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Abstract

In order to solve the problem of bandwidth smearing in low-frequency SKA imaging, a correction
method based on deep learning of bandwidth smearing effects is proposed in this paper. The me-
thod designs a correction model of bandwidth smearing effect, which uses the residual learning
mechanism to extract the characteristics of the bandwidth smearing effect carried by extragalactic
point sources in the low-frequency SKA observation signal to improve the correction result of
bandwidth smearing effect. Firstly, we need to simulate the bandwidth smearing effect image of
the extragalactic point sources in the low-frequency SKA observation, the electromagnetic inter-
ference noise is added and normalized to the simulated image, and then use the structure of deep
convolution layer and batch normalization layer in the correction model which extracts the
deep-level noise features of the image, and finally residual learning technology is used to reduce
the learning load of network and reconstruct the image. It is found that the deep learning method
has great correction performance with strong bandwidth smearing effect, good robustness and
portability.
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1. T4

5 N LA HLFE (Square Kilometre Array, SKA)Z7E & i Al K& LA s, E s ER
SHbRZ AT E B2 B AT BB IR IR (Epoch of Reionization, EOR). SKA 3@ id He 5 A A i i sz
X EOR (B 5 i HeR .. mshASVu BRI ARG, (H 58 AR BT s 11 %6 475 20 (bandwidth smearing)
% EOR {55 1 70 B8 S HE BUE Rl R 1 g o ZEER I I BT s 5w, B T R 5 (diffuse radiation) 2 4,
B o B S T8 S AT 41 AU (Extragalactic point source, Ptr), X6 gy 72 A AR ST #E 150 MHz &b 5Tk 1
ST RIS ~27%, B~ T 5 BN I BT SR Ay, RSN s RS AT SIS 5 1 T RS RS A
1IERCN T SKA PR 5E 5 1] [2].

TR R TG A P AR R e T I B W PG R R T, AR RSO G A BR A T A AT
PR R AR AR AR I P AR e R IR, 1 LR B B 5 A 37 R O B 8 KT N3 o ¥ U A O 1
%@ﬁﬁ,m%ﬁﬁ%W%—¢ﬁ$%§@ﬁ$,&%=%mo%ﬁﬁ%%W%Eﬁ4%§ﬁﬁﬁﬂﬁ
A NREDLREIS:, e A 2 [ A Y LA L ) b AT ) RO AT R 4 H VE R o K u, BRI
J:E‘Jii%%%?ﬁ?vv‘]% uv ABARIEAT AR AR A E AR e R AR AL i, AR RAE — AN AR S
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F{Vv (v—(’uv,v—ovvﬂ{lj h(lhlm] @)
v v vy Vo Vo

HATE:T EVLA BEmE Mm% RIGEARCNHTA, B2 06 BUsi% (Multi Frequency Synthesis
Imaging, MFS)Z57E N 1% 2 509%, W] DAYE— @ FEE LR VA 56 375 I fL e MFS UG B EFI 22671 uv
Bk, RIS R B A 8 R A R R B, TR B SR RS i ) B . AR,
VRIS AR Y UG P () A YR AE AT b A — AN (R 4], ORI EE A AT E R, B
AR N] WA ZH A A 5 D AR AR R L A8 £ R Al TR 5 A4 [3] o

T A BIE R LT (I IESE 3, A SCHIR IR B 2 ST B IE 7 T5 SKA WIS 5 171 58 4R 15 38508
B IE o B AT OB AT RSO UG AR PRI TR 2% 31 5 5 L an ) A= sl X Pt 2% (generative adversarial
networks, GAN)XT B8 EUGIHEATE 73 Wi e B fd, 7R BBl AR — 8 BRI 0L T 3R A B 2 Py 500 s i B
TR . 51 noR] FH 3 A PR e [ 2 s 23416 BLSE2 LIGO (Laser Interferometer Gravitational-wave Observa-
tory) 51 JJUAE 5 B AR iR T EAT R, T AE I SR AL T RS s R AR (5] A R B R A
W 28 %o L 22 R AR 3 (1 g e A4 1L DG TS B AT 2 SR AL BRG], AR HE T A R 4 s GRS 7 1 A E i 1
W2 DR S SRR AL 2 SR P RS BB 7 A B A7) IX e PR FE 2 ST AE RS MR sk )
—HERH], R EE TR EE S ST A SKA 5 SEIRT5 BN IE,  H BT SR AT 5T

A SCAY R FH BRI FEE A AR 22 X 28 7V AE 1T 6 Ui S8BT IE R S A b TAE R RE B DU R JLAMESS

1) FHAEFEECAT DAOCALAR AL

2) HERIYIZRTER, AN IR AR 215 A 1

3) MM ARG, BTH R, MATEZNAEMNESHIE2].

