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Fig. 1 Schematic of the denoising diffusion principle
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Fig. 2 Framework for a diffusion model-based galaxy image generation algorithm
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Table 2 Composition and size of the galaxy dataset

Original datasets Augmented datasets
Galaxy class
Training Sets Test Sets Training Sets Test Sets
Completely round smooth 8334 100 8334 100
In-between smooth 7969 100 7969 100
Cigar-shaped smooth 479 100 5642 100
Edge-on 3803 100 3803 100
Spiral 7706 100 7706 100
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Fig. 3 Comparison between generated galaxies and real galaxies
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Fig. 4 Visualization of the galactic reverse denoising process
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Fig. 5 Galaxy generation results based on SAGAN
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Table 3 Validation of per-class accuracy for the classification model on the original and augmented

datasets

Classification models

Galaxy class

Original datasets Augmented datasets

Precision Recall F1-Score Precision Recall F1-Score

EfficientNetV2S

EfficientNetV2M

EfficientNet V2L

Completely round smooth
In-between smooth
Cigar-shaped smooth
Edge-on
Spiral
Completely round smooth
In-between smooth
Cigar-shaped smooth
Edge-on
Spiral
Completely round smooth
In-between smooth
Cigar-shaped smooth
Edge-on
Spiral

0.887
0.841
0.864
0.707
0.938
0.893
0.892
0.904
0.621
0.938
0.932
0.882
0.957
0.653
0.977

0.95 0.917 0.873 0.97 0.919
0.9 0.869 0.926 0.88 0.902
0.51 0.641 0.875 0.7 0.777
0.92 0.8 0.764 0.94 0.843
0.91 0.923 0.967 0.88 0.921
0.92 0.906 0.921 0.94 0.930
0.91 0.9 0.894 0.93 0.911
0.38 0.535 0.959 0.47 0.63
0.97 0.757 0.685 0.96 0.8

0.91 0.923 0.895 0.94 0.917
0.96 0.945 0.957 0.91 0.933
0.98 0.928 0.887 0.95 0.917
0.45 0.612 0.948 0.55 0.696
0.98 0.784 0.697 0.97 0.811
0.87 0.92 0.95 0.96 0.955

*® 4 RIGHIRESIE MRS S LR B R IIIE

Table 4 Validation of the classification model’s overall accuracy on the original and augmented

datasets

Original Datasets

Augmented Datasets

Classification Models

Precision Recall F1-Score Precision Recall F1-Score
SwinTransformerTiny 0.862 0.844 0.833 0.867 0.848 0.841
SwinTransformerBase 0.876 0.854 0.846 0.898 0.886 0.885
SwinTransformerLarge 0.881 0.874 0.872 0.886 0.876 0.873
EfficientNetV2S 0.847 0.838 0.830 0.881 0.874 0.872
EfficientNetV2M 0.855 0.818 0.804 0.871 0.848 0.838
EfficientNet V2L 0.88 0.848 0.838 0.888 0.868 0.862
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BAERAESE, IF RGEVEH ISR 1 AR B 12 R
HARIE) i AA RE S B 7. 25 RERW], AL
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High-Resolution Galaxy Image Generation Based on Diffusion Models

ZHAO Rui-ni'?  WANG Xing-feng!? LV Taol?
(1 Xi’an Institute of Optics and Precision Mechanics, Chinese Academy of Sciences, Xi’an 710119)
(2 Key Laboratory of Space Precision Measurement Technology, Chinese Academy of Sciences, Xi’an 710119)

AsstracT Against the backdrop of rapid advancements in both data accumulation within large-scale
sky survey projects and information technology, the automated classification of massive galaxy images
using intelligent methods has become a cornerstone for understanding galaxy formation, evolution, and
the cosmic environment. The accuracy of galaxy classification models is significantly correlated with the
scale and balance of training samples, yet traditional data augmentation methods exhibit limited
effectiveness in enhancing complex galaxy images. The study proposes a diffusion model-based algorithm
for generating galaxy images, which produces galaxy images with realistic morphological features and
textural details. The classification model trained using the augmented dataset demonstrates superior
precision, recall, and F1l-score compared to the model trained on the original dataset, with maximum
improvements of 4.01%, 4.3%, and 5.06% in the three metrics respectively. These high-fidelity, clear
generated images significantly improve the accuracy of galaxy morphological classification models. This
process provides novel insights for future research on galaxy morphology classification in large-scale sky
survey initiatives. Continued exploration of generative artificial intelligence models will provide powerful
tools for astronomical research, enabling humanity to gain deeper insights into the mysteries of the
universe.

Key words galaxies: general, methods: data analysis, techniques: image processing, techniques:
diffusion model, techniques: generative model, techniques: data augmentation
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