(585 % 14m/2001 7 A/MAESRARTERR
95t Bl B HE
B Z1BRE

JLT- MS-UNet 1y Landsat 5351% z#50

Vo 11 3 2 ) 1"
VB R E B b, B 8 RSE, 830046
PR R R TR SRR, IR 38 AK5F, 830046

WE  FXAEHTT RGB B AEIRER = 5B, = B8 28 S BN H 2 0 2 09800 - 43 FRE g [R]8, $2
B —F T 2 R RER A U BN (MS-UNev) ., T #3815 51 K82 BF 09 A i O B8 AR S 2 0 18 UE B,
P T — R 2 RN R 7R 5 — 4 B T 5] A FReLU(Funnel Rectified Linear Unit) i o650, D3R5 5 £ 14 25 1)
FH. &l F RS — P AT R AE SR I, AE LOoRARR R WS 38 o BEER 2 & R 15 B A2 K = 09 IR 208 U
IESRZHM WSS G, LA M SE B = i 400, SEIR S R R R ke A s ML s 5. 5
UNet, MF-CNN, SegNet,DeepLabV3_ResNet50 #1 DeeplabV3_ResNet101 [ 25 4H Lt , FF 32 77 ¥ f) A 1A0KS BE 43 1) #2
J+7T 0.075,0.065,0.070,0.013,0. 005,

KW REOCE: s BEEME; WEY ) ZRE; 2550

hESFES TP751.1 XERERS A doi: 10.3788/LOP202158.1401002

Cloud Detection of Landsat Image Based on MS-UNet
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Abstract In order to solve the problem that the detection of thin clouds and broken clouds is very difficult due to the
changeable cloud shapes in the research of cloud detection in RGB color remote sensing images, a U-shaped network
based on multi-scale feature extraction (MS-UNet) is proposed. Firstly, a multi-scale module is proposed in order
to obtain a larger receptive field while retaining more semantic information of the image. Secondly, the FReLU
(Funnel Rectified Linear Unit) activation function is introduced in the first group of convolutions to obtain more
spatial information. Finally, further feature extraction is performed after down-sampling, and in the up-sampling
pixel recovery, the missing information is completed by jump layers, and the deep semantic features of the cloud are
combined with the shallow detail features to achieve better cloud segmentation. Experimental results show that this
method can effectively segment thin clouds and broken clouds. Compared with UNet, MF-CNN, SegNet,
DeeplabV3_ResNet50, and DeeplLabV3_ResNetl01 networks, the overall accuracy is increased by 0.075, 0.065,
0.070, 0.013, and 0.005, respectively.

Key words atmospheric optics; cloud detection; remote sensing image; deep learning; multi-scale; spatial
conditions

OCIS codes 010.1615; 100.2000; 100.3008; 100.4996

Y FS B HE: 2020-10-12; 1B B HA . 2020-11-13; RA B 2020-11-19

HEETH: BEXHARF ¥R S (61966035) H K H AP LB A 4 (U1803261) . & fig £ B A5 B Ak # [ BA
(XJEDU2017T002) | A ¥A X B /T E Fr-A&VE 5 H (2020E01023)

BIEEE: "qyr@xju. edu. cn

1401002-1



$£58% F14H/2021 F£7 A/HASKBFEHR

15 "
18 O AR N A7 Al AR L T 2R B SO Ey
B AE AR MUE B AR Il 2 2 B s g7 AR

el B TLAE 2= A8 TR (ISCCP) g W 0 50 4 , b Bk 3
T2 T A X SR bk R . R, el
T 1 o) 38 AR AT = R A T 3 JE 4T el v
(Y FR T IR]

T R R v B 2 A DN ) RS B gl SR o P AR v
BEIAT 00K A = 1o R b ok,
TE3 2By U 4R, R 58 & BT X0 8] B9 J7 5 4 = A6
MFEAT TR ERHETE, E R, 3K 28 07 ¥ m] R L
MEHE N AR =R B G o ik R
R S

