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Abstract Aiming at the problems that most of the current cloud and cloud shadow detection methods are prone to
misdetection, serious edge detail loss and insufficient detection accuracy, a remote sensing image cloud and cloud
shadow detection method based on the dual attention convolutional neural network model (RDA-Net) is proposed.
In the model, the dual attention module is introduced to can effectively capture the dependence of global features,
the recursive residual module is used to avoid degradation of the deep network, and the improved atrous spatial
pyramid pooling module can extract multi-scale features without changing the size of the feature map. First, the
remote sensing image dataset is preprocessed and made the corresponding labels, and then the Gaofen-1 WFV
remote sensing image dataset is used for training and testing. Experimental results show that the proposed method
can effectively improve the detection accuracy of cloud and cloud shadow, and can still obtain better edge details of
cloud and cloud shadow under complex conditions.
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Fig. 1 Structure of ResBlock and ResUnit. (a) ResBlock; (b) ResUnit
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K11 @5r—5 WEV BESE R = EARR T 5T RIS RN ., (0 FIHRFA: (D FCN-8s /1% ; (o) K-means Jk;
(d)SegNet J5#; (e)Deeplab J5 5 5 (HDRU-Net J7# ;5 (@) RDA-Net J7i% ;5 (h) = Fr%%

Fig. 11 Comparison of detection results of Gaofen-1 WFV remote sensing image cloud under different methods.

(a) Original images; (b) FCN-8s method; (¢) K-means method; (d) SegNet method; (e) DeeplLab method;
(f) RU-Net method; (g) RDA-Net method; (h) cloud tags

3.5.2 RENH

W A2 0 i 5 bk 5 i iR i) 5L TR 2 2T 1Y
Tk AT = K 45 R 0 . M P oprecision ~
A neerney R recan Fo FIEZETF L Moo 5 FliE 53 %1
FERTFMFEAR AT 6 Fho kAT Y. R 1 6 By
WX 21 K E Sy — 5 WEV i@ B AR MR L 1T =
i A5 2 0 € B IF M e AR M. R 1 AT LUE F,
K-means Jy {1 =k W ASCR e 25, R 5 45 5
B s T AR B2, B DLV A 48 AR 2 R
FCN-8s J5 % 1) W B 232 A1 A [0 32 A A%, A 0 5k 7%
ERT KREMTT; SegNet J7 ¥ 1 Deeplab J7 1Y
i ity S5 R A 23 A X AR 2 i A T R T AN 6
s RU-Net i HUAH AR 47 19 = & D &% 2R, (H
RU-Net J5 i (8 (A PF M 35 b I8 T RDA-Net J5 %
Jr 2 1) RDA-Net J5 i (%) 2= £ D0 %0 SR B 4, 78 3% 44
SERPEN bR b8 AL T A B O L R R T

g) )

594, T4V, MEWR R IK B 97, 820, A [0l & ik F|
93.69%,F, fHik%] 0. 9421, ¥ I ik F 0. 8790,
LR VERE W] A T H A 2 A I T 12
F 1 AT ER =G0 E & LRSS
Table 1 Quantitative comparison results of cloud

detection by different methods
Precision/ A nceuraey/ Riecar/

Method o o 9 F, M you
FCN-8s  90. 25 84. 54 86. 38 0.8827 0.7606
K-means 76.42 84.17 72.63 0. 7448

SegNet  90. 31 93.03 90.72 0.9051 0.7953
Deeplab  92. 66 94. 86 92.05 0.9235 0.8019
RU-Net  93. 80 97.93 92.94 0.9337 0.8375
RDA-Net 94.74 97.82 93.69 0.9421 0.8790