HH, FAVEH Tz SE BN AR F Bt m 7 W MERE, 4 n] DLEAT
HARMFREB PR, AR R IERSCR, XX FREwEEN R CRGE RS 2N HANE. AT
BRTR BE 2 2] FAE I IE RO AT VR, FRATEEAT T e B R, B AR, IR I IS,
FHMZATF AR bR AT IR S5 R AT 7 2% BUR i S A EL AT .

2. EEER

ERMEMEEHSERR

WEERMEMNEHRHINZ. BREZE. WE. 2EEZ. RS AHE. SRZEMLZ
WHEPEE T, BEREMMEETZE SN, B NERES — Mk EHERE N ERUES],
DAGIRHE . FEA I AR AR A 20 I 28 BT I, 28 B8 81 VAR P I 8% 235 4] 0 12 RGN RIS TR G, B DA T
J5 2 3 0 AE TR B I8 AR A IETERE LR A 5 RE . R MR B 4R 380 S B8 iok B2 v A T 4
MUZHGHAT IR, R&HER 20 2, NFEZHSGS Rk 1R,

Table 1. PSNR values of different training layers
1. FREIIZE% PSNR &

Layer 18 20 24

PSNR 45.1735 47.9847 47.7109

BRI T = 24K, 5—#84>: Conv (3*3*c*64)+ RelLU (c /AR E AIEE) N 1
Z, H 2 Conv (3*3*64*64)+BN+ReLU AN 18 )2, % —=#l4r: Conv(3*3*64) N 1ZE, XH
Mc=1CEREN1BIE. HEMBEINE 1R,
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Figure 1. Diagram of a convolutional neural network
1. ERWEMEREE

NGO ST RN B R . Herh Conv NERUZ, BRUZHA H IR EHUM A AN FRAE, 55—
JFERR ATRE R BESE I — LRI AFIE AnIL 2% . RN SE R0, T E 2 J2 1M B BE MARZURFE AR
FEHUE R (RFAE. BN U A0, 32 S50 AT bR I 2% U 2R RSO SRR Sde B2, 45 s P MR R B Lo
FEH O, Bk . ReLU NBOE KA Bol A Moo N T ARG, (MM 4% T UE R
EITAEATAR LN BRAL, AR LR 2% AT AR 2 AR 2 I AR R MR R v o e Jm — D AR BB E 2 ST 1,
R ZE 2], B i BEORUR P IR AR R BRI A I T MR, XS AR R A A e i A7 1
FRPERAR, I B5EE AR ERN, Bz 5] m] DL Bt & ) — L DU i b AR e fie . 72
PIZE N GRIERE,  E8 BE R I R0 7 AN i 5 SR b D5 K B B M T 1), R IS AN M 6, (45
W4 2 2 JOAN W ] rp o 2R bR B IME R DT TR A2 A, B RO R Rk B PSNR L ACRIIZRid R
TG RENE I, AR TR A RHER AL FACR, 38 PSNR B R RO BT .

3. BiEEMER W
3.1. HiEENE

3.1.1. BEERIE

FRAE AT 0O RS A TR S, PRI A SR RS AR, B LR RAIEUE TR . RS HE R
H, R FIEE OB RN R R, S AR S5 IR e R R AR B (0 R (LE AR LE A X IR ), 7
1.4 GHz AbHIS B ZhEE > 107 WHZ Yy SUSB IR A B S5 1T LA 5 AR B 45 0, 30 050k o ARYE S e
IRE, AT =B N E B A & (star-forming galaxy) f1i% 3 2 & % (Active Galactic Nucleus, AGN). [F]i}
AGN BTt — 2550 NZRER . AR KR (blazar). 5 H 7 (radio-quiet) AGN Z51-2K[2]. A T 4L H 717 98 ik
1ROV SR ) SR S, FRAREE T 158 MHz 48K T 10 mdy IS R, DM RS IEWT 5T

