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Abstract

Sparse arrays have many advantages, such as lower cost-effectiveness, lower mutual interference,
and strong flexibility. However, the sparseness of antennas also brings about a series of problems:
resolution limitations, field of view distortion, large side lobes, etc. These problems can cause a
series of effects during observation. In order to eliminate the impact of these effects on observa-
tions to the greatest extent, this paper chooses the deep learning method to reconstruct dirty im-
ages with effects. This article adds a self-attention mechanism to the generator of the CycleGAN
network to eliminate the effect. The improved SACGAN consists of ResNet with a self-attention
module and the discriminator PatchGAN. The former is used to extract detailed features in the
original image to generate fake pictures. The main task of the latter is to distinguish whether the
picture is a generated picture or not. The experiment used 250 sky model images, with 3 images
using VLA.A modified array configuration and with only 6 antennas being used to simulate obser-
vation. There are 750 images in total. 600 are used for training and 150 for testing. The test re-
sults show that the PSNR and SSIM of the reconstructed image reached 36.6636 and 0.472 respec-
tively. The results show that the deep learning network used in this article can restore well dirty
images observed using random models, plays a good role in eliminating the effects of dirty images,
and can better restore original celestial body images.
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2. xR

2.1. Cycle-Consistent Adversarial Networks

2017 4, Jun-Yan Zhu % A3 H 7 —Fh GAN 4%, Fx Ky Cycle-Consistent Adversarial Networks, f&ifi
CycleGAN. ZMZ& itk 1148 GAN MZEAERAT BB RN I TIENZRII L. 1Z M2 DI 25 A 75 22 BB IS
X, RFRERANAE EGIS N B E R, RIRATEE ——XI . CycleGAN {14 B #s AT LLAZ Unet LA
Je Resnet PIF 2 AH B 546, FnI 28R A 1 AT T4 1) — b PatchGAN 4544 : 14514 73 KA R T3
MR, R BRI /N B “H T (Patch)iEAT 402K, ORI, X —HUN X0 — AN E 1
BT, FERX — PRI AT el o028, F R 2 R T ] EUR . T T BB
DX SR, B RS DL e, SR R B R T 4T . JF H PatchGAN 1) LAE T U ffi#3
FLAE R AT TH RERSHEAT B = PO I FIT, 2 —MrE 2% . CycleGAN £ 1) 3= 5 RELAR I of oy o 1]
BIFAS R BUR AT WU B ST, A2 i 3 A (1) UG RS e e B4 B IR RUAS, [T 5 Rl LB B UG
() B A e [l 4 Ao AR I A St A o A s MR 5 T 5 R 2 e DA S ) ) i v 22 ) B /AN o

2.2. Self-Attention

2017 4, Vaswani % N IR T —Fh 28 48K Transformer [13], %M 28448 F 7 Vaswani 25 A\
BT 1 —Fh B = I HLH (Self-Attention) o ML %0 N2, BE U VR Y B3 2 2] 7 51 5l 15
H AN R B 2 R DR . FOd T RN e 3 5 A G 3R M ORI, AT X R AN o &
SYBCAN I o AL FO VA AR AL AN (150 K B 2 R B DR FEAR DS B 2R, DUk g
PR . FERE INLHIZE NLP 5 CV SR 43T iz 76 NLP 51, e R TR g 5ok 11 5 A
A, 40 BERT 5 ChatGPT S5 207518 & 808 . /e tH SN, B ER LB 72 G 5
o X GARI . EURAE R ULB ER o BSR4 b, YR B IHLH A S R PR T B — RS B, i aT
T2 HEHERE . Glunsck s BHR(E BRE KT ERSAE%.