Vo {925 2 — o Al B LA A0 A Oy kL T
PG A AR Z2 AN [R] I B 06 15 DAL 0k mT DAAR 48 98 Be 1)
AFETE AR R PR =7 K R, ARk
(FMask) ™ FIKHEE: (OTSUD W S i 7 i 5 F 5 {0
A AT B o ROk K 7 B — MR R R LAY
TG R 25, (H I XA 5 i e B AOmE A % 18 1
B - T 2 28 5 K a1 32 AR 52 90 A B8 3R A B0 A
T 8 JBCLEL S BRIBOAS 5 B o R B v X R iy
Mg PR 2 B B MR 22 . B R K R
T J PR 5 1) AR B K B ey B 2T R 1Y R T4
T S BT 4R T H e 81 50 4 B ik R S
P REHL(SVIMD - 53 865 35 5 i3 o ik 11 3 Ja
18 R 23 B30 L 5 (8] AP AR B 9 R 0, X OB
RSO A G AR AT 3 28 (H R X R Uy i
W T B R R R . B 2 I R R AL
BTSN 1 T — 4SBT R R 2 A T
T B AL 8 SR AR 23 F) b 1 WF 58 B AR
MR . Mohajerani %5 7E 2018 4E¥% FCN (Fully
Convolutional Networks) "™ i F £ z 4  f , B 1%
ST I NG| g UL ST S VI Y g |
ook, 2y E RS B ik ) 88%; Wieland 2
UNet"* ¥ F§ T Landsat F Sentinel 2 %4, 58 )% T
=M= B AR R 53 #) o EIRE B2 IR 3 89% . Shao
SR T — B 2 R R AE A B 2 I 2% (MF-
CNND B 1 2 1 AE B 502 25 5 B4 5
Ly K 2 55 5 2 A W0 S R, X 3 2 T R TR B 3k
) 7806 X B = IR MRS BE A F) 9000, BRIREE S
ST B BRI BE T — A H 0 6 B A
T PRI e AR R AR A5 B 1 50 58 43 09 A A RS
JEA ST — 2 1 B T H R B T IR B A T A

FETE N AR B UL LR A5 B R SR B I
LSV

XF T2 i TR A ) 0 R R R R s A
R TE B R 7 e R R R A (R R, AR S
P T — Mk T 2 ROE R S RS U B R 4%
(MS-UNet), %} Landsat 8 ff) RGB # (A K % ik = 17
R, 7EHEAE 5 B0, 8% UNet 5 2 89 ™ 4> 3 X3
MR B e il — 21 2 ROEE G R, 8 i 2 RO FF
fiE$2& B0, A 58 ) 3 (8] 4% AR 69 %7 2, JF X RelLU
(Rectified Linear Unit) ¥ % R %2 2F 17 0 1k, H
FReLU""" (Funnel Rectified Linear Unit) 1% &5 %k
P Tt 2 (] SO DLAR AT T A Ay HIROR . &0
UHE R S 28 PERE AR AT T AR 4F 1Y 2 T, RE 5 8 4 b
LRI T S

2 JRHEE

2.1 UNet W& &H

UNet 5 £ FCN ZE#4 iy B filh BT & 19, 3 T
2015 AF 1 WO H FAE Y B 2 EM5 43 #) . UNet R H
XoF R P G i R 85 4 2 o SR 2 RS o I b B R
HIJ7 sz — BB UNet 22 0978 2 R0 K 1 fr
R

I O 0 R ) i i ch P g R
FEAR . HRCR UL, TE g 1 B AR 00 A s B A
3X 3 BRI — A de K )22, 4 B2 FH R X i A 1 3
TR PG R AT R AR 2 B, 5 R Sl Ak 1 252 A R A 8T 11
K/NGE/N R TR 1/2, A AR b i B B
BT BRERE B L P A 3 X3 B, B B4
FRGHY R WA, B B2 15 B g 5 B A2 1% T
) fife B A0, ok X R B R AR B AR TR B T
UNet 43 #| EE A8 1. et i 1 X1 B
HEAT 0 A R A ARAT R 2 FI A5 R . SR UNet
FE R AE 4 B 2 v AS ] b 4 25 Ok — S N 4
TEA B8 AT X 1 2 A 2 7= A A 4G TR A .
2.2 ANRHMEE

1D 2 RBEFRE SR

AL T R E R BUS R R HE W — 2,
i A RGB B & B HRERAE G . A E2FE AW
FRAE B A B4R B Ok . Q& 2 fBF7R L 7E UNet 1, &
—JZ P 3X3 1Y E BT R IR 4R L,

B A IE BT R REAE R ST i TS A 20

O=—K+2P)/S+1, (D

Ao T A B RS RN K B R K
/N5 P R padding K/ SA B K O & A 5 th 1)

1401002-2



$£58% F14H/2021 F£7 A/HASKBFEHR

64 64

1286464
input » output
1128128 256128 1
4 256 256 512 256
== Conv 3 x 3, ReLU
¥ #copy and crop
4 512 512 1024 512 1 1 up-Conv 2 x 2
B — e i
4 104 1+ max pool 3 x 3
# Conv1x1
1 UNet M5 454y
Fig. 1 UNet network structure
2) P PR
ol s ol |3 ReL.U S 28 W2 5 H 6 11 0996 2 o o
input : x = | X —— output w — v s
= X 2 & & B 4 frs, HigE R
Y =max(x,0), (2)