3.6 ZIARKMNERIH
3.6.1 EMESH

B R HE Y 0575 5 RU-Net J7 ik 3647 = B 52 46 10
gER R EME M B2 PR O IR —

KBl 12 @misr—"5 WEV &IE5E 4 = B30 78 R 7 3205 A 0 45 SR 5 X L .
() JFEF#A% ; (b)RU-Net 573 (0ORDA-Net ¥ (D5 R
Fig. 12 Visual comparison of cloud shadow detection results of Gaofen-1 WEV remote sensing image under two methods.
(a) Original image; (b) RU-Net method; (¢) RDA-Net method; (d) cloud and cloud shadow labels
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WEV 3 B 8 51T 2 B 52 K i 25 5 0 0 5 X L
T IR AR R R B T L Ok BORS  RG
MR EERK. a5 RERHAAIX
WRR = KO XK IR R R 2 P15, B X R R T #
M. ME 12 A7 LA B, RU-Net J7 8% = B 8 09 16
DN 5 25 5 A Y 25 R ™ i, TG RS f R v = B
5% s RDA-Net J7 B XMR R 9= B 52 (19 46 D AT LA HCAS
BT PR L e A DU v s BT A I 5 R T
RU-Net ik, M HRE E 20 = %41, H
Ry Rl €Y il AN 5 1 T B el
3.6.2 EEHMH

W B $2 7 2 5 RU-Net Jr kb7 2 B2 AR I 4%
R E BT P reciion ~ A Accuraey ~ Rgeeatt « 1l
Moy 5 PR 53 ) %€ WV 38 AR HEAT IR M. 3R 2
KRR IR 21 5K 5 o — 5 WEV 3 BG4 i
EIEAT 2= B3 K DU AT B 1) o P FR AR 3 (E . A
# 2 A LFE ] RDA-Net 75 S TEM T8 4534 5 T
RU-Net J7 i, f #1035 85. 25% , #E fifi % ik %)
96. 04 % , A M Fik F] 80. 38% . F, {HikF] 0. 8274;
M T RU-Net J5 & fiff H] 09 3% i@ 5% 2 45 1,
RDA-Net 55| A T 338 0 5% 22 B HIF 5 X0FE & )
PR R A 223 T 245 ) 4 1 AR B B 45, i D) 2
A HERERA B AL T RU-Net J7¥5 . 1] 4 R4 = B 5 it
AR

F 2 R BEI0Z BT I i e

Table 2 Quantitative comparison of cloud shadow detection

by different methods
Ppcison/ Ancenaey/  Riecan/

Method y v o F, M ypou
RU-Net 74.67 90. 38 68.73 0.7158 0.8375
RDA-Net 85.25 96. 04 80. 38 0.8274 0.8790

48 ik

AR B TG EE 27 T 1 T #0512 T
BB =5 =PI, 32— 5 T RDA-Net
MIE AR =5 = BIR R IN J7 vk % T ka5 Tk
U B 22 A5 e XU T ) R | et 2 ] 5[] 4 7 B b
AR AN 22 ] R AR Rl 5 B o 3 U 5k 22 T
G TR ) 245 BB AL Y R, 00 T e
AR I 2 R R AE R HBOC 2 NI R = L s B
DI I DX 2 ] Y 22 e I B A 2 4 X
5 7 B3 Xt AT 3R A, 48 e KT AR 2 IX IR 70 )
SERE L DL B W s Fll 2 152 O G IS 32 s 2 ) =3
[F1) <5 5 35 L AR A B AE A 38 0 2 KO i 3 R B ORI

Bf 0] ISR 00 2 RO ARAE . 22 RO R AE Rl 5
T AR A [R] RUBE B 45 i R A7 Fl 5, DTG i B 22 RUBE
G J2= U R 23 [ A SR R . S 4 R LW, RDA-
Net WA EEE G =5 s AR EITBRRR
I o B A AR AT g A DK JEE L > T S T R A
e e B 5 R 5 45 T 5 I A7) BE IR A Y A
45

H1 T 2 B R A6 I 5 32 3 L Jpk 1 i i 400 1 B 52 1)
A W= B R B B I I = B B A
MKSEAR T = o & J B T AR kS 0 A A 2 5 13
B T 2 = B 09 B0d 4R LU Xt = B 52 49 11 25
P LR EERER S s RIMACR .
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