencoder.layers|i].weights
13: end for
14: 4. Extract Features:
15: Xirain.new < extractor.predict(Xirain )
16: 5. Train Kernel SVM:
17: Train a kernel SVM classifier using the extracted features:
18: Train the SVM with X},qin new as features and y,q:n as labels.

=

B0 o e
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Chapter 4

RESULTS and DISCUSSION

4.1 Experimental Setup

All the experiments were conducted on Fedora Linux Distribution Version 37 with
an AMD Ryzen 4600H processing unit and NVIDIA GeForce GTX1650T1 graphical
processor using a DDRAM of 8GB. The choice of operating system and hardware
was made to ensure compatibility and performance optimization for the experimental
setup. Fedora Linux Distribution, known for its stability and robustness, provided a
reliable environment for conducting experiments. The AMD Ryzen 4600H processor,
coupled with the NVIDIA GeForce GTX1650T1 graphical processor, offered signifi-
cant computational power necessary for processing complex algorithms and datasets
efficiently. Additionally, the 8GB DDRAM ensured sufficient memory capacity to
handle large datasets and computational tasks seamlessly.

4.2 Performance evaluation matrix

We used the following metrics to compare our proposed model with other baseline
models

e Accuracy: Accuracy is the ratio of accurately predicted to all predicted

points[36, 37].

e Precision: It is the ratio of all predicted actual positive values to all predicted
positives[36, 37].

e Recall (Sensitivity): Number of correctly identified outputs divided by the
total number of anomalous outputs(36, 37].

e F1 Score: It is the weighted aggregation of precision and recall[36, 37].
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4.3 Result Analysis

The dataset was divided into training and testing subsets, and various machine
learning models were evaluated based on metrics including accuracy, precision, recall,
and F1-score.

Table 4.1: Benchmark with and without augmentation

Method [ Accuracy | Precision | Recall ‘ F1 Score
Without Augmentation
Logistic Regression 64% 59% 64% 59%
Linear SVC 62% 56% 63% 58%
Kernel SVM 75% 74% 75% 4%
Decision Tree 75% 73% 75% 4%
Random Forest 78% 78% 78% TT%
Light GBM 80% 79% 80% 79%
With Augmentation

Logistic Regression 63% 58% 63% 58%
Linear SVC 63% 58% 63% 59%
Kernel SVM 94% 94% 94% 94%
Decision Tree 78% 78% 78% T™%
Random Forest 91% 91% 91% 91%
Light GBM 91% 91% 91% 91%

Table 4.1 presents the performance of machine learning models both with and
without data augmentation. Without augmentation, Light GBM achieved the highest
accuracy of 80%, along with corresponding precision. recall, and Fl-score values of
79%. However, after data augmentation, Kernel SVM surpassed all other models with
an accuracy of 94% and identical precision, recall, and F1-score values of 94%. These
results highlight the effectiveness of data augmentation, particularly in improving the
performance of Kernel SVM in classifying perovskite oxide crystal structures.

4.4 Comparison with State of Art Work

Table 4.2 provides a comparative analysis of the proposed method with existing liter-
ature on crystal structure classification of perovskite oxides. Notable methods from
literature include Light GBM, RF, GA-NN, KNN, and XGBoost. Our proposed
methods, DA+KSVM and EDKSVM, outperform all existing methods with an ac-
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Figure 4.1: Benchmarking of Perovskite oxide classification
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Table 4.2: Comparative Report of Studied Literature with Proposed Method

Method Accuracy | Precision | Recall | F1 Score
Light GBM [12] | 90.4% N.R. N.R. N.R.

RF [13] 90.56% 91.29% 90.56% | 90.2%
GA-NN ([14] 88% N.R. N.R. N.R.
KNN [15] 84% 83% 84% 84%
XGBoost [16] 83.67% 82.10% 82.12% | 82.11%
DA+KSVM 94% 94% 94% | 94%
EDKSVM 98% 97% 96% 97%

curacy of 94% and 98% respectively. These results demonstrate the superiority of
our approaches in accurately classifying perovskite oxide crystal structures, thereby
contributing significantly to the field of materials science.

Our model, EKDSVM, results were compared to those performed on the same
dataset in Table 4.2 outperforming the existing techniques with 98% of accuracy.
The scores which were not reported are mentioned as N.R. in the Tables.

4.5 Discussions and Findings

To illustrate the outcomes of our experimentation, we present the confusion matrices
derived from the performance of each model on the test dataset, both with and
without the integration of Data Augmentation techniques, as depicted in Figure 4.2
and 4.3 respectively. In each confusion matrix, the x-axis delineates the True Labels,
representing the actual classification categories, while the y-axis illustrates the False
Labels, encompassing misclassifications. These labels correspond to distinct crystal
structures: cubic, orthorhombic, rhombohedral, and tetragonal.