3. XFE

N T A AR R A W I SR R A7 TS B /b, AR T — R B 4% SACGAN. 1M 26 H
VEE 1ML (Self-Attention) il & 2] CycleGAN P45 (1) 4= pli#s 2+ . CycleGAN 4% (1) 4E Rl a4 B 7E 2% > H5K
LR B o3 AR FEARYE A sk A U IR e FE S LI AT DO G R e 3R 5 R e A AT R
B, T 5 850 5 i s i P58 1) T B e B RS i PO 81 i s PR R B AN S B, RSB T Self-Attention
5 CycleGAN [fJfli & . SACGAN 2% 48Ky B AR UK [ 1]~ . SACGAN J&%:T CycleGAN Bk % 1%
TN, AR AR PR 3G T R R T P ) v

3.1. SACGAN £

SACGAN & —FiEZEm s, xtEUR M mia E @A 5 RPN o ZMG S A WA — =~
K508 A B3 B IR B KUK 94 8% A2B (Generator A2B), 7 — /N G I B 40 [m] 2 {535, A
K R AE B 2% B2A (Generator B2A), BN s L TAE AR itk g . A= s i, BTN AT (HidsiE
Resnet P48 45 M AT B3, K5 FERR Y SARnet, LMW 1 s, M HPA T RIEZE. 9 MkZE
P I FRAEZ, BEEERE JI(Self-Attention) J2 LA IZH . 1 N ZSFEAE SE 1Y) ResNet [14] 0 2% Bk |
FINT BERIHUS], X — Sk A 8 48 2 58 47 AR 4 IR 2 P 0 ORI R A SR R AE o I LA R A4 I
S JEEET /> GAN W45 [ JE A, SE 47 F 3R 4 UG RRAE 2 1] P SR TR LA B 4 o 1 B 0% DR v v A= 1l e
A BRI R, SRR R T M PERE .
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N BRI 4 R BARRHIE, JF BT R% H /N A BRE, X845 SARnet AH LG J545 ResNET B REARFE /K
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WAy, BEEA RN AR EENEIE, X TR BT RE A 1) G RS R A R A

SACGAN k28 E iyt ] 2 Fim o 721 2 v, Input A SAAd FH % 25 15 8L HEAT RS0 000 22 J o T
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Fdh, TR ETVR MG R ZIR . AR B R ZE RN A Rk R, e
(L) FroR:
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A, GRS, F WA RS AR R B A R s A R TIREIE, P, (A) J9% A E B HichE 73
A, BONIIE . WE R BT I, 5 R BIA SRR R 2, BA I T LeakyRELU BRI NI 25 I
PR, LeakyRELU PR RELU BREUHLE, HafEf A /N T O MUt ise it — M REARE /NS,
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R, UL LeakyRELU BRI 35U1E Ay 00 45 1 0T ok 4o
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Figure 1. SARnet network structure
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Figure 2. SACGAN structure diagram
[ 2. SACGAN #5495
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IR 28 [ 453 2% 2R 5 (L oss function) 77 T f# A 7 GAN W28 JukR () 5 B 453 2% (Adversarial Loss). %45 2% B %L
F A s 5 0 o8 2 T R TN SR 45025 BRI E A2 S AE A A2 G S0 BEUR LA B 0 3 25 o T4
FAE G IRk, B Rk Q) FR:

L(D,G)=-E , [Iog D(G(y))] (2)

Horf, By o) WERERBIEAA, G()FRARIEML%, DO,
% , HF%M%DWH?&%,ﬁ%ﬁ%ﬁﬁﬁﬁmﬁﬁ:

£ (D.6)=-,.,,, [09D(X]]-E, 5., [08(1-D(6 ()] ®

Ho, B, o0 RWESLEGIOBIES T, Byp,, ) AEREBEEIE 25, GO)FREMEEMES, D()
%%i%¥U%U%§F]é§ WX PR, GAN F]%%‘TkLUH,ﬁtHﬁE@%éEﬁEﬂ%Ei%ﬁﬁEE@éEﬁﬁ%%, R T A i A2k
RUREE AT — B, AT RENS 5 00 2% S RENS 58 s A I BB AE 55

3.2. Self-Attention

A VEAR A B IR IR ) S A %AEE%ﬁM%afﬁ%Eﬁﬂ%mﬁ%Lﬁﬁ
W2 (RS RE /7, BE 61 HL SE 4y 1 A B AR 2% e LU e v BRI O o AR SC PP i F K R A o
T EENLIN ) RS, A R B AT IR B TR B AL A R (14 6 wm,&gﬁMM
DB 22 B RKIBRAR . BEER L] 51N BENS K I 25 B 06 50 253 T2 MR b AN 7). B B ok &
T BEABG 2T, HRAENE X NN RNV AR . IFH, BRI RENS A BT 90 2% 5 4 R
BN, SRR R R AR — k.

