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Abstract

Due to the bandwidth limitation of the radio receiver, wideband beam effect is generated in the
IR .
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imaging of radio astronomy sparse interference array. To solve this problem, a CycleGAN model is
designed to eliminate the beam effect. In this model, the residual learning mechanism of CycleGAN
model is used to extract the features of bandwidth-synthesised beame ffect images carried by ra-
dio source signals with complex spatial structure, so as to improve the recovery effect. The model
was trained by using the dirty map and the original image simulated by CASA—a astronomical soft-
ware. This combination method can effectively convert the two image styles, so that the model can
better adapt to different radio source signals. The experimental results show that the deep learn-
ing algorithm is significantly improved in PSNR and SSIM compared with the existing wideband
synthetic beam algorithm, and can effectively restore the sky image. This technology will provide
us with more accurate astronomical data and promote the development of astronomy.
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Figure 1. Diagram of the main network structure of GAN
[l 1. GAN B EZ M & L5H[E
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BJETFE] H bR ek 4L
G =arg Min max Loy (G,D)+4L, (G) ®)
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TR AHMERE KD EG SEBURHE SR B . IS DL 2 s, BRI SCBETT B R R P ik 22 0 2% 1

DOI: 10.12677/0rf.2023.136751 7666 BE 51


https://doi.org/10.12677/orf.2023.136751

Filg &

TR R 41) T 7 P ) X 2% 5 4 T A B An B 2 TR
Table 1. Internal structure of CycleGAN generator
7= 1. CycleGAN 4l 28 I ARLE M 1B
Generator Layer Specification
7 x 7 Conv-Norm-ReLu layer, 32 filters, stride 2
3 x 3 Conv-Norm-ReLu layer, 64 filters, stride 2
3 x 3 Conv-Norm-ReLu layer, 128 filters, stride 2
9 Residual blocks
3 x 3 Frac-Strided-Conv-Norm-ReLu layer, 64 filters, stride 1/2
3 x 3 Frac-Strided-Conv-Norm-ReLu layer, 64 filters, stride 1/2

Table 2. Internal structure of CycleGAN discriminator
= 2. CycleGAN FI7 3227 A BREE 1R )
Discriminator Layer Specification
4 x 4 Conv-Norm-ReLu layer, 64 filters, stride 2
4 x 4 Conv-Norm-ReLu layer, 128 filters, stride 2
4 x 4 Conv-Norm-ReLu layer, 256 filters, stride 2
4 x 4 Conv-Norm-ReLu layer, 512 filters, stride 2

4 x 4 Conv layer, Ifilters, stride 1
LCONST A
3 Fake A !
—) GAB — GBA
LDB """ ] DB \
‘ Rec_B
I t
n]l;u GBA GAB

Figure 2. Structure diagram of sparse array wideband composite beam elimination network based on cyclic

adversarial consistency network
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Figure 3. CycleGAN structure diagram
[& 3. CycleGAN ZE#3[E]

BINPHARHGLIEHI B 68 D, D, , 405 T X 4 BHR O R B3 B4R {F ()} A R Ly A i 1 £
{G(X)} MM XRG: X >y and F:y - X .
CycleGAN 45 K R 3K R N:  Loss = Lossgy + LOSS,q, -

EARKY:
L0SSeay = Loan (G, Dy, X,Y )+ Loay (F, Dy Y, X) )
£GAN (G’ DY XY ) = EY~Puata(Y) |:|Og DY (y):| + EXNPdata(x) |:|Og (1_ DV (G (X)))i| (10)
Lo (F.DY. X) =B, [logDy (x)]+E,_, [log (1-Dy (F (y)))] (11)

HPTERIH R G: X - Y WHIRREE: minGmax D, Ly, (G,D,, X,Y) : TEBUEREF Y — X M HFF
BHUZ: minF max D,Lga (F,D,,Y,X) e
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Figure 4. CycleGAN loss function network structure

[& 4. CycleGAN 355k R 3 ] 4% 2544

X ® Y Cycle-consistency
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LOSSGay 12l A2 B3 1A B A AR, LOSSqe 12 i AR Fi HOA 5 3N KU AR ], P9 A8 AH D
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Kk, CycleGAN #i 2k bR K ) 52 42 (1 H AR R 0 «

