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Guo Yiming

Abstract This study proposes a generative adversarial network (GAN) based on bidirectional multi-scale feature fusion to
reconstruct target celestial images captured by various ground-based telescopes, which are influenced by atmospheric
turbulence. This approach first constructs a dataset for network training by convolving a long-exposure atmospheric
turbulence degradation model with clear images and then validates the network’s performance on a simulated turbulence
image dataset. Furthermore, images of the International Space Station collected by the Munin ground-based telescope
(Cassegrain-type telescope) that were influenced by atmospheric turbulence are included in this study. These images were
sent to the proposed neural network model for testing. Different image restoration assessment shows that the proposed
network has a good real-time performance and can produce restoration results within 0.5 s, which is more than 10 times
faster than standard nonneural network restoration approaches; the peak signal to noise ratio (PSNR) is improved by 2 dB—
3 dB, and structural similarity (SSIM) is enhanced by 9.3%. Simultaneously, the proposed network has a pretty good
restoration impact on degraded images that are influenced by real turbulence.

Key words bidirectional multi-scale feature fusion; neural network; atmospheric turbulence degraded model; blind restoration

1 # . EAKKRSERNEETB, RAEE A
= R AR, LA SR R A B s, HEE ST E L2
— B RAK 3 e M 3 R A KRR R AR TEAT ORI M BR RS I B I, Hb 3 2 S R A% BE R KRR

Wim HES: 2021-09-09; f&E HHEF. 2021-09-17; FHHEH. 2021-09-27
BEEWH.: HEAKPEEE4(91752103)
BIS1EE: xqwu@aiofm. ac. cn

2201001-1


https://dx.doi.org/10.3788/LOP202259.2201001
mailto:E-mail:xqwu@aiofm.ac.cn
mailto:E-mail:xqwu@aiofm.ac.cn

o H T Ml 3k OR AU W B R 20, 25 ) H AR K Y
G2k 28 b BRI, R AU U D 4 R B, D T B B
G107/ R R 7 N G TTINT (1) B B 7/ 11 N1 TS = 0 ey
] AR 04 4 52 0 2 UG L X 43 9% 238 1Y 52 el S 1
R R SCHE T 5 o B R Sl AR
0.1~0. 2 m iy B B3 1 70 HE R o Br A2 0l 3t 5 B
B TG 0 UL B8 T, 2 250 B R A it X H AR R
RIS o A% G gk TR D7 125 2 7 Hb Bk B J0E 455 v 22 % 3
NG (AO) R GE, B 32 BR T I H A4 J8% A% X 9 i it 0
HI I S BLRE 71, LA K 38 24 5 iR A % 19 28 P R 02 o B
MRS 1, X L BT AT LA A TE AR 25 .
7 S B T R A BREOR R #E — 24 = o B L TR
20 22 60 AR AR 9T, 300 4 AR i S Bl T i Ui AR AR IR
M, 19704F , Labeyrie'™ $ tH —F 5 £+ 5 I 5
Tk ZTJT RSN T R RO MR B A% B T
AHAL 3G B9 453 2, 6 1B A R 1Y 2 IR RO T AN 4F . 1978
4 Fienup M #f T Gerchberg-Saxton 8 7% , i FH & HL
I 742 g 5 A L I 506 7T e R AT A8 B 1 A B R 6 4
5% R R R A 2 A AR SR L . 1990
A, Primot % B T —Fh R g B AU IR R R
V18 2o e A R AR 0 SRULHT AR B, L 25 R A B A P
(CPSS RN oy AN -0l = Pl VA e S WIUK S
1988 4F, Ayers 4584 T —Fh & T BTG 1% AR B AR
BT PR IBD 5k o AR ARk AT
iz W% 55 Ml The Additive System of Photographic
Exposure(APEX) & JFiik' ",

