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[bookmark: _Toc223044852]Abstract 

Galaxy morphology classification is an important task in astrophysics, as the structural appearance of galaxies is closely related to their shape and evolution. With the increasing volume of galaxy images generated by modern astronomical surveys, manual classification has become unworkable. As a result, automated approaches based on deep learning have gained significant attention.

Although convolutional neural networks have shown strong performance in galaxy image classification, most existing approaches focus primarily on accuracy. In scientific research, however, predictive performance alone is not sufficient. Researchers also require interpretability, stability under varying imaging conditions, and an understanding of model confidence.

This thesis proposes a deep learning framework for galaxy morphology classification that integrates robustness evaluation, uncertainty estimation, and explainability within a single methodology. The Galaxy10 dataset is used as a benchmark dataset due to its structured labels and predefined splits, which allow controlled experimentation.

The framework evaluates model stability under controlled perturbations, applies Monte Carlo Dropout for uncertainty estimation, and uses Grad-CAM to analyze whether model attention aligns with meaningful morphological structures. The aim of this work is to develop a classification approach that is not only accurate, but also reliable and scientifically interpretable.
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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
· 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: _Toc223044857]Chapter 1: Introduction 
[bookmark: _Toc223044858]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 [Walmsley, M., et al., 2022].
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 [Dieleman, S., et al., 2015].
In addition to classification performance, recent research has begun exploring 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 [Bhambra, P., et al., 2022].
However, upon reviewing these studies, it can be observed that performance optimization, interpretability analysis, and reliability assessment are often investigated independently rather than within a unified evaluation framework. This observation motivates the need for a structured approach that examines classification performance alongside robustness and interpretability considerations within a single methodological setting.
Accordingly, this research investigates deep learning techniques for galaxy morphology classification while incorporating systematic evaluation of model stability and interpretability. The objective is not limited to improving predictive performance, but to examine the broader aspects of model reliability within astronomical image analysis.
[bookmark: _Toc223044859]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, in this study, the Galaxy10 DECals dataset is used as the primary benchmark dataset for galaxy morphology classification. The dataset is derived from the Galaxy Zoo project and provides labelled galaxy images suitable for supervised deep learning experiments.




[bookmark: _Toc223044860]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: _Toc223044861]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 integration of uncertainty estimation into the classification pipeline, which is particularly important 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: _Toc223044862]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: _Toc223044863]Chapter 2 Background and Related Work 
[bookmark: _Toc223044864]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.

[bookmark: _Toc223044865]2.1 Background
The Systemic classification of galaxies began in 1926 when Edwin Hubble [Hubble, 1936] introduced the “Hubble Sequence”, organizing galaxies into elliptical, spiral and irregular forms. This framework was later refined by [de Vaucouleurs, 1959] to include complex structures like rings and lenticular forms. For decades, classification was a manual task performed by experts, but the explosion of data from the Sloan Digital Sky Survey (SDSS) made this unsustainable. This led to [Lintott et al., 2008] the Galaxy Zoo project initiated in 2007, a landmark citizen science initiative that engaged over 100,000 volunteers to classify nearly a million galaxies. However, even crowdsourcing has reached its limit with modern surveys like the Dark Energy Camera Legacy Survey (DECaLS), which capture millions of new objects. 

To manage this data deluge, the field shifted toward automated machine learning. Early methods relied on manual feature engineering defining parameters like color and brightness, which often introduced human bias. A significant turning point occurred with the work of [Dieleman et al., 2015], who demonstrated that Convolutional Neural Networks (CNNs) could achieve performance comparable to human classifications by automatically learning hierarchical features directly from pixel data by learning patterns like texture and shapes directly from pixels. Modern research now utilizes benchmarks like the [Walmsley et al., 2022] Galaxy10 DECaLS dataset, which pairs high resolution with expert-validated labels. This transition has enabled the creation of massive catalogs containing millions of galaxies, providing the statistical power necessary to study cosmic evolution.

While highly accurate, deep learning models often act as “black boxes”, which limit their scientific utility. Astronomical images are frequently affected by noise, blurring, and artifacts like satellite trails, which can cause standard models to fail. This has created an urgent need for robustness, ensuring models remain reliable under varying observational conditions. Furthermore, the demand for Explainable AI (XAI) is growing, research by [Bhambra, P., et al., 2022] emphasized that astronomers must be able to verify if a model’s attention aligns with actual morphological features. Consequently, the frontier of research is moving forward frameworks that are not only accurate but also stable, transparent and scientifically interpretable. 

