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Abstract: In order to solve the problem that the difference between cloud and background could not be ac-
curately handled in the process of cloud removal from Synthetic Aperture Radar (SAR) images combined
with optical image data, this paper proposed a cloud removal network based on the combination of SAR
images and optical remote sensing images with a double-branched structure. In the feature extraction
stage, a multi-scale attention mechanism was introduced to effectively capture the global and local informa-
tion in the image, and provide a more representative representation of feature information for subsequent
fusion and cloud removal operations. The parallel structure of the local fusion branch and the differential
branch was redesigned, and the contribution of the two was dynamically balanced through the gating mech-
anism, so as to fully explore the complementarity of the two, and refine the cloud edge in the optical
cloudy image, so as to restore a more fine cloudless optical image. The location-aware enhanced Swin

Transformer was used to densely connect local features, so that the network model had better robustness
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in the face of complex environments. The Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity
Index (SSIM) of the proposed model are 0. 833 1 dB and 0. 024 6 higher than those of the current optimal

algorithm, respectively. It is proved that the proposed algorithm has better performance than other meth-

ods in the image removal task.

Key words: remotely sensed imagery; synthetic aperture radar image; optical images; multimodal; data

fusion; cloud removal
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Fig.1 Schematic diagram of SAR imaging
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AT, — 2 5 7 P PRI 0T By 8 R =2 [R) | - 2 a3 22
J& 8, B {E {5 M b (Peak Signal-to-Noise Ra-
tio, PSNR) kAL £ = f5 9 KR 1y 2k L Je (5]
B BT, PSNR BB = 58 DK & o i B 4f . —
2 DN PGB 5 BE X b B2 R0 45 4 AR B 5 T, I
e AR G R b S5 s A JE R, B 45 4 AH B E (Struc-
tural Similarity Index, SSIM) 3k ¥FAL 2 = J5 19 &
185 T R AE 58 B2 OF Ll BE 45 48 5 T A A {0

J£ , SSIM i1 BUAH 18 1Bl £ O~1 Z [ , 75 L X 8] P
BB, 27 A R R 1 o
4.3 XK
4.3.1 HERFEIRHH

R TR EA RER 0A RE A G T H
Tl S 5, R R LA A E AR G G SO ER S5
(DLB) . v # J& %10 1 5% A9 Swin Transformer
(ELA) M 2 ROEE R J1 M 4% (MSAN) , 7£ M3M-
CR ¥ 4 b 17 — R 51 09 9 fil 52 5% JF 1 48
PSNR 1 SSIM P4 33 45 A 46 31k 4 B (9 47 R 1, 52
Ias Rz 1R .

R1 M3M-CRAUIKE E&EHRE R KL
Tab.1 Each module on the M3M-CR test set was ablatively solidified

Ablation Baseline DLB ELA MSAN PSNRP/dB SSIM
Baseline N 30.529 6 0.9105
1 N N 30.927 5 0.9214
2 N N 30.783 1 0.920 1
3 N, N, 30.749 6 0.9193
4 NG NG N/ 31.080 4 0.9314
5 N/ N N/ N/ 31.3627 0.9351

H A2 1T 7i B 92 06 45 3L, i = 10 ol ok 1) e
BTN ROR  E e RIR B 5] A DLB 43
gEF ELA #:4E OMSAN BB | 560 45 45 B 1 $2
TEA & B R i 5] A DLB 4r % 45 8 &
MSAN | 7E PSNR Fil SSIM i ¥ i 45 5 43 1
7 0.550 8 dB, 0.020 9, f 7 #E Swin Trans-
former 5] A ELA v B 8 A8 0R #5245 |, {8 )5 3045
I % 2 T M0 2 4, S 6 465 S Wl 7R 45 00 A 5080 A
133 73— 2 AR T AR SOy 5 L AL A
Fb , HE 8 AR R 4 B2 71 0. 833 1 dB, 0. 024 6,
TR Ty b 50 IE T A% S A X 4 T I 4% 1 R A
B .

