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[bookmark: _Toc223745976]Abstract 

Galaxy morphology classification is an important task in astrophysics, as the structural appearance of galaxies is closely related to their formation history and evolutionary processes. With the rapid growth of modern astronomical surveys such as the Sloan Digital Sky Survey (SDSS) and the Dark Energy Camera Legacy Survey (DECaLS), the number of available galaxy images has increased dramatically, making manual classification increasingly impractical. Consequently, automated approaches based on deep learning have gained significant attention in astronomical image analysis.
Although convolutional neural networks have shown strong performance in galaxy image classification, most existing studies primarily focus on predictive accuracy. In scientific research, however, accuracy alone is not sufficient. Astronomers also require interpretability, robustness under varying observational conditions, and a measure of confidence in model predictions.
In this study, convolutional neural networks (CNNs) together with transfer learning architectures are explored for galaxy morphology classification. The Galaxy10 DECaLS dataset is selected as the primary dataset because it provides well-structured labels and has been widely used in previous astronomical deep learning studies.
The proposed framework evaluates classification performance using standard evaluation metrics, including accuracy and F1-score. In addition, robustness analysis is conducted through controlled image perturbations. Monte Carlo Dropout is applied for uncertainty estimation, and Grad-CAM visualization is used to analyze whether the model focuses on meaningful morphological structures within galaxy images. The experimental evaluation aims to assess classification accuracy and model reliability under varying observational conditions.
The aim of this research is not only to evaluate classification performance, but also to analyze the reliability and interpretability of deep learning models in astronomical applications. 
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· AI: Artificial Intelligence.
· CNN: Convolutional Neural Network.
· DL: Deep Learning.
· DECaLS: Dark Energy Camera Legacy Survey.
· GAN: Generative Adversarial Network.
· GC-SWGAN: Galaxy Classification Semi-Supervised Wasserstein GAN.
· Grad-CAM: Gradient-weighted Class Activation Mapping.
· MCD: Monte Carlo Dropout.
· ML: Machine Learning.
· RA: Right Ascension.
· SDSS: Sloan Digital Sky Survey.
· WGAN: Wasserstein Generative Adversarial Network.
· XAI: Explainable Artificial Intelligence.
· F1-score: Harmonic mean of precision and recall.
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[bookmark: _Toc223745981]Chapter 1: Introduction 
[bookmark: _Toc223745982]1.1 Overview
Galaxy morphology classification plays a fundamental role in understanding galaxy evolution and structural formation processes. Large astronomical surveys have significantly increased the volume of galaxy imaging data, making automated classification approaches essential for scalable scientific analysis [1].
Deep learning techniques, particularly convolutional neural networks (CNNs), have demonstrated strong capability in extracting hierarchical spatial features from astronomical images. Several studies have successfully applied CNN-based architectures to galaxy morphology prediction tasks, achieving competitive performance across large datasets [2].
In addition to classification performance, recent research has also focused on improving the interpretability of deep learning models within astronomical contexts. Methods such as saliency mapping and visualization techniques have been proposed to better understand the decision-making process of neural networks when analyzing galaxy images [3].
However, a careful review of these studies shows that performance optimization, interpretability analysis, and reliability assessment are often investigated separately rather than within a single unified evaluation framework. Accordingly, this research investigates deep learning techniques for galaxy morphology classification while incorporating a systematic evaluation of model stability and interpretability.
The objective is not limited to improving predictive performance, but also to examine the broader aspects of model reliability within astronomical image analysis.



[bookmark: _Toc223745983]1.2 Problem Definition
Although many studies have applied deep learning to galaxy morphology classification, most of them emphasize performance metrics such as accuracy or F1-score. These metrics are important, but they do not fully address scientific reliability.
First, deep learning models are often treated as black boxes. In scientific research, this is problematic. If a model predicts that a galaxy is spiral, researchers should be able to verify that the decision is based on meaningful structures, such as spiral arms, rather than irrelevant background features.
Second, galaxy images are not always captured under identical conditions. Variations in brightness, noise, or small distortions may occur. A reliable classification system should remain stable under such conditions.
Third, galaxy morphology is not always clearly defined. Some galaxies exhibit transitional or ambiguous features. In these cases, it is important not only to assign a label, but also to estimate how confident the model is in that label.
Based on these considerations, the main research question of this thesis is:
How can we design a deep learning-based galaxy morphology classification framework that achieves strong performance while also ensuring interpretability, robustness, and uncertainty awareness suitable for scientific applications?
Finally, this study adopts the Galaxy10 DECaLS dataset as the primary benchmark for galaxy morphology classification experiments. The dataset is derived from the Galaxy Zoo project and provides labelled galaxy images suitable for supervised deep learning experiments.




