Morphological Classification of Radio Galaxies using Semi-Supervised Group Equivariant CNNs

Sugandha Roy K M.B.Asad Arshad Momen Amin Ahsan Ali  Md Ashraful Amin A, K. M. Mahbubur Rahman

'Center for Computational and Data Sciences (CCDS), Indepeddent University, Bangladesh

Mir Sazzat Hossain

Radio Galaxies: Types and Morphology Our Semi-Supervised Approach Results - Cluster Quality Analysis

Radio galaxies are specialized Active Galactic Nuclei (AGN), predominantly emitting radio waves. Task-agnostic self-supervised learning: ) .
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Figure 2. lllustration of (a) SIMCLR and (b) BYOL for self-supervised learning. Replaced ResNet-50 with
E(2)-Equivariant Steerable G-CNN.

Task-specific fine-tuning:

indicated by Silhouette and Davies Bouldin scores.

Results - Performance Comparison

Both models, BYOL and SImCLR, consistently outperformed in all classification metrics. The best
metrics are highlighted in bold, and the second-best is underlined.
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Importance and Challenges in Radio Galaxy Classification

Why Classification Matters:

Provides insight into the formation and evolution of radio galaxies.

FR classification reveals the AGN'’s power and radio emission distribution.

Sheds light on the role of AGN in galactic evolution and interactions within its cosmic
surroundings.

Facilitates comparisons, trend identification, and hypothesis formulation about object
nature.

The Daunting Challenge: With advancements in telescopes like the Square Kilometre Array
(SKA), a flood of data is made available. This immense volume, combined with varied galaxy
orientations, makes manual classification exceedingly challenging.

Figure 3. lllustration of mdoel used for fine-tuning and FR classification.

Datasets Used for Galaxy Classification

Our study primarily employs images from the Karl G. Jansky VLA’s FIRST survey:

= Dataset-U: Sourced from the Radio Galaxy Zoo (RGZ), comprises 2,700 images (each
150 x 150 pixels) for self-supervised learning [5].

= Dataset-F: A subset of the MiraBest Batched Dataset [3], used for fine-tuning and FRI,
FRII galaxy classifications.

Table 1. Numerical Identifiers of MiraBest Batched Dataset.

Table 2. Source counts in Dataset-F.

Table 3. Performance metrics comparing Semi-supervised models against Supervised methods. Our
Semi-supervised approach demonstrates marked improvement.

Results - ROC Analysis and Statistical Significance

Receiver operating characteristic
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Figure 4. Convergence plots comparing fine-tuned SImCLR and BYOL encoders to a supervised G-CNN on
Dataset-F. Displaying mean and standard deviation of (a) training loss and (b) validation loss over 5-fold

cross-validation.
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