26 2 AR SO 1 5 SRR IR R AT S 80 S5t
R N B AR SO R AR S R T R R L
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Tab.2 Comparison of params and FLOPs for baseline

Method Params/M FLOPs/G
M3R-CR 43.53 174.94
Ours 47.85 202. 05

LRABEIRY AT — 5 B 1, AELBE e B AR N AN B i)
S o
4.3.2 b

R T B A 45 (1 25 2 Ab B fE L L PSNR
FSSIM A~ PEAN 48 b5 55 oA 4 Fh F2 90 & = A
HEAT R LE , AR O L 52 56 FH M3R-CR k48 45 ik
1552 s b, SER 25 S an 3 3 TR, Hop | Je i 45
FUURLR B IR PE a5 B LA T 2 B .

SAR-opt-cGAN'*" Pix2pix ™ Ml SpA
GAN I F 7 3 J5 M X H M o /N () 500908 4
TN G, 76 A 9200 B0 4 b i iz AL Be 1 R
fEo Mk E3FLLE M, A Sk L M3R-CR
VE R SR AR 7R W] — B SR S L T, 584
B 7E PSNR & 1 0.833 1 dB, 7E SSIM 4% 1%
F 1o ARG A il 25 S 1 & WP A 35 0 F H Al
AR I R T AR E R s Rk
B

%t HAS [ O Bk 0 R = O 56 UE AR SO
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Tab.3 Quantitative comparison of the overall perfor- P75
mance of mainstream networks on the M3M-CR B (7)d () & ()4 2 SAR % e s 4
dataset _ \, . :
= BB ADL T = ER , (d) 2 (h) 43 1] /& SAR-
Method PSNR/dB SSIM

opt-cGAN £ &I | Pix2pix fi i | M3R-CR £ & |

ey SPA GANBUR AR AL

VERACR s oel0s P A 29 e (0L AR SAR 2142 4 it 9

SpA GAN 96. 990 0 0.839 0 M ZRATF R AR SCT5 R BE U A S B T G i) DXk
Ours 31.3627 0.9351 5.

] _

(2) SAREHR  (b) Je#EZIEIG (o) FAHTTAENZ(d) SAR-0pt-cGAN () Pix2pixiEAY () M3R-CRIERY (g) SpA GANEERY (h) A SCHE A LS

(a) SAR image (b) Optical cloud (c) Optical cloud- iRl mns 7EE EE EE 5

image free image  (d) SAR-opt-cGAN (e) Pix2pix model (f) M3R-CR model (g) SpA GANmodel (h) Proposed mo-
model results results results results del results

F 7 R[4 E M3M-CR S 4 25 = 45 10 [

Fig. 7 Comparison of cloud removal results of different networks in the M3M-CR dataset
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SEN12MS-CR-TS i & #4743 , 45 Fan 3k 4
i
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Tab.4 Quantitative comparison results of the overall per-
formance of mainstream networks on the
SEN12MS-CR-TS dataset

Method PSNR/dB SSIM
SAR-opt-cGAN 27.1577 0.650 3
Pix2pix 24.739 5 0.528 3
M3R-CR 30.1618 0.907 0
SpA GAN 25.682 2 0.8139
Ours 30.9347 0.9214

A7 ¥ AE SEN12MS-CR-TS 3 8 | fY
PSNR ik T 30. 934 7, 5 HAh X 45 4 L, PSNR
ik B, R A M3R-CR 0. 772 9 dB.
AR SCTT A A BOHE B 38 B B AOR X
ARSI 18 R 45 A SAR B £ =
FH o B B0 1932 AR RE T o S B4 Ml O 0 AR SC
7Lz AR B A SO 7 MBM-CR I 3€
£ 5 SEN12MS-CR-TS i % [ 17 1b %% 5 fhost
Eb, 4 5 iR .

£S5 AXFHiETEM3IM-CR Wik &£ 5 SEN12MS-CR-TS
MiKEZHXEEER
Tab.5 Generalized and compared between the M3M-CR
dataset and the SEN12MS-CR-T'S dataset

Dataset PSNR/dB SSIM
M3M-CR 31.3627 0.9351
SEN12MS-CR-TS 30.934 7 0.9214
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