AT RYL,  ETER PR RS — R NS BE LRGN R SR T ik, e S A W0 2 5 A\ Bt (1 I
rh TUHERMRIER > o TR 2 B P S AR A R B, A0 RAE ] — B AT, AR A
MBI AT IR R R ERT . IR SIAER VLRI, £ RBIRE RS, MEALRET
Xt EEREHAT IR, SR RENE X o R B R B N E M . EER B AL A\ A
R A DO B AL B TR, TR TR A TSR AL, IO E R IRE, RJEXTR
BEATIBORAN .
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Figure 3. Picture of self-attention structure
3. Self-Attention £5#3 &
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Hfr () =W, #x, g(x)=W,*x, XFAMEAKIE atention g, :softmax(f(xi ) 9(x )) I E= )
s
g, =00
>exp(s )
By RAE | CLER AR j X RBCE, NOARHEMLER, K h T attention F R332 TVER )
JE AR 0= (0,,0,,++,0;,++,0, ) « RE)AH T o) :

0, =v(ZiN:1,BJ.Yih(xi )) h(% ) =W,X;, V(%) =W, (5)

PAE Wi Woo Wi B2 1x 1 BERL, B B 02 B0 46 R A — A R BUS nT A4S 2 e 2% H 1Y)
iR W TASAESS RUL, BRGS0 A2 AR 55 BRI, A AT ik, o B
HERAESHHERKBAED.

4, SCIGERSY
4.1. SERBHRETNEE

JEHIFR AR Z A, BERT DA% (8 0 A 7 A s R S5 REIE, ] DL IR SCR AR 25, il &
kR . ORBH R RARSE . — ek, WA %, FRATIEA SOOI —Ff B — YR, TR — A
(VRS 23 2 I o A ST ASE A 1) 536 T B9 CASA RS A4, (Common Astronomy Software Applications),
fHH T 250 ANAS[E] )R ZS AR B (IR 65 . 7ERZRILE b, FAVEH T VLA A BLE I HE
B BHREEIEC 6 H),  DLRBALIA B 51 B Bl . SEEe AL E 1 3 hlcE, IKIERT . 3
TRASAUILIN B, 3t 750 SKE o K BT EAE V) 2 AN 43 (8 600 TR IEEIVE Nl 2R g BUG AT,
i 150 Sk AT EVE IR AL BT o ARRFT S IR ITE R — G RS 88 L 5E i, MRS #FLE N Xeon(R)
Platinum 8255C 4t ¥ % L}z —Ht NVIDIA GeForce RTX 2080ti i, 7£ python3.8 ¥£1% 1 ] 1.11.0Pytorch
HEZE 5 CUDA 11.3 5.

IREES ISR RS E R SE, RS R PP S BT R, R
WHBIE GG —HS . B RSRTENZR IS R T #2% Hdk 4T dropout, 32 B A& 38 = I 2R i
AR Wi b4 . BT A bias BB N 0, FHINZHEICR /) batch (U E 9 1, 1X 2R T 5 4FIAE I 2 52 2
IR AR PIRBELTT . I ZRi%ARIREL epoch BEE N 150 WK, RALESEH Adam ik #4725k,
)R AR BCE Y 0.0002.

4.2. EREREIFM

T EBIREES, HARS H iR 24 Fmr ik m s R, ERIRGN. smERE. T
BERIFN RS, A LU AR =R fabr:

1) PSNR

WA A5 M LU (PSNIR) 22 — AN TP B E I S48 hs, 148 hs I 200 SE T BUR h A2 E R
WS AR . OB E K EUR 2 M B3 TR 22, S5 R RN IR BRI &R e, B dB. %k
@) Frr .