SR B 2 AR IR R AR R A I 5 BB A5
BVE X SRR BORE U AN Y 52 AR, B S I M A
2, — Ml EARD 2R TR DL B BE 58 N 2 [A] H bR
4 3B Ak L DI A I X AR O %) O A 55 I, 1
JE SIS B EEOR o ARk B TR 2 ) M OR B ik
TE G AL PG5 18 Bz 1, e G 2 TR A B 2 0
25 TE R R S8 UG RS T 3 A0 MOk B2
WFE 3 TF IR VR 2 27 2 i 1 31 R i it 1 A 181 45 4k 3
55 . 2019 48, 3 [ A 1) 307 46 2 e £ 22 A
BA A Sy i O AR A RS A A 25 25 BB [] B 4 25 %
SER DAL AR 7 A ) RS R A 2 I 285 3 ] 3] 30T T O B
it UL 1R Ak R &2 D, A — 8 R JRUR . 2020 4R
A /NI AR B ) Y OL O3 A5 B 3k 47 25 [8) B b i
M, PEAER 2 Chen % & H T 454 UNET MR JE A
2t B 45 1 225 1) 208 A5 Y 2 AR X R A it 1B Ak 1 &5 (]
Hbr 475 & I ab 31, {5 iy T 00 4 48 A i BA X 43 2
& AT TR A 3, LIS BE 58 20 4 BOAS [a) 58 32 19 i
iR AL FRAE

PRI, A SCHR M — F 56 7 0] 22 KBS R AIE fil A5 1Y)
Az R BT 2% o R P S 381 s Y 1) 2% Ak BRATL D L R 22 R
AT it AR Ak I AZ R S B e 4 H bR RS AE S i A 26 A
2% | 38 2o 19 4 v R e) 22 RUBBE AR AR Rl AL A oS R A 1R R
AR 2 5 AIE 15 e J2 5 E 23 S0l R A AT A5 B, [R] i) i A2

$59% £ 2208/2022 F 11 A/HAERBFEHE
M A T R A AR ) 2 ROEE R AR Al A, 3R B
AT DK B e ) kR B2, DA 2 o) T OC TE R
%o B SR BRI R 25 18] H bR EUE BT R 4%
il 1 5% AU Y TN A AL AR Sy 32 I 4% ) 8% 4 2 I
(B AR A # o, — eSS 7E 0.5 s N H 25 2R o PRIk T 42 )
2650 23 18] H A It R 52 D 2 A o g S s Pk o [ s
2 I MG S IV 48 b 2 B, BT B8 i 28 ) 4 A 8 i T
P L SE 5 (8] H b die O 1B Ak BGRB8 AT SR
52 H bR R AR B  1 2 AT 6] sk ] DU %R
Al B v A Y R G R AT — o R R A
2 iR Ak EE
2.1 miRBHEGEDR

AR ZHGOT , o] LIRSS SR 2 (2, y)
HAZ REMARAS M . Al K i iR e o
Y J 2 IR LR ME AN AR R 4, I B R it T R b A 0 T
eS|

glx,y)=nhlx,y)* (x,y)+n(x,y), (1)

K« REEH ;5 g(x, y) A KA iR L5 K
185/ Ca, y) IRIIR S s (e, y ) RREE NP M s — i fiff
JH =5 107 e 7 ok R o

2 BUAR FR G O B[R] Gk JULRD B L AP R,
PR A8 S R — A B ) P 445, B Oy K B Ol K i
TR AL G, HAR 3 pR T R

{3.44 m)J
H(u,v)=c¢e | N

o JoE o P AR F4 T 2R B
AAEMWKMEE; R KSHTRE, Y4i=

5/6
saa X)Lk e

)
NN

H(u,v)ze Mv,—jmiﬂ“o (3)

JIT LA, B 8 KA T iR A R GE AT DL — A
Wy oA, R SRAE T RS it 1B Ak AR AL Hh i i U 5 R
FSRS
2.2 KRS

M T REEEFEMEIYERREASSZB KR
it VAL 52 W), TT AR A B840 A 48 o T e 2 B e A 4 A 5
— B REOGF R B AE s T i A [F AR5 TR
Y 2 B H AR BSOS SCBCHR 48 1 5 46 AR 2 34 R
H Hubble B [, 21 500 5K , B A RS 2424 600 X600
BER. BREST LR KB KR BH BiEE R
e N S B N

fH i F 1A A Hubble B M (https://esahubble.
org/images/ ) 4k B 1) B 45 £ B0, F H] albumentations
B 3 s R bR B RO AT BE AL BY B TS
A A e, SEAR ) 2000 5K 18] J o TR A X sk 2R 5] 4y