N T BB SKA AR BON IS, ASCRH T B AT SKAL-Low FEFIAT &5, X Fi ST
3 ENFR TR, R4 T RSB RN SKAL-Low ML EI5 . SKAL-Low T 51k 512 4
uh AR, B ALE 256 IR, At 131,072 MR 2], BESIAR R X a1 2 s

AN T A AR AL 44 B T Wilmanetal. 2008 [10]4F % SKA BT A4 5, AT #5245 17
A BRI AR 45 R, FEAE 150 MHz 31| 166 MHz Sl 2 18] E47 06 7 AR A5 2B AG 7 58 4R 2800 1) m s
B BT ESAUS BN A SRR B, ] 3 BiaR, SRJE 8 OSKAR [L1130 P BLA0L A3 5K R P& i) mT L g
B, FrEEN 6 h[12]. WA KB F0 8 T (RA., Dec.) = (0°, —27°), K NiZ A ST SKAL-Low )
R, 2T R ) FAR £ . FrbL, fE—K 6 h BUBLHILME AR, H K B ) A0 iR s £
(Hourangle)ya FEl [-3 h, 3 h] [2] [13]-

wiE 4 pos, RS EIE SKAL-Low MBS, Z B N7 Prr BUR, 4 BEIAERA 56 IRTE 8N
Ptr & . FET SEIRT5 R, BB 200 IR DL RS & 1 id% 52 I IS4 22 A R (A i s, (6 7 R
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SkE/Credit: Dewdney & Braun 2016 [9]

Figure 2. The layout configuration of stations in the central area (radius R < 1700 m), including the 224 randomly distributed
stations in the core area (R <500 m) and another 12 station clusters outside the core area

2. R (HEE R<1700 MMt R E, B1E 224 PNHEHL S HEZ O XIE(R < 500 m)Aguh =, AR 12 N2 HE
Pl Xig <z Sk s

Figure 3. Simulate sky map of Ptr at 158 MHz
[ 3. Ptr 7£ 158 MHz ARHIAK E
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(b)
Figure 4. (a) Narrowband Ptr image; (b) Ptr image with bandwidth smearing
[ 4. (2) B Ptr Bg; (b) wI&S Ptr B

312 BEiEESIH—

N Y TG HOBAD R () HL R T A B LI A 52, AT vEERTS Ptr Bl SRIEAT 1 1 G S AL
B, MEORIE S S B B R I SHE, BB SRR B R A M IR RS, 752 SRS P B
R R E AT GETE, RIS MBI ETHE Y, WG 2 B R EIZ T RBERE14], ZEEGY
SO X 0B R R TR RS O PR MR R X . HE L, A SEIRTS Ptr USRI T T N 6 =107
B, DR SE RS BB AN TR S 2 s, SR ERTS Prr BHRRE A 2 H IR T S A B B
BEOULIRCR, WA 3 9m OR W14 5 Fos

Figure 5. Ptr image with bandwidth smearing and Gaussian noise
B 5. WEARITEHME Pr %

BIRZ T G BRI A 1 b PR A5 R S I T i BRSRAUR S 5 I SR O, (HZ PR D s R AR
F 73 AR A R AR AN BRI R BB Z B, BAR S RN A7 A2 G ERTIE AR, (85 R0C fits BHR A
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K, SENEYEREA R LA BINZRACR  EFXX ARG, AT BAE AT RO — AL AL, T 22 A
T NER AR R R, XTI ZRE IR B TR ORI T USRI B R AR A E AR B TR B
PTG USSR T o A e s AL B FE A T B K AME A — Ak g, AR
X - Xmin

X orm Zm 2
AR@)T, X BT JGIME R, X NREEIE, X o v X 208 FGEEE 5 10 55O E R i
AME . e, BT AR AN A BRI A AR B T IIREE S, FIIIAREE S, - WIZREES, : 100 5K fits
PG I e A, TR Sy ¢ 10 5K fits IR B A AR A

3.2. VM IeFRIENL

TN IER R R SE PR AR, WREE S AW, KL BUMBEGREF N e R, FEG
Fifi ¢ {7 Lt (Peak Signal to Noise Ratio, PSNR). 2% #4)#H L4 (Structural Similarity, SSIM), X # /M E45 /2
FRTT 2 R R AR o S VPR 4R r -

gtnE gy, FIEREEBN Y, BB mxn {3

WP 5 e L«
PSNR(y, §) =10l -y ®)
) = 0 10 R porm 7. AN
y.§ 9 SE (y.5)
SERARADMA:
2p, 115 +6,)(20,,
ssuv|(y,9):< bty +6)(29 +¢2) @)

