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Research on GAN based remote sensing image de-cloud
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Abstract: Aiming at occlusing cloud in remote sensing images of electric power facilities, a de-cloud model based on
generative adversarial network(GAN) is proposed. Taking cGAN as the main structure, the model was designed with
the encoder adaptive filling convolution, the recurrent neural network module based on soft attention, which is used to to
solve the problem of network local optimum by adding global dependencies to all feature nodes. By extracting the key
information through spatial information transformation, the cloud removal and reconstruction quality is improve. The
experimental results demonstrated that the method has a better effect on cloud occlusion removal in remote sensing
images. Compared with other GAN networks, the SSIM and PSNR of the reconstructed images reach 0. 983 and 32. 899,
which are improved by 23.93% and 8.86%, respectively. The method not only provides a basis for remote sensing
image-based power facility identification, but also provides a reference for deep learning remote sensing image processing
applications.
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Fig. 1 Adaptive filling convolution structure

EAAEFMEHEAR — 155 —



R X it

PRI, 1 3 L A AR A8 R B A R
HHHR BRI, IF BT 2 AL AT 50 19I5 b 21, AT LA
TEDRFE A UM A ECSE A5 B B 00 F IR B 2 )2 8 P R AIE
BRI D PR,

y(po) = E[wb°771k°.l'(po+pk)] [@D)

e po FoRfm M RRAE R AT AL E s p, MO 2%
M K AREEALE s w, » (o + po) MiTERAEE L H m,
3R LK 7 B FT0 PR 5 A0 ] — o7 B 0 2 00 PN 2 DA AR 55 3
T S B g PR ST 204 A\ — 4> 32X 3 B 78 45 B, 1l 745 G B
e AT R SO BN A AR RE . TR

20244 S B
H43B F5H

JR R B iy s it — L A O . BT LA L5
Ivi) s LA A2 RS 40 A — 25 T4 B 55 46 5| kS 1) 401 3
5. BURERERAE A = P52 55 T Q85 B 0 25 R (E B
e 30y PG, 155 1) 245 BE 5 A TR 14 20 56 SR L JBTE i
it 143 SRR AIE 1 SRR
1.2 Soft Attention 5 RNN [ £

P T3 JER % 3 FR1 ) B 1) 255 [ 5 8 k) R 2
2] 45 W B SRR G L SOf B R A i 4 R RN R AE (B 7R
EBmwhiREIEE HEENIEM. A SO & A 6 R
BEHERY = J2 R . #% Soft Attention 5§ RNN M4 HH%S 4
PRI T SARNN MZ%, 5# K 2 iR,

B B B B
(oy, | G |
A o B S
Fea B
Mtaure — |y, R —F—> WI — |y R ——> MI —
D L | Concat = L Concat
N e B Attention map
c()nv R )
’ B B =
I | | i
H e B =

B 2 Soft Attention i T3 2 B 44 45 14

Fig. 2 Soft Attention recurrent neural network structure

SARNN M #5451 2 FZ LHEBRE BT RES
W SUE B B 2= R Z B BT SR TE K
BRI L, RS IS 2 RS — LR
W ETXER . AR RBAEE, FRFEMS
AP X B 2 (8] 9 BB R, Bl By I #S 1D 1] B RNN
Bl ] LU 5OR ) 5 b s R R Y B R 43, 3RS TR
ZMTAE BN 2RI, BA O m A BE J 1Y Solt
Attention HLHI A B Attn-Mask F 7 B 8 0 , B A 43 Bic
2 e ARG AN [ D3, 0 ao b H R 3 — 4R D8 I 2 1Y
1X 1 BRUAZ R X it 174 L, SR )5 A Softmax BR £ L i
B v 14 7 A I R IIALE

R AR B B A A RV RAE T TR RS 2 R R
AEARTE SRS B 45 R T B &/ R e . FCAE NS 34
HEREENWMAEAXWNT .

G, = FC(G, + (G, X attention ..)) (2)

TENTE Gy AT AEE GG, ) s RNNs £ 4 475 1)
A LLEZS R

GG ,j) < max(a,GG,j — 1) +GG L ),0)
P o, HIEFERZE &I 18 WALSEL

T R 4 J7 1 B9 RNN B2 T — 4> Soft
Attention =, ffi il RNN BEIAE 4 A5 ] B4 TR, IR

3

— 156 — MEIPERTFMEEAR

T 53—y IR AR A I LR SR B DAk B o8
R WU BR 52 RRAE L 3F H R X SARNN A B i & ) B
HEATFTALAE , SARNN AT LUAR i 5 A 1 = B A 508 50 52 =
S DX, B S 3 A A o AR 25 BB BRURRAE L 51 R &
B 3 AN EE SR ZE POl ) R ORI BR BT . e 1%
Az B R IE TR A5 6 B R AR R 2 e, DL R A
E=FEE.