[bookmark: _Toc223745984]1.3 Thesis Objectives
The objectives of this research are:
1. To design and implement baseline CNN models for galaxy morphology classification.
2. To apply transfer learning techniques to improve performance and generalization.
3. To evaluate classification performance using standard quantitative metrics.
4. To analyze model robustness under controlled image perturbations.
5. To incorporate uncertainty estimation mechanisms into the prediction process.
6. To apply explainable AI techniques to interpret model decisions in a scientifically meaningful way.

[bookmark: _Toc223745985]1.4 Thesis Contribution
This work contributes in several ways.
First, it provides a structured evaluation of deep learning architectures for galaxy morphology classification.
Second, it introduces a robustness evaluation procedure that measures how performance changes under simulated observational variability.
Third, it investigates the role of uncertainty estimation within the classification pipeline, particularly in cases of ambiguous morphology.
Finally, it applies explainable AI techniques not only for visualization, but also for assessing whether model attention aligns with known morphological structures.



[bookmark: _Toc223745986]1.5 Thesis Organization
The remainder of this thesis is organized as follows.
Chapter 2 discusses the theoretical background and relevant research areas.
Chapter 3 presents the proposed methodology.
Chapter 4 analyzes the experimental results.
Chapter 5 concludes the study and suggests directions for future work.








	






[bookmark: _Toc223745987]Chapter 2: Background and Related Work 
[bookmark: _Toc223745988]2.1 Introduction 
This chapter reviews the theoretical foundations and existing research related to galaxy morphology classification using deep learning techniques. It begins with a historical overview of galaxy classification systems and the transition from manual inspection to automated machine learning approaches. The chapter then analyses recent studies that employ convolutional neural networks, uncertainty modeling, and explainable AI methods in astronomical image analysis. Finally, a comparative summary of selected studies is presented to highlight methodological strengths, limitations, and research gaps that motivate the proposed framework of this thesis.

Despite the significant progress achieved by these studies, most existing approaches focus primarily on classification performance without simultaneously addressing robustness, uncertainty estimation, and interpretability within a unified framework. Therefore, this research aims to investigate a deep learning framework that integrates these aspects to provide a more reliable and scientifically interpretable galaxy morphology classification system.

The following section reviews recent studies related to galaxy morphology classification using deep learning techniques. The purpose of this review is to analyse existing methods, datasets, and performance metrics in order to position the proposed framework within the current research landscape.







[bookmark: _Toc223745989]2.2 Background
The systematic classification of galaxies began in 1926 when Edwin Hubble introduced the “Hubble Sequence,” which organized galaxies into three primary morphological categories: elliptical, spiral, and irregular galaxies as introduced by Hubble [4],  This classification system provided the first structured framework for understanding the relationship between galaxy morphology and their evolutionary processes.

The classical representation of this classification scheme is known as the Hubble Tuning Fork diagram (see Figure 2.1), which visually illustrates the relationship between elliptical galaxies and two main branches of spiral galaxies: normal spirals and barred spirals. Later, this framework was further refined by de Vaucouleurs [5], who introduced additional subcategories such as lenticular galaxies (S0) and more detailed structural distinctions.

[image: ]
[bookmark: _Toc223719017][bookmark: _Toc223734570]Figure 2.1: Hubble morphological classification scheme illustrating elliptical, spiral, and barred spiral galaxies. 
Source: Adapted from Hubble (1936) [4].

For several decades, galaxy classification was primarily performed manually by astronomers through visual inspection of telescope images. This traditional approach relied heavily on expert knowledge and careful observation of structural features such as spiral arms, bulges, and bars. While this method produced highly reliable classifications, it was time-consuming and difficult to scale when large astronomical datasets became available.

The rapid growth of modern astronomical surveys significantly increased the volume of available galaxy images. Large sky surveys such as the Sloan Digital Sky Survey (SDSS) generated millions of galaxy observations, making manual classification increasingly impractical. To address this challenge, the Galaxy Zoo project was introduced as a citizen science initiative that allowed volunteers to participate in galaxy classification tasks [6]. This project successfully demonstrated that crowdsourcing could be used to process massive astronomical datasets.