L(G,F,Dy,Dy )= Lopy (G, Dy, X,Y )+ Lopy (F, Dy, Y, X )+ AL, (G, F) (13)
Horr, 2 EHIERA Abre S E 2, f)a st H iR AL
G',F :argg‘lpm%éﬁ(G,F,Dx,Dy) (14)

TEE A A DL AR, Y 8 471 5 7 - e ARS8 Y o T R A oy PR 38 R R e A 55 iy
DRI AT CASA FEAL SR JE A R R R b AN (5] XU TP, B 5 7T - RSBt TR AA 2 PR T B

KAFT PP A KA GRS . B et T Loy EH B/ IR B ARG BUALSR H b bR
HAE NGRS R INFRE . FIR, AT D UINZRd #2 B R 1) 7= A2, AR SCR A Shrivastava £ Hi ) 58
W& [24], 1ZAHSE B2 b)) 1z M [25].

FESEEH, W E T FE(13)H 4 =10, [ AL E ALK/ A Adam ARAL 38, BT X 289146 %% 2] #55 0.0002.

4. EW5 5
4.1 SKEHIESR

AR SCHEFE SDSS T H R AR 12 Hi%E 1) 2000 A2 R EGE N B KHE4E[26], ST VLA B3~
MU EAT 6 fRR LM VLA BCEFHAT B . IR RN VPN A SO 28 B, R AU I 7 A= 1) 512
x 512 K/ AN 512 x 512 KN R AR R Y UG AE Sy BRGNS TN A SR H 1) 0 28 AR AT YRl k.
5 S F B T IR R AR (R B £ 40 D 2 AN, 43 il FH TR I 2R 1500 5K EHGO AT -T-IA 500 5K
HEERO

5 JE7R T CASA BN ORI Tk G C. D IR GBS PG ARSI 5 . Bl 5 mT AL,
I ML IR BT T WA K ARk, A R I 28 SRR A A iR Ak, B 51 43 ) RN R AR BRI
BEM 51 & 7 BMGAR ERTS IS, 45— L8 R R 45 My AN e B2 5 YR 7= 28 B TR R AR i, BRI R A
JREE . ASCEAYIZR S5 IIER— 6 k54 L5888, FFLE Python3.8, pytorch1.8.1, CUDALL.0 #18i F
1217, WEINESHRE WL 3 .

Table 3. Network training parameters

% 3. MBS

m_epochs Ir init_gain input_nc m_epochs_decay

200 0.002 0.02 3 100

Kdi
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Figure 5. Dirty picture and model picture; (2) Model image and dirty
map of image C; (b) Model image and dirty map of image D

E 5 BESHERE; (a) B C WREEGRSHE; (b) Ef%D
HIR B E (& S BEE

4.2. EWERE S
S UNgr)a, RN O R R R AR R HEAT K, SRR R A 6 P

@ (b)

Figure 6. Image reconstruction results of the proposed algorithm; (a)
Elimination results of wideband composite beam effect in Figure C; (b)
Results of wideband beam effect elimination in Figure D

E 6. AXEZEEBRERLEGR; (a) C EIRTGBCKRYURIHERER;
(b) D BT & UK RIS R

R ML, W] LUE AT T A B 5 () MR AT g, 15 H i BB AE A5 B 5 IR AR A ]
BAEF AL XA IR BRI B T EEAR BRI E, JF HR I B IniE My B & I KA B A5 4
WbAN, A EIELE R SCHN SR I B 7 T R IS MR, eSS A 80 B AL 55 m R E 5 o