1.3 #HiEKE5ERIIZ%

o T B UEAR SCHE R B 2 I BRI R s 5 R
HERCR L R FEEE 5 DA S H A TR PR A R A B
A TR R . e 28 TR 508 4 o VR S T TR 4L
P . HAEEEGREEEERE R 2019~2022 £ = F i
X, 7 it 2 JE AR, BB Ay BE R Oy 512 X512, fEIR &
Bmderh  BEPLE £ 400 B VRN U4 A, 100 KA
AR %, BRI SRR E N GPU N
RTX 3090, Windows 10 %4t ,CUDA KRAH 11. 1, R BE 24
X HEZE y Pytorchl. 9. 0,Python AN N 3.8, VIl Zhis B 1%
B2 RN 0,000 4, batch BB Ny 1, JF M N 200,
brta {H-~ 0. 999,

HT BALTEM K B R BRI S T, 2R 45 44 AH
IV (structure similarity index measure, SSIM) Fl I {H {5

Hh BB O T



2024F S B

I F43% F5 5 1

B b (peak signal-to-noise ratio, PSNR) X 45 %4 3 47 22 =
ST RIEAY , SSIM Rl PSNR (195 LI0F
2" —1)2>

MSE

Cu.pr, +¢1)Q20,, + )
(p.+pu, +cdG. +o, +c)

(5

A, A, 3B R oy BIIE 50, 0, 0., 208 2 Al
v W Z RN 2 50, e, HE L.

2 KBWERSH

2.1 EREGERERITLE

ASCETT ) SARNN [ 26 7] DL M B A o 2 Bl & 31
FAEBREERRANE, RRNZABREA L P TR HEH
R R R Az AL, ZE R 3 FTR

PSNR = 10 % log(

SSIM(x,y) =

B3 HE RO

Fig. 3 Comparison of attention heat maps

RIS B X AT, B R A I XA B T R 2
RS, @R FH, Soft Attention W 4% U i b OC 1 = X
b Oy Rl R A = 15 B A o F = R W s R S o 4
ABEILN T BRI RSN LB, AR
HR A9 SARNN 246 4 A4~ J5 ) 1) ReLLU #lH RNN 26 i,
B U A 2 W2, 3 T B R RS 09 = 2 £ 34 7T LLSE
PR A 78 7 7 2 AN (EU AT L A B4 i e 55 i EL AT A
R 4 G L AR B BT R RL i — 2D T8 4 J SR
TEE N Fe s RS 5.

53 BT X LG8 B R T A AN TR R B R R B M A
BRSO E 4 s, a5 R R, R A IR I
BT, AT LA B R BRE R Rt = R, 9F BRI LA
PR TR H AR A E R . B4 S5 AR KRR
FAUFT ARSI B 5 5 2 B R R & R ER, R
AW T BB UMR RN L s 5E R, Wil
WA ST 5% 09 A8 TR 32 BRUAR AR B o it 5% ), B R AF
B R AR I LA S = 2 U R E N = 2.1
HBAHEBERR.

R T A A SO R A BIL R RE AT T
AR R £ = A AR R ME 5 o, &R %E

Hh B O T

AR X #

it
E=
[SHEY

Bl 4 RGAN B (1 4b B 285 51
Fig. 4 Processing results of RGAN model

SpA-GAN MCGAN MLA-GAN

A7k

5 AN[RIAERY F 4k B 25 2R

Fig. 5 Processing results of different models

B, SpA-GAN Hl MCGAN ARfeE 4 £z 2, B
G A 2 A 5% B BB, v A M T 1R R SO AN
Ko MLA-GANTFILLA R LB =B T K40
B RO ER HAERZIKE XEE T T8I o5,
AR EGRYERESEZ R 0. AERBNTEA
MERTEIFARAE =B, I L% &2 m B
broal . AR 8RR 4 M. SpA-GANL MCGAN Al
MLA-GAN J7 ik 8 g B R A 72 X L R Ry B &, 0F
THE—FEME A RE, LS, MARXEEEES
WY S5 1 B R 0 R PR 45 BE 307 . 76 AR 45 38 IR (R 4
B O s BEGRBT A 9T v L Dy e R R AR el g iR
UL TR AT A
2.2 HEEISHIERITEE

h T it — 2 A W AR TR s 2 A SR B AR Y Hp 45 A A B
F Lz K EMRE A RS STAR BT Ml SE I X A S Y IR
£ BUR Soft Attention B33 I3 #4845 JE 47 58 31F . 340 Br
LA AR RGBT 25 )5 SSIM 5 PSNR 2545 4% . 45 0] 1
mFE 1R,

EAb TR — 157 —



R X #

F1 HIEBEHEKSAM SARNN EHFEE LK
HESEIE A AR
Table 1 Comparison results of ablation experiments between

adaptive filled convolution and SARNN on the dataset

BN EAEER SARNN SSIM PSNR
0.921 28. 641

J 0. 942 29. 612
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