Despite the success of citizen science initiatives, the continuous growth of astronomical surveys such as the Dark Energy Camera Legacy Survey (DECaLS) has further increased the scale of available data. As a result, the astronomical community has increasingly turned toward automated machine learning techniques to support galaxy morphology classification.

Early automated approaches relied on traditional machine learning algorithms that required manual feature engineering. Researchers designed handcrafted features based on brightness, shape, and colour characteristics of galaxies. However, these manually designed features often introduced bias and were limited in their ability to capture complex spatial patterns.

The emergence of deep learning techniques, particularly Convolutional Neural Networks (CNNs), marked a significant turning point in astronomical image analysis. CNN-based models are capable of automatically learning hierarchical spatial features directly from pixel data, enabling them to capture complex visual patterns within galaxy images. Studies such as Dieleman et al. [2] demonstrated that CNN-based models can achieve performance comparable to expert human classifications when applied to large galaxy datasets.

Although deep learning models have significantly improved classification performance, they are often considered “black box” systems, meaning that their internal decision-making processes are not easily interpretable. In scientific applications such as astrophysics, this lack of interpretability can limit the trust and reliability of automated classification systems.

Astronomical images are also frequently affected by observational noise, atmospheric distortions, and variations in brightness or resolution. These factors can influence the performance of machine learning models and lead to unstable predictions under different imaging conditions. Consequently, modern research in this field increasingly focuses not only on classification accuracy but also on model robustness and interpretability.

Recent studies have therefore explored explainable artificial intelligence (XAI) techniques that allow researchers to visualize the regions of an image that influence the model’s decision. Methods such as saliency mapping and Grad-CAM have been widely used to explain deep learning decisions in galaxy morphology classification, as demonstrated by Bhambra et al. [3].

Overall, the evolution from manual classification to deep learning-based automated systems has significantly transformed the study of galaxy morphology. However, there remains a need for frameworks that combine classification performance with robustness analysis, uncertainty estimation, and interpretability in order to support reliable scientific discovery in large astronomical datasets.










[bookmark: _Toc223745990]2.3 Related work
Walmsley et al. [1] in their study titled "Galaxy Zoo DECaLS: Detailed visual morphology measurements from volunteers and deep learning for 314,000 galaxies", published in the Q1 journal Monthly Notices of the Royal Astronomical Society (MNRAS), investigated large-scale galaxy morphology classification using deep learning and citizen science annotations. The study utilized galaxy images derived from the Galaxy Zoo and DECaLS surveys to build a detailed morphological catalog of galaxies. The authors developed the Zoobot framework, which is based on Bayesian deep learning and active learning techniques to predict morphological labels. Rather than focusing on a single classification accuracy, the study emphasized agreement with human volunteer classifications and reliable uncertainty estimation. In this thesis, the proposed framework will be compared with this work in terms of uncertainty estimation and model reliability. One limitation of the Zoobot approach is its reliance on ensemble models, which increases computational complexity and hardware requirements.

Dieleman et al. [2] in their study titled "Rotation-invariant convolutional neural networks for galaxy morphology prediction", published in the Q1 journal Monthly Notices of the Royal Astronomical Society (MNRAS), investigated the use of deep convolutional neural networks for automated galaxy morphology classification. The study used galaxy images derived from the Galaxy Zoo dataset and introduced a rotation-invariant CNN architecture designed to handle the rotational symmetry commonly observed in galaxy images. This design allows the model to recognize galaxy structures regardless of their orientation within the image. The experimental results demonstrated that the proposed CNN architecture achieved a classification accuracy of approximately 91%, showing that deep learning models can effectively learn complex morphological patterns directly from astronomical image data. In this thesis, the proposed framework will compare its CNN-based classification performance with this study in order to evaluate whether transfer learning architectures can provide improved robustness and interpretability in galaxy morphology classification tasks. A limitation of this approach is that the rotation-invariant design increases the architectural complexity of the network and may require higher computational resources during training.
Bhambra et al. [3] in their research titled "Explaining deep learning of galaxy morphology with saliency mapping", published in the Q1 journal Monthly Notices of the Royal Astronomical Society (MNRAS), investigated the interpretability of deep learning models used for galaxy morphology classification. The study used galaxy images derived from the Galaxy Zoo and DECaLS surveys and applied explainable artificial intelligence techniques such as Grad-CAM and saliency mapping. These techniques allow researchers to visualize which regions of a galaxy image influence the model’s classification decision. This approach is particularly important in astronomical applications where scientists must verify that the model focuses on physically meaningful structures such as spiral arms or the galactic core rather than background noise.

