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Autonomous cloud detection for remote sensing images using
convolutional neural network

WU Yunhua, ZHANG Zezhong, HUA Bing, CHEN Zhiming

(Academy of Aeronautics, Nanjing University of Aeronautics and Astronautics, Nanjing 210016, China)

Abstract: Aiming at realizing the autonomous cloud detection of remote sensing satellites for remote sensing
images, improving the efficiency of autonomous target recognition, and avoiding the loss of key target information in
remote sensing images with large cloud coverage that may bring about unnecessary waste of computing resources to
subsequent algorithm processing, a cloud detection method was proposed based on convolutional neural network,
which can achieve autonomous cloud detection with high accuracy. Firstly, a convolutional neural network was built
based on the requirements of the task and the characteristics of the remote sensing image. Secondly, a large number
of manually labeled remote sensing images were used to train the network, which was adjusted according to the
training result until it reached a certain classification accuracy for the test image set. Finally, the captured remote
sensing image was divided into hundreds of sub-images based on size, and the pre-trained network was used to
predict whether the sub-images were covered by clouds. By analyzing the prediction results of all sub-images, the
cloud coverage information of the original image was obtained. Taking the Landsat remote sensing images as the test
object, results show that the proposed method achieved 95.3% for cloud coverage detection accuracy, 97.8% for
no-cloud coverage detection accuracy, misjudgment rate of 2.58% , missing rate of 0.90% , and overall accuracy
of 97.9% . With the implementation of a simple structured network and parallel computing technology, the method
can be used for real-time space missions with guaranteed autonomy and robusiness. The achievement of this work
will provide a foundation for real-time orbit applications based on remote sensing images.

Keywords: remote sensing image; cloud detection; convolutional neural network; image segmentation; transfer

learning

AR L B T AR e~ a3l BT B Bt A4 8 (e
EERVE I = R B R IR AT IAE] 50% L.t Ta]
WICTCHE ==, e al WOt B AR T, =2
Jefx EEMTHICIR. B2 J2 P = ) 2 R 5ok 2%

Wi EHA: 2019 -03 - 14

EEWA: [FK AR (61973153)
EEE N RaE(1981—) 55 B 5
BEEE: %o, yunhuawu@ nuaa. edu. cn

SRR VI BB, , I FL YA S R B 3
VIR TR, UL, TR MG DT = 2 A A7 5 2 A
A VUG, e SRR 41 TR 2% B b s B, 42 7
AR SRR

SRR 10 25 2R FT LB I PRMZ 4347 1
TAE( ) A EUE S EET AR e 2 R R Oy
Fie LRI R T B R A4 R0 1) B F B4
PRRIZS RVRAE 977 1252 MBI 7 9253) B By



.28 . WO E T

VAN S

$52 %

24) e ik Ty k. Horb W 5 v (R 2063E 15
B ST A B K B S LA 7 k. %07 Tkl
it = R X AN A Y 5 24 1 B A AT = R A
M ARG LT B L, Lo T Y A K
SIS BETEE. BT 805 25 R AR s T 1
R —Fh, HAR YR 1015 B2 B R =S [R5 5,
Deering 25" T4 H (4 9 6 15 5% 25 K0 1) 25 ]
ARSI JUAR SR BE S TR LR K
TR B S AT, 45 18 R ER = R $E it 17—~
AR BRI HE N T2 2% SRR )
HLOSVM) R2E%5. anpkRIZE" {fi f ASTER TV ¥
18, 25632 SRR A3 BT 1S3 ) dm ML G O 25 R 4G
=2 B T A IRCR B Z T b g A )
WICFAR LM BOEAR  TEUN B R EAR S
o WSS 5 ST 20 O B R A AR R AR R
PRFRAE , V45 T0 W B 73 26 4 (B-34 1A : k-means ) FIA
B2 an (SVM) BEAT 4328, (45 [ 19 43 25 HE 1
BESKE) T 95% . LI R th T —Fh L T IR
FEPERY L, SCOL T @ MR S A A B = a3 2
. 75 100 g 87 7K i Je P15 ) S 3 ) X 4
R B = o0 B H R IR 5] 97% R F RN T
4% AR FR BERF R AEAE — 2 Y B FG, h T = )2
(IR BERFPE S KT S S se WS AF A AR Z 4k, B
= 20K EE S BROGHY B A B = B B 580
ROCFR TESEBRR A 25 B 00 = R o 2 14
W T8 e MELAHET. A 3R N T
KT A, 10 Jang 265 $HE T 2 2 BN i 22
W24 Kz HF SPOT VEGETATION Z 4, ik
HEA B . TR L9 1 B 5 R AR SC i
FEARME TARLF A 7 1], 0 22 2 SR 45 10 28 I 25 4 Ry
FER R TURh A 28 X 2% 22— A B Oy SE itk 10 DX 4 T ¢
AR FESEBR R Hh 2 AT P .

N TR 28 X 268 1) A JR A B i JLAF ISk 1 s i
Hoh B FH 2 N 4% ( convolutional neural networks,
CNN) R HO6 GRS ORI 3 25 A D e T, Bk
S AL . AR AR — R T AR e 2
LR R 553 28 05 1k, B SR TR AR B 1
PN B9 AL 5 e 95 S = 4NN e 3 I R
YNGRl 10 A R 25 DX 48 6 3 S+ [ R A TR AR SR LS
3 AR B XT TF BUZR 6 A = )7 8 a6 i .
LR TR TR RN 25 5, AT DL R 3G T R AR
BRI =2 E S X =28 55 ] = )2 A

FE. TR T GPU AT B AR, B4 M
£ QIPay =y alll B Y573 N (IR M N )

I ZR 8 ERMNT*®
FEE R G 25 PR 19 25 02 T35 7 Ak

(9, AR T PR AR A A7 125, i I XA
[F) SR B M R BT R R 140, 7R B4 A
M S IR IR o R 7 s 5 72 LA
s O SR R R AR B A —EE . SR
PO 2 AR M figp ke 12 (R, B AN T A B
REAE , HUFTEAA A R A DI ZREE I 25 9 45, st v LA
ISE BP9 JERCR . (0 2 R M 22 0 4% f) 4 AT
YRR 732 ] 3 J2 AR B30 1% 1 O B P A, B30 WA 2

LR,

iR SR E R
Y
4 BBETA TR

*(i

BEANBRME M 2%

)
FINE =T EST
[

FINE =T ES

I
< R T R
=

Fﬁﬁ@ﬁ%%ﬁ%%

E1 z=E#RliRE

Fig.1 Cloud detection process
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Fig.3 Cloud detection model for remote sensing image
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Fig.7 Performance changes during network training
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