2201001-2


https://esahubble.org/images/
https://esahubble.org/images/

$£59% F228/2022F 11 B/HXEXETEHE

1 Hubble B [T i H AR KA 4
Fig. 1 Downloaded target celestial images from Hubble official website
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Fig. 2 Degraded images of simulated target celestial bodies subjected to atmospheric turbulence with different intensities. (a) Degraded

images when £=0. 001; (b) degraded images when £=0. 0025; (¢) degraded images when £=0. 005
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Fig. 3 Generative adversarial network
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Fig. 4 Multi-scale feature fusion
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Fig. 8 Comparison of restoration effects of different algorithms on simulated atmospheric turbulence images under 4=0.005.
(a) Degraded images when the additive noise mean is 0, and the variance is 0. 001; (b) SGL algorithm; (¢) CLEAR algorithm;
(d) IBD algorithm; (e) DNCNN algorithm; (f) Bm{fGAN

4.4 MXFEXLAXSHREZMAZEE B

I T R 24 00 L SR A Tt R AR TR R 2
JEA5CSR, SEBR AR BT Munin i 35 B2 8 B8 6 [ B 25 (0] u
(ISS) iy Wil 14 1%, Munin #5828 0 5% 5 82 & #00E
E 12 Br 78 o Munin 282 8% B 4428 80 cm, £ A 8 m,
B R A4 H I 20104 6 A 28 H , MR h & H LY

KAWL o W 32 ST it I 52 ) A [ P s () ol PR 26 A
1) 90 245 1 H At X6 BB o A0t O 3 0k R AN G
B EAR AT VAR S5 RN 13 R o BARAR 15 4R
AR 1R,

i e AR =B 0 AT G A SR AT PR, 45
F20 . SGL & "5 CLEAR 8 3%t 52 ik i 1B fk 5%

2201001-7



#59% F22H/2022 F 11 B/ ENEFREHE

(e

B9 k=0.0025 B , A i) 332 X A5 400 Rt T A 1 A S A8 R X e o Ca) i P MR 75 34 4H 5 O 224 0. 001 B IR R E1S:
(b)SGL# 5 (c)CLEAR# 5 () IBD 8% ; (e )DNCNN . 1 ; (1) BmffGAN

Fig. 9 Comparison of restoration effects of different algorithms on simulated atmospheric turbulence images under 2=0.0025.

(a) Degraded images when the additive noise mean is 0, and the variance is 0. 001; (b) SGL algorithm; (¢) CLEAR algorithm;
(d) IBD algorithm; (e) DNCNN algorithm; (f) Bm{fGAN
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Fig. 10 Comparison of restoration effects of different algorithms on simulated atmospheric turbulence images under £/=0.001.

(a) Degraded images when the additive noise mean is 0, and the variance is 0. 001; (b) SGL algorithm; (¢) CLEAR algorithm;
(d) IBD algorithm; (e) DNCNN algorithm; (f) Bm{fGAN
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Fig 11 Evaluation indexes of different algorithms for restoration of simulated atmospheric turbulence images with different intensities
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Fig. 13 Comparison experiment for restoring the ISS images affected by real turbulence. (a) ISS images affected by real turbulence;
(b) SGL algorithm; (¢) CLEAR algorithm; (d) IBD algorithm; (e) DNCNN algorithm; (f) Bm{{GAN

K1 AR IR 25 14 % WLATA (248D
Table 1  Objective evaluation of different networks

(average value)

Network SpaceFrequency  AverageGradent Time /s
SGL!™! 4.51 1.37 7.83
CLEAR"™ 5.46 1.83 21.41
IBD" 5.70 1.72 5.97
DNCNN™ 8. 20 2.19 2.33
BmffGAN 8. 61 2.05 0.40
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