, wheres, ; = f(x, ) g(x) (4)

(6)

2
PSNR =10-log,, [Mj

MSE
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2) SSIM

SERIFALLE (SSIM) 2 —Fhsr &% e BB 2 052 . ST ELEMEE s B EG R EE R 7. W AT
W, eI E TR EUR SR SRR Sh AR UL R Sk A I B R AR . SSIM B A T -1
51 28, @i 1 ZonEGRERL . %A% o E ERG R ENERIENR, R NZTERE
RE Al 2 21 AR X PG 5 = 1) RS2 o 0 s =R (7)o

(21,1, +C,)(20,, +C,)
(yxz +,u§ +C1)(Gf +0'§ +C2)

SSIM(x,y)= Y]
3) MS-SSIM
FERIAR AR W R, ARG T 2 RS M AL (MS-SSIME A 2 & G5 &= 1 771
BITVE RS G (SSIM) T, 518 T 2 R NI Ei MR A . oo Skt R o o 2 A REZ )
TEUE, REHHEEN BRI SSIM, &5 X HLEA K, 1533 MS-SSIM 734, MS-SSIM T
R, RENE T (1) S Bl BB AEAN IR RUBE N R 25 G AEABLEE
5. SKIGLER
7 THD 280 FR) A 2803 B B e T IR 2% R PR R SR . RSO T AR 4% 5 SACGAN BEAT S 36 % EE »
CycleGAN %% Pix2pix M5 LA L4t CLEAN 573k, ¢ 145t T AL J LRI IR A s . IR h2E
ALAEH, ASCHTHEH I SACGAN A i) PSNR 18 38.09 LK & 4E IFI U 0.57, X3 T RUFH)
RR . EHABTTTH, SACGAN (L& I ZRIS [ 28 5 HR I 4, SO IIZREAS 3162k 6 /N 48 734t
TN i R R I G BE 1 26.64% . ANiEXT T-EUR IR VERERIFR T, UIZRIN B 3 0 5 42 w] DI 3Z
Table 1. Comparison of results of different algorithms for test objects
= 1. FRIEEX TR R AL RELER
SACGAN Cycle GAN Pix2pix Clean-100 niter Clean-1000 niter
PSNR  48.091056943709273 33.0193785791313565 27.63383318589552 10.904064621983185 15.252817906385076
SSIM  0.8811136793109429 0.5720916790613254 0.41461548520318464 0.1903370327306553 0.2976740146310175
MS-SSIM  0.8871046753142129 0.53204987691972422 0.41895979078747872 0.2012561211457133 0.2985831098871421
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Figure 4. Visualization of different network results
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Figure 5. Comparison between SACGAN restored image and original
image. The left side shows the SACGAN restored image, and the right
side shows the original sky image

5. SACGAN k8 Bl 5 R E& itk . 2184 SACGAN 1 & E %,
AR R=EG

M5 Haf PUR I, SACGAN X T E 2RI E A RIFIIRCR, EX IREREIRE H, AT LRI
TE X 5 FE A GO v IR IR ER AR T B T AR L (P 52 R M 5 TH W] LA AR SO i tH 43 2] SACGAN 54
S B R S AT 45 T R o T LA EE T2 48 HogbomCLEAN LA & MS-CLEAN 25581k, AU H
[ R 25 AR I HH T B IO R MR

6. &I

X 005 1 2 1 0t Sk ) A7 T 2502 PR BARAE R SR U A R B B2, e H RN 1 ER
BT A (RN IR AT SIS M (B R . AR RAKIRAE(E I LA CLEAN SR MRS RS, Hib T
HXT IR AU RS, SRR Le GO0 T AR B NE B Bt 3% . ARSCHET GAN WIZR IR 1 — Mg L i 2%
SACGAN, 4 Ho i FH T~ 07 T 80 (R Bk o PR R P B VR oL, (A T 4 I R A A R AF PR RE
SLUG S5 RARHT, A BB TR G SE A AR B2 2 ST W 4%, A SO LK) SACGAN T B 5k 1k 5277 THI A
PR e R 5 B D5 T A 75 HH BRI, RE s B 4 ARSI U0 m g SR 1 7 T 2880 1 7 B o

EE U H
[ 2% 4R B4 4 (12273007, 11963003, 12242303), Hi/HA A HFERE AA R H (B EATF 6

AA=YQK [2023] 006), 544 Fealitft 78 (H AR #) 1 H (B RHS B fili-ZK [2022] — Mk 143), S/ KZEHE
T H (5t K85 H[2020] 76 5).
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