[bookmark: _Toc223044866]2.2 Related work
[Walmsley et al., 2022] addressed the "labeling gap" in astronomy, where the data volume from surveys like DECaLS exceeds the capacity of human volunteers. To bridge this gap, the authors proposed "Zoobot," a Bayesian Deep Learning ensemble designed to predict the full distribution of volunteer responses for 314,000 galaxies. This methodology allowed the model to quantify uncertainty, highlighting complex cases that required further expert review. The study contributed a transformative catalog of detailed morphological measurements, which directly provide the scientific ground truth for the Galaxy10 DECaLS dataset. However, a disadvantage is the model's reliance on crowdsourced quality, any inherent human bias in the volunteer labels is learned and propagated by the network. Additionally, the Bayesian approach is computationally intensive, requiring significant resources to estimate uncertainty for large-scale catalogs.

[Bhambra et al., 2022] tackled the “black box” nature of galaxy classification models, where high accuracy may stem from focusing on non-physical artifacts like background noise. The research focused on model interpretability using XAI techniques, such as Grad-CAM and integrated Gradient, to visualize the specific pixels driving a model’s decision. By applying these saliency maps, they verified whether networks were identifying actual physical structures like spiral arms or galactic cores. This work provides the methodological foundation for the Explainable component of this thesis. As well, it provides a methodological foundation for evaluating model interpretability in astronomical image analysis.
A primary disadvantage is that saliency maps can be visually noisy and subjective, often requiring expert interpretation to distinguish physical features from mathematical gradients. Furthermore, the study identifies errors but lacks an automated mechanism for the model to self-correct based on these insights.
To further illustrate the concept of model interpretability in galaxy classification, Bhambra demonstrated the use of saliency-based visualization techniques to highlight image regions influencing model decisions.

[image: ]
[bookmark: _Toc222931195]Figure 2.1: Saliency map highlighting discriminative regions in galaxy morphology classification.
Source: Adapted from [Bhambra, P., et al., 2022].

As shown in Figure 2.1, the highlighted regions correspond to physically meaningful structures such as spiral arms and central bulges. However, the interpretation of such maps remains partially subjective and requires domain expertise for validation.

[Le, T., et al., 2025] addressed performance degradation caused by observational noise and blurring in astronomical imagery. The research focused on a comparative evaluation between custom CNNs and pre-trained architectures to determine the most resilient framework for the Galaxy10 DECaLS dataset. Using a multi-stage methodology, they compared a custom TensorFlow CNN against high-parameter models like ResNet50 and EfficientNetB5 via transfer learning. The research contributed a benchmark showing that EfficientNetB5 achieved a superior 87% accuracy, justifying the use of advanced pre-trained backbones in this thesis. A notable disadvantage is the narrow focus on overall accuracy; the authors do not extensively analyze how performance decays across specific levels of noise. Additionally, the high parameter count of such models may result in slower inference speeds, making them less efficient for real-time processing of massive sky surveys.

[Luo, Z., et al., 2025] identified the bottleneck of relying on massive, labeled datasets, which are often unavailable for new deep-sky surveys. The authors proposed a Semi-Supervised Learning approach using the GC-SWGAN framework, which integrates Wasserstein Generative Adversarial Networks (WGAN) to learn from both labeled and unlabeled data. Their methodology demonstrated that 75% accuracy could be maintained using only 20% of the usual labeled samples. This study provides methodological vision related to the present research by addressing "Robustness" under limited data conditions. However, a significant disadvantage is the inherent instability of GAN training, which requires precise hyper parameter tuning to avoid "mode collapse" where the model fails to capture diverse galactic shapes. Moreover, while it reduces label dependency, the framework still requires a vast pool of unlabeled data to be effective, which may be problematic for classifying rare morphological anomalies.
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	Study
	Key Contribution & Methodology
	Identified Disadvantages / Limitations

	Walmsley et al. (2022)
	Proposed "Zoobot," a Bayesian Deep Learning ensemble to predict volunteer responses for 314,000 galaxies and quantify uncertainty.
	Relies on crowdsourced quality; human biases in volunteer labels are propagated by the network. The Bayesian approach is also computationally intensive.

	Bhambra et al. (2022)
	Focused on model interpretability using XAI techniques (Grad-CAM) to visualize pixels driving a model’s decision, such as spiral arms.
	Saliency maps can be visually noisy and subjective, requiring expert interpretation. The model lacks an automated mechanism to self-correct based on these insights.

	Le et al. (2025)
	Benchmarked custom CNNs against pre-trained architectures (EfficientNetB5); found that advanced backbones achieved superior 87% accuracy.
	Narrow focus on overall accuracy; lacks analysis on how performance decays across specific levels of noise. High parameter counts may lead to slower inference.

	Luo et al. (2025)
	Proposed a Semi-Supervised Learning approach (GC-SWGAN) using WGANs to maintain 75% accuracy using only 20% labeled samples.
	GAN training is inherently unstable and prone to "mode collapse". It still requires a vast pool of unlabeled data to be effective.
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