N T SRR AR SO A W B B B A1) B T S R RO I AT AT M, B 7 g T =R R SRR S
R G ERLE LT, FTERTEMERG C MARKGERTILENSERE, TR T
REE D WA B EA RIS R . () F1E7R T C. D PIlERA %5 (b) FEoR T2 BN C.
D WA REIERE; (c) FE7R T Hogbom MFS-CLEAN kKBS E 45 R, vl UE H— 28l B 1 AR
2115 B G, (HEMBE A U B E AR (d) FIfE7R T Clark MFS-CLEAN &% 1A
e g B, G SRR AR B Hogbom MFS-CLEAN %4f; (e) %14 Multi-Scale MFS-CLEAN %%
() G B R R, R AR B A M S M IR T TR I s (F) B R A SCRE MBS E 45 1,
FILAE H, AL 1) i RO R X T LR 7V TR B L1
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FER AL G S 30 S0 M i K 51 98 7 BRBOR BN B EAT L), Hogbom MFS-CLEAN SikAi
FHIZ 38 5%~ : niter = 10,000, hresshlod = 0.001, Cyclegain = 0.1, Cyclefactor = 1, Cyclesize =
0.larcsec. Clark MFS-CLEAN HiE IS 55 & 4> )~ : niter = 10,000, thresslod = 0.001, Cyclegain = 0.3,
Cyclefactor =3, Cyclesize = 0.1arcsec. Multi-Scale MFS-CLEAN %% 2 3% & 73 5 M- niter = 10,000,
threshold = 0.001, Cyclegain = 0, Cyclefactor = 3, Cyclesize = 0.1arcsec, J\JE# & A scales = [0, 3, 10,
30]. SEHEBM B — @R Lo X =R EUG A ROR, R I R EE R .

WAL, A T UEBIAR SCRIE I AT AT, S5 d e 18 P AR A A5 14 LL (PSNIR) A1 45 K4 AHABLEE (SSIM) 1 Dy
A JE R B VP R A

g EGEG Ny, ERENEE N g, BB/ mxn af#3 PSNR A1 SSIM 7331 4 :

-1
PSNR(y, ¥)=10log,, m (15)

(24,115 +c )(20 §+G)
(545 +¢,) (o707 +c,)
A N A TR BIOLARE, p o o BFR y By TS, o2, o2 4%y My M7,
o ey R B2, o =(KL)P, © = (kL) AT AERH N, L RER GG ERA G, 2
{8 AR5, PSNR A SSIM (R A 7 7 44 P8 5% B 7

BT BUEIC R T35 4 P SEIREER R, £t LIRPIE G C Fl D, ASCHEVETE B PSNR
1 SSIM {8 _E &S A & Tt .

SSIM(y, §)= (16)

Figure 7. Comparison results of several image reconstruction algorithms; (a) Original maps; (b) Dirty maps; (c) Hégbom; (d) Clark;
(e) MSclean; (f) Ours

B 7. LHEGEREELLRER; () RE; (b) BEE; (c) Hogbom; (d) Clark; (e) MSclean; (f) Ours

Table 4. Comparison of PSNR and SSIM values of different algorithms
= 4. NEEER PSNR 5 SSIM #{EELEE

Hoégbom MFS-CLEAN Clark MFS-CLEAN Multi-Scale MFS-CLEAN  Ours CycleGAN network

Test image
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
Image A 4.90 0.17 11.07 0.52 11.36 0.49 31.70 0.96
Image B 5.53 0.21 11.86 0.58 13.73 0.45 30.67 0.96
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SR SRR d T I R AN e AR, 2P EIRELR, FRERFES 58 AR I 2 A T R
IS, (R 98 5 AR R 0 5 B 5 32 21 PSF HSMR,  EA5 LIS 21 ) BB ™ SRR . AR ST 98
i G AL B —EAEM ], EAERGEMSREDHERERIERERE, SRR, Tk 2 kbs
B R X — W, ASCREH T AT CycleGAN FEAY [ i K 51 96 iy MR B e Uy 7. Jdid
RENEAS S 5] SEHUR BERE 1) 517 5 BRIV Bk 7T LASE N 2 3t 7 FH A S5 P R SC st

IR RRM], ARSI IRAE SRy 1R R B 8] A0 EE A SR 4 PR A5 A B 5 T SE A %8, T LS e
B SR AR R KR . M AR GERI 75, 120555 S e ) S A HE B 5 AT S A R RIS T, AT A
SO b AL S PR LT AR SR o XUELAT: 55 22 18] 1 S A5 5 A7 Bl AR 2R B A = 30 B B AR A 55 RO AT 55 22
[A] AR OG5 NI B B 47 (O SR RIOR

E&WE

B 5% F AR RH3E 42 (12273007, 11963003, 12242303), H/NEMRFEHFEREAA HHITH (B RS T4
ANA-YQK[2023]006), i 4 FAlitft 58 (5 S8R 7)1 H (B & £ ili-ZK[2022] — ik 143), B/ K225 & 1
H (5t KH: & [2020]76 5)-
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