The Light GBM model emerged as the superior performer in the non-augmented
dataset scenario. This can be attributed to its capability to explore a vast array
of hyperparameters and leverage gradient-based optimization techniques across each
boosting iteration. In this context, the model exhibited promising True Positive rates
across various crystal structures. Notably, the True Positive rate for cubic perovskite
stood at 0.89, indicating a strong capability in identifying this particular structure.
However, the performance was comparatively weaker for tetragonal and rhombohe-
dral structures, with True Positive rates of (.45 and 0.36 respectively. Surprisingly,
the model demonstrated decent accuracy in detecting orthorhombic structures, with
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a True Positive rate of 0.78.

To further enhance the predictive accuracy of our models, we augmented the
dataset using Gaussian Noise augmentation technique. This augmentation approach
yielded noticeable improvements in the performance of models, particularly evident
in the case of Kernel Support Vector Machine (KernelSVM). Upon augmentation,
the KernelSVM model showcased robust performance across all crystal structures,
with significantly higher True Positive rates. Specifically, the True Positive rate for
cubic perovskite surged to 0.96, indicative of a remarkable improvement in classi-
fication accuracy. Moreover, the model achieved commendable True Positive rates
of 0.78, 0.93, and 0.92 for rhombohedral, tetragonal, and orthorhombic structures
respectively. This enhanced performance can be attributed to the kernel trick em-
ployed by KernelSVM, which effectively addresses the non-linearity inherent in the
dataset.

The augmentation of the dataset mitigated the risk of overfitting and resulted in
more robust model performance across all tested algorithms. This trend was observed
consistently across all confusion matrices, showcasing improved performance metrics
for models such as Light GBM, Linear Support Vector Machine (LinearSVC), Decision
Trees, and Random Forest. Conversely, the performance of the Logistic Regression
model remained relatively consistent, reflecting the inherently low complexity of the
model architecture.
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Chapter 5

CONCLUSION AND FUTURE SCOPE

5.1 Conclusion

Our study presents a robust pipeline for automating the classification of perovskites
into various crystal structures, namely cubic, tetrahedral, orthorhombic, and tetrag-
onal. The pipeline involves augmenting the dataset and training multiple machine
learning models, including Logistic Regression, LinearSVM, Light GBM, KernelSVM,
Decision Trees, and Random Forest. Through extensive testing and training on both
augmented and non-augmented datasets, we observed varying performance among
the models. LightGBM emerged as a top performer on non-augmented datasets,
achieving an accuracy of 0.80 due to its extensive hyperparameter tuning capa-
bilities. On the other hand, KernelSVM excelled on the augmented dataset with
an impressive 0.94 accuracy, effectively addressing overfitting issues observed in the
non-augmented dataset. These findings highlight the importance of dataset augmen-
tation and model selection in achieving accurate and reliable classification results for
perovskite materials.

5.2 Limitation

Despite the progress made in automating the classification of perovskites, there are
several limitations that warrant consideration. Firstly, while machine learning mod-
els have shown promising accuracy rates, there is still room for improvement in terms
of achieving higher accuracy and robustness across different datasets and crystal
structures. Secondly, the reliance on specific data augmentation techniques and hy-
perparameter tuning may introduce biases or limitations in the model’s generalizabil-
ity to real-world scenarios. Additionally, the choice of machine learning algorithms
and their interpretability can pose challenges in understanding and validating the
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results effectively. Furthermore, the limited scope of feature engineering and anal-
ysis in some studies may hinder a comprehensive understanding of the underlying
factors influencing classification accuracy. These limitations underscore the need for
continued research and development efforts to address these challenges and enhance
the effectiveness and reliability of automated perovskite classification systems.

5.3 Potential Industrial Applications

The advancements made in automating the classification of perovskites using ma-
chine learning models have significant potential for various industrial applications.
One key area of application is in the development of more efficient and cost-effective
renewable energy technologies. Accurate classification of perovskite crystal struc-
tures can lead to the optimization of perovskite-based solar cells and fuel cells, im-
proving their performance and reducing production costs. Additionally, the ability
to automate this classification process opens doors for rapid materials discovery and
development in other sectors such as electronics, catalysis, and environmental reme-
diation. Industries involved in materials science, renewable energy, electronics, and
advanced manufacturing stand to benefit greatly from the insights and technologies
derived from this research, paving the way for innovative solutions and advancements
in various industrial sectors.

5.4 Future Work

Looking ahead, our future research endeavors will focus on expanding data aug-
mentation techniques beyond Gaussian Noise to further enhance the robustness of
our model. Additionally, we plan to incorporate deep learning algorithms into our
pipeline to explore their potential for improving classification performance. By lever-
aging advanced data angmentation methods and deep learning techniques, we aim
to develop a superior-performing model that can accurately classify perovskite ma-
terials with even higher precision and reliability. This ongoing work represents our
commitment to continuous improvement and innovation in the field of automated
classification of crystal structures in perovskite oxides.
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