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Abstract

After the radio signal received by SKA1-low is converted into image data, the resolution of the im-
age will be blurred due to various factors, making it difficult for astronomers to obtain clear and
complete galaxy information. In view of this phenomenon, this paper plans to adjust and optimize
the basic module of SRGAN based on the generation of adversarial network, so as to make it more
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conducive to the reconstruction of SKA galaxy images. In this paper, the galaxy image super-reso-
lution reconstruction algorithm with improved SRGAN is used for training and testing on the ga-
laxy image dataset. The experimental results show that the PSNR value is increased by 3.05 DB
and SSIM value is increased by 0.0551 DB on the original model. In addition, this paper also made
qualitative and quantitative comparisons with SRResCCGAN, IMDN, LAPAR and BebyGAN models.
From a quantitative perspective, the PSNR value increased by 1.96 DB, 1.59 DB, 4.88 DB and 0.81
DB respectively. SSIM values increased by 0.1103, 0.056, 0.0381 and 0.0141 respectively, and the
values of the two mainstream evaluation indicators were all improved. From the qualitative point
of view, compared with other classical models, the edge information of the reconstructed image is
clearer and the details of the galaxy image can be recovered more effectively.

Keywords

SKA Galaxy Image, Super Resolution Reconstruction, Generative Adversarial Network

Copyright © 2023 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. Bk

as

BEREMEE. HARE., FHAR, ERSEMBYRSEZWRARN S RERS, %
FH IR BN, P72 BT (Square Kilometer Array, SKA) & — & lfLEMES), Bk EEmE T
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KA N =SSR s, BURLETE R A& S A AN IR AR T, o JE (1 2 HH 30 PR A5 A B e ) 1)
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gerEfe, I H AR RS M EUBE FE IR IE LG, e 1 nT VR A IR B R BT LA . T DRCIN W £ 34k Bz )
AT, SRR AIESE, MHARGIRE. ARREEZ G BRI ), "fER
K48 2500 [ FE THE R B R0, 2016 4F, Ledig 28 A[1114RH T —Flop ik 22 24 51 5 A ot i %
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(Generative, Adversarial Network, GAN)AHZE & (1 73 3 2 A2 BOGHPT I 2% (SRG AN , 928 2% 1453 2K bR £ i
TR FE 4 TR ORI B 201 SO R R o) 8 s SR ABh - N, 3 = L w] DL 8 1 B 6
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Figure 1. Densely connected network
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Figure 2. Generator model structure
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Figure 3. Discriminator model structure
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Figure 4. RRDB+ structure
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Qus (6,.P) ) =

6,-R|, &
Hrr, prnA 2-2, a20, B20:

P —argnin, . alp P [ +p[p-6. ?

Fir DA 2458 453 2K BR ESCA) -
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Qu =|R(1r) 1 X
Q0 = X8 (i)~ (1e)] (5)
Qs =—Ly,-p[l0g(1-D(h,)) |- L, log(B(n, ) | ©
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- sigmoid (C ()~ Ly, -oC(h; )), h L @)
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4.1 SRR
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5RO R B2 R G, TR R MBI KNy 424 x 424, LRI K/ )9 106 x 106, HF EHE AT
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4.2. KWERS S

AR 5 M 5 e B2 B 6t SRGANL SRResCCGAN. IMDN. LAPAR. BebyGAN F1 our-SRGAN
TiAE B R UG BRI B AR BT VR . SRGAN H A Bl W0 2% R 5 I 48 4 R, 45 LR RSN L
B 24 458 — RAVERUACEL TS, KA EM HR BEH N EMAR Iy VGGL 1 5l W 45 1 47 FI i [9] :
SRResCCGAN KH] T ik 7 e 5 5 A AL U HL 28 AH 25 G (1 7 1, [RIEIN 7 BRER BE #4504, AE15 I 45 7
7 G B D0 = A [14] s IMDN #2187 #8246 1) Multi-distilation #5235 DUSZ I P 47 0 S5 B 2 18] 19 5
PRUCHD, I HARH T B I& N BT 5580 T AT B R EE 780K [15]; LAPAR [#%C AR 2 i id 150 # # HR
B I T 5 22 R4 MR e e, i R 2 e S AR A PR TR0 s Ak 22, () P S B R 1) R A5
FIEAL), F IR EEVERE[16]; BebyGAN i iz /IMb EL sz B4 5 A B RG22 18] H R S0 45
RIETHEUZ /3 53R, AR HR UGBS (R R R U I 45 A [17]

FHETE R R GBI LTS BRI PPN R AR AR 1 Bk, I 1 ATRLEH, AHECT SRGAN,
SRResCCGAN. IMDN. LAPAR. BebyGAN 7£ PSNR _|- %3 I 1 3.02 DB. 1.96 DB. 1.59 DB. 4.88 DB.
0.81 DB, 7£ SSIM F4r5I#27t 7 0.0551. 0.1103. 0.056. 0.0381. 0.0141, i T our-SRGAN HE 2 &
KI141%) PSNR 5 SSIM $atrs8 A 5 ik

Table 1. Comparison of experimental results of different reconstruction methods on galaxy image datasets
# 1. TRIERFEEEREGEUIRS LTI ERITEE

gy dit] PSNR SSIM
SRGAN 32.73 0.8604
SRResCGAN 33.79 0.8052
IMDN 34.16 0.8595
LAPAR 31.00 0.9001
BebyGAN 34.94 0.9014
our-SRGAN 35.75 0.9155

(aHR (bLR (9SRGAN  (d)SRResCGAN

(¢)IMDN (HLAPAR  (g)BebyGAN (hjour-SRGAN

Figure 5. Comparison of galaxy images reconstructed by six methods
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HEEG. NEAEESIE KA, SRGAN. IMDN 5 LAPARR HAMURKZE, HWL MIEMAKE;
SRResCGAN. BebyGAN Hikm # (12 RIEMGIKIT T 2SR, EA AR A CHHe B
be NEEMEIG I EE S, AR TRGE REG, TSR AEEEERA T, A
BAMAETHANAERS A58 79T, R R E TATE R, RE T R REG .

5. &ARIE

ASCHEIR B 27 21 Uit 78 SKAL-low 1Y EE 7 P2 B 4, K our-SRGAN A it Hi M 26 F T+ SKA
AR RGN B R EUGHE B R B, fH RRDB+E A LSS IS AL, BA KM &, L
SERRW, 5FWAEAEL, our-SRGAN TEE M K & % 77 T #A fri s, 752 R UG R Sesl 78 iF (1
YR ERENCE, FNEEREARRGNETEE . AT RITIRTh, HHRISGEMSREL NS, £
AR 2 EEEREITEOL T, B0 R PR RS B2 = P 48 1R I8 A7 3% .
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