[image: ]
[bookmark: _Toc223719018][bookmark: _Toc223734571]Figure 2.2: Example of a saliency map highlighting discriminative regions in galaxy morphology classification.
Source: Adapted from Bhambra et al. (2022) [3].

As shown in Figure 2.2, saliency maps highlight the regions of the galaxy image that contribute most strongly to the model's prediction. In many cases, the visualization confirms that the neural network focuses on key morphological structures such as spiral arms, bars, or the central bulge. This provides an additional layer of reliability by allowing astronomers to verify whether the classification decision is based on meaningful physical features. In this thesis, a similar explainability approach will be used to evaluate whether the proposed deep learning framework focuses on relevant morphological structures when classifying galaxy images.

Cavanagh et al. [7] in the paper "Morphological classification of galaxies with deep learning", published in the Q1 journal Monthly Notices of the Royal Astronomical Society (MNRAS), investigated automated galaxy classification using convolutional neural networks. The study utilized a dataset of more than 14,000 galaxy images derived from the DECaLS and Sloan Digital Sky Survey (SDSS). The authors proposed a custom 8-layer convolutional neural network architecture designed specifically for morphological classification tasks. Their model achieved a classification accuracy of approximately 83% for three morphological classes. In this thesis, the proposed framework will compare its performance with this study by evaluating whether transfer learning models can improve classification performance and robustness compared to custom CNN architectures. One limitation identified in this study was the difficulty in distinguishing lenticular galaxies from elliptical galaxies due to their similar structural characteristics.


Luo et al. [8] in their research titled "Galaxy Morphology Classification via Deep Semisupervised Learning with Limited Labeled Data", published in the Q1 journal The Astrophysical Journal Supplement Series (ApJS), investigated the challenge of limited labeled astronomical data. The study used the Galaxy10 DECaLS dataset and proposed a semi-supervised learning framework called GC-SWGAN that integrates Wasserstein Generative Adversarial Networks. This framework enables the model to learn from both labeled and unlabeled galaxy images. The study reported a classification accuracy of approximately 84% and demonstrated that performance could remain above 75% even when only 20% of labeled data was used. In this thesis, the proposed framework will be compared with this study in terms of robustness and performance when training data availability is limited. One limitation of this approach is the instability associated with GAN-based training, which may require careful hyperparameter tuning.

Yao et al. [9] in their research titled "A Galaxy Image Augmentation Method Based on Few-shot Learning", published in the Q1 journal Research in Astronomy and Astrophysics (RAA), investigated data augmentation techniques to improve galaxy morphology classification. The study used the Galaxy10 DECaLS dataset and proposed a few-shot learning approach based on Deep Convolutional Generative Adversarial Networks (DCGAN). This technique generates additional synthetic galaxy images to improve model training. The framework achieved a classification accuracy exceeding 95% across multiple morphological classes. In this thesis, the proposed method will compare its performance with this approach to evaluate the trade-off between generative data augmentation techniques and explainable deep learning methods. One limitation of this method is that the generated images may not always fully capture realistic astronomical structures.

Le et al. [10] in the study titled "Enhanced Comparative Analysis of Pretrained and Custom Deep Convolutional Neural Networks for Galaxy Morphology Classification", published in Engineering Proceedings, which is indexed as conference proceedings in Scopus, conducted a comparative analysis of different deep learning architectures for galaxy classification. The study used the Galaxy10 DECaLS dataset and evaluated both custom convolutional neural networks and pre-trained models such as EfficientNetB5 and ResNet50 using transfer learning techniques. The results showed that EfficientNetB5 achieved a classification accuracy of approximately 87%. In this thesis, the proposed framework will compare its classification performance with this study to determine whether the selected architecture provides improved robustness and interpretability. A limitation of this approach is the high computational cost associated with training large pre-trained networks.

Xie et al. [11] in their research titled "Galaxy Morphology Classification Based on VGG19 Deep Convolutional Neural Network", published in the Q1 journal Astrophysics and Space Science, investigated the use of transfer learning for astronomical image classification. The study used the Galaxy10 DECaLS dataset and applied a modified VGG19 network to extract morphological features from galaxy images. The model achieved a classification accuracy of approximately 84.5%. In this thesis, the proposed framework will compare its performance with this work by evaluating whether more modern architectures such as EfficientNet provides improved performance compared to traditional CNN models. A limitation of this approach is the relatively large number of parameters in VGG networks, which may increase computational cost.

