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Abstract

To help analyze galaxies in the early universe, images need to be accurately modeled, due to the
sparse sampling of the Fourier domain in the process of observation and imaging, the ability of
traditional deconvolution algorithms to reconstruct the features of imaging data is limited, and
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applies neural network model of the exploratory earlier astrophysical object reconstruction, the
suitability of its model and optimize the shortage, poor performance in reconstruction. Here, we train
the generative model based on feature fusion to reconstruct the galaxy map through the data of the
Sloan Digital Sky Survey. Qualitative and quantitative tests also prove that the model is good at re-
covering the image data features from the dirty map, and its performance is far better than the tradi-
tional reconstruction algorithm which could further aid in the analysis of galaxies in the early un-
iverse and future applications to telescope systems with different physical properties.
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Figure 1. Generative adversarial network structure
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Figure 2. Conditional adversarial network
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Figure 3. The generator module of GalaxyGAN
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Figure 4. Optimized generator module
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Figure 5. Our discriminator module
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I T BRI ZRI B, 550 ANECHE F T A5 28 1) B E AU B o
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1T B3R m AR % . ROV BIIWIIA S E R 27, WERHERE T L1 EN IR KR E A 5 100, FRAT
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PO R A& g A, X T BRI AR T e IR, R AR IERATT S, BATH
PRI A] PLSF-34)15 %) 38.06 dB ) PSNR A1 SSIM “K/)v A 0.878, GalaxyGAN ] PSNR 4 35.29 dB, SSIM 4 0.8,
B BRI PSNR 24 20.37 dB, SSIM 24 0.126, Lucy-Richardson 2443/ PSNR 24 22.96 dB, SSIM 4y 0.265.

Table 1. Comparison of test results peak signal to noise ratio

1 IEEFEREERNIRER LR

(a) ﬂ;‘g%ﬂ(qz o-new :l'oo-original

7 PSF [ 206 4 v

HETE
1.4” 25"
BATIRA AT 38.45 38.41
GalaxyGAN 35.21 34.54
EE 26.03 21.65
Lucy-Richardson %% 32.39 32.18
(b) 77K 0,0, =5.00 e

. i PSF )220 4 55
HFETE L )5
AT AR 37.66 37.77
GalaxyGAN 36.26 34.44
EE 16.65 16.63
Lucy-Richardson % 15.90 16.20

(€) MEFEKT 0, =10.00 igina

p— i PSF [0 4 58
1.4” 25"
AT AR 0.882 0.881
GalaxyGAN 0.784 0.764
HREM 0.301 0.137
Lucy-Richardson < & 0.645 0.634

Table 2. Comparison of test results of structural similarity
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(a) [];Eéﬁgﬂ(ilz O-new = 1‘000riginal

TR PSF )22 06 4 v

HETE
1.4” 25"
AT AR 0.882 0.881
GalaxyGAN 0.784 0.764
EpE 0.301 0.137
Lucy-Richardson %% 0.645 0.634
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Figure 6. Comparison of reconstruction effect between algorithms
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Figure 7. Comparison of reconstruction results for spiral galaxies, early galaxies, and multi-galaxy coexisting samples
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Figure 8. Sample data features that still have room for improvement
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