(,uilué +c1)(a§a§ +c2)

ARG, n REARIEMILRE. AR@) T, w2y BFME, p 20y THHE, o) &y Mi%,
oL Y M E, oy MY I ¢ = (kL) ¢ = (kL) RARERRENER. LREGER
EREIATEHE . k =0.01k, =0.03 . fE—fAIEEALEAESH, PSNR{EBRK, SSIM fHEK, FMIE
F AR, T MR b AR SR R R BT

3.3. SEHSHR

3.3.1. ETEFMEMEHT TR SH I IEIZR

GREAR IS AR, JE TR AR B M BRI 25 A, UG IR BE W B — AR B 1) 20 )2,
Learning Rate # & 4 0.001, Batch Size &y 128, Il i FE#E4: 1 50 A& A Wil 6 fizs, 45 H T JI1Z% PSNR
fE PSNR, I ZRti I8 L, b CDAE IZhid FEMI AL WIZRURAA L, FFEE T e, JEZWifee, &
MEIER] T 3.16x107%, [T IZE PSNR {8 PSNR, Fa g 80, e KALIE 47.9847, 6 H VR L AR b e A Y
MRS RAF, &A RIS

IZREE RAIIRE S ST ZREE B, AT IR 1 B 5 s R AR (AR ) i is BB, A T B R
IERCR, WA T WIS SRR IE R A, TR R F TP R e P A ORI e

3.3.2. MIASLILER

P S8 $8 F F)— SRR 6, AIE T B AL B RS A1 [ — k. FoATIRI A 10 3K fits SO 2R f 48
VR XTER I3 25 ST HEAT T R IEMIRR, FFEHL T P4 A (613, 911) B (690, 755) sit (55 1145 S 1545 %5 ik ¥
Ptr BV I0 BE SEAT T AR b, G 7 . AT A, A 28 I 2 6 T A VR 5 IF A 75K
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Figure 6. (a) Loss value change; (b) PSNR value change
6. (a) Loss B L; (b) PSNR EZ1L

© (d)

Figure 7. (a) Ptr image with bandwidth smearing at point A; (b) Correction result of deep learning at point A; (c) Ptr image
with bandwidth smearing at point B; (d) Correction result of deep learning at point B

7. (a) WEAIT P A SE%G; (b) ARREFEIFESER; () wRIKSPr B SE%; (d) B RREFIH
EE4ER

Table 2. Comparison of evaluation indexes

= 2. W HErRXTEE

Index Ptr Image with Bandwidth Smearing CNN Correction (layer_20)
PSNR 21.0141 40.4470
SSIM 0.8201 0.9467
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MPEM AR IRATAT UG 1, B4 N2 1 PSNR “FEXME L 1E AT 42 52 19.4329, SSIM “F¥MH
ELHFIERTHEE2 0.1266. MEIFRRTDAE H, IR FE2E SR IE 7 VRS AR AT DS R UF AR IEROR, %57 1E
gEREIn T AW EG, R HBEAYIE R E AL, kBT R ER v A R AR 4

4. #hig

ASTAT FH AR B 25 2] 758 T 6P Ak s R B S B I, SR T SR g, AR T R
AR, RS TAERT AT S M E S, BREEARTRPES . Bl - AhEy . JHEiE
LA K EOR 15 5 BT B B4 W 2% (71 58 iRi5 R IEWE 70, B S8 8 H 35 (H R R T MFS, STACK.
SW-MFCLEAN %5 5 R FE 2% 2] JE AT LT T, o] LIRS R PR 2 0 25 25 46 3R AT SE AP IR 2, (07 IR
BIFELFRIRBOR, A — /N R S5 R 405 7] LA 7R 15 58 0 B

E&WmE

X B R B2 4 (11963003) , SKA % T % Bl (2020SKA0110300) , K E SR R
(2018YFA0404602), i K= 5]k NAFHH LG (51 R AFEG7(2018)60 5), i M K2R E W H (51 K5
H[2020]76 5).
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