Cheng [12] in the study titled "Vision Transformer Applications for Galaxy Morphology Classification", published in the Q1 journal The Astrophysical Journal (ApJ), investigated the application of Vision Transformer architectures in astronomical image classification. The study used the Galaxy10 DECaLS dataset and employed transformer-based attention mechanisms to capture global dependencies within galaxy images. The model achieved a classification accuracy of approximately 86%. In this thesis, the proposed framework will compare CNN-based approaches with transformer-based architectures to evaluate differences in classification accuracy and computational efficiency. A limitation of Vision Transformer models is their high data and computational requirements.

Cao et al. [13] in their study titled "Galaxy morphology classification based on Convolutional Vision Transformer (CvT)", published in the Q1 journal Astronomy & Astrophysics (A&A), investigated the application of transformer-based architectures for galaxy morphology classification. The study utilized galaxy images derived from the Galaxy Zoo datasets and evaluated the performance of the Convolutional Vision Transformer model for multi-class galaxy classification. The proposed model combines convolutional operations with transformer-based attention mechanisms to capture both local spatial features and global dependencies within galaxy images. The experimental results reported classification accuracies approaching 98% across several evaluation metrics when evaluated on the Galaxy10 DECaLS dataset. In this thesis, the proposed framework will compare CNN-based approaches with transformer-based models to examine differences in classification performance and model interpretability. One limitation of this approach is the high computational cost and training complexity associated with transformer-based architecture.














[bookmark: _2.3_Related_Work][bookmark: _Toc223745991]2.4 Related Work Summary 
To provide a clearer overview of the existing studies related to galaxy morphology classification, a comparison of the most relevant research works is presented in Table 2.1. The table summarizes the dataset used in each study, the deep learning technique applied, the reported accuracy when available, the publication venue, and whether the work will be considered for comparison with the proposed framework in this thesis.
	Ref
	Author
	Dataset
	Technique Used
	Accuracy
	Published In
	Comparison with This Research

	[1]
	Walmsley et al.
	Galaxy Zoo / DECaLS
	Bayesian Deep Learning (Zoobot)
	Not explicitly reported
	MNRAS (Q1)
	Used for uncertainty and large-scale classification comparison

	[2]
	Dieleman et al.
	Galaxy Zoo
	Rotation-Invariant CNN
	~91%
	MNRAS (Q1)
	CNN architecture baseline comparison

	[3]
	Bhambra et al.
	Galaxy Zoo / DECaLS
	Grad-CAM & Saliency Mapping
	Not focus of study
	MNRAS (Q1)
	Used for explainability evaluation

	[7]
	Cavanagh et al.
	SDSS / DECaLS
	Custom CNN Architecture
	~83%
	MNRAS (Q1)
	Performance comparison with CNN models

	[8]
	Luo et al.
	Galaxy10 DECaLS
	Semi-supervised Learning (GAN-based)
	~84%
	ApJS (Q1)
	Robustness under limited labeled data

	[9]
	Yao et al.
	Galaxy10 DECaLS
	DCGAN Data Augmentation
	Up to ~95%
	RAA (Q1)
	Data augmentation comparison

	[10]
	Le et al.
	Galaxy10 DECaLS
	EfficientNetB5 Transfer Learning
	~87%
	Engineering Proceedings (Conference Proceedings)
	Architecture performance comparison

	[11]
	Xie et al.
	Galaxy10 DECaLS
	VGG19 Transfer Learning
	~84.5%
	Astrophysics & Space Science (Q1)
	CNN baseline comparison

	[12]
	Cheng
	Galaxy10 DECaLS
	Vision Transformer
	~86%
	Astrophysical Journal (Q1)
	CNN vs Transformer analysis

	[bookmark: _Toc223735108][13]
	Cao et al.
	Galaxy Zoo 
	Convolutional Vision Transformer (CvT)
	~98%
	Astronomy & Astrophysics (Q1)
	CNN vs Transformer architecture comparison


Table 2.1: Related Work Summary
From Table 2.1, it can be observed that most recent studies rely on deep learning models, particularly convolutional neural networks, for galaxy morphology classification. Many works also use the Galaxy10 DECaLS dataset due to its availability and suitability for deep learning experiments. While several studies mainly focus on improving classification accuracy, fewer works investigate aspects such as model robustness, uncertainty estimation, or interpretability. 
Therefore, the framework proposed in this thesis aims to evaluate not only the classification performance of deep learning models, but also their robustness, uncertainty awareness, and interpretability in astronomical image analysis.
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