B 2 UNet 4 fiF $ B e
Fig. 2 UNet feature extraction module

B R KN, B (D) AT, padding B9 A7 78 (15 4 1K
B RUR # 2 B — 003 BB AE B oAb, B T3z B
(AN T i B SRR T 7 B 00 B R R 3R Y g X
S AL AN (] 5 DT 52 ) Xof 450 38 Re AE 32 ARG . 7E DR
I UNet H1, B> 32X 3 B AR 1Y % 32 B S By |55 T
—A 5 X5 BB AYRAZ L, Rt AR SO Rl —
M NG TRZ BB —1Y 3X3 B, a5
WE 3 s, B XATHLTES ALK FlP Bk
AN R ERAT B LR B o8 B, Rt fF T TR/
i 1X 1 WA BUR PR UE R — R & RS PR B 2 4
TEEE B s 5 X5 19 4 ROk IR 15 30 K Y 1 32 B, 4
FoF 32X 3 WA FH, [ S 3 I a1l 1 iR 3R A8
(] 5O A B HURR AR 1 B i FH 3 1 B 22 | D IR AE S
WY 2 025 RRAE . e Ja H add $ = 204 B3R
3R FRAE R BEAT A0 X e TR T AR AR Al A L X 7E
AR 2 58 15 SCRRAE (9[RBT 38 2 A i 2 4
Ll ER S AR R I

1x1 BN ReLU

input——- 3x3 BN ReLU
5x5 BN ReLU

P 3 20 N fiF 42 U Bk

Fig. 3 Multi-scale feature extraction module

output

Y BAER RS R EG e AR, ML T
sigmod PRE 5 tanh K. RelLU 7% pR £X fE 1% 70
i A B8 T 2 ) B, DRI 2 B, (H R TETE Lo
E| i RuL U S o6 508 B0 H 4T 25 8] 45 A A9 R S
PE AN BEAS T 4F M AR B R b i s S R . B XX
AN A LI T — i RE T AS [B] R 1 FReLU
PRI BRER G o B — > S ) 2 T S5 A K ReLU
PRECY I 2D Y R AN A 4 (b BT L Y SE AR
fap o, BB 7 — > al DL Z R ARSI . %
WO R B IE

Y =max[x,T(x)], 3)
AP T (o) Sy — Py R0 25 TA) RS 4 B0y =X, 4
Fa) TR B, AN 23 0 O 2% 3 R 22 548 Oy T RE 8 52 R

%Wel condition
| S

x

(€)) (b)
4 HERBURER ., () ReLU HME: max(x,0);
(b) FReLU Bi%{: max[z,T(z)]
Fig. 4 Schematic diagrams of activation function.
(a) RelLU function: max (x, 0); (b) FReLU

function: max[x, T(x)]

1401002-3



£58%5 £ 148/2021 £7 B/ B EREFEHE

XA Y 25 TR AR A £ B, il FH — Fh 2 80k i Ak 5 B
SR 5% 725 R) B8 S O BRI

hiz., ;) =max[x, ;T (x. ;)] 4)

T(x. i) =xli,pls (5)

KHear,, ML HEzs B LR G MR R P,

PRI o ANEIE A 3R M W pR R CoAE S i

ANBEWNSHEAMALE 1T p? HIEXDSHE O L

MR RAER —E A P 0 R4, FReLU bR 0H

b — AR A S A AR R AL R RE ) L B 5 iR ReLU

WO B — T £E R 56 A 55 ok 2 ) B M R ) 9 R

B R THEELERE WS B PTIA T2 E A&,
Do 28 T LAAE X R A BB R AR A I Y 2 42 ]
A S TR I PRA T AR M AR 4, B 2 AR LR S TR G
4 1 500 5

2.3 MS-UNet M %&

AR SCHE B 3T UNet #9809 MS-UNet ¥
ZREER AN 5 BT 7R 7R B AN ) 45 B RRAE B2 b L 4
Z RUBEFRAE Bl G 09 45 B H 4 17 T I 4% o g 7 A4
3IX3 B,

3 2
(3n] o
X X
3 3
o™ [2F]
o 128 198
I E =N E
x = x > T - %
I £ I E
12s¥s 2562 256 2 2561 o
el B : o= I x
[=7) (=] L [=>] =
25642 512 ¥ 512 ¥ 5121 ¥
= s -b-@ %
sz ¥ I 11024
S X —
bl
o
— — 1 b -
1x1 BN ReLU—>—|
inputﬁ-EIs x3 BN ReLU— (+—output copyandcrop up-Conv2x2 max pool 2 x 2 Conv1x1

5x5 BN ReLU—D—,

5 Bt A AY UNet W4
Fig. 5 Flowchart of improved UNet

TR R P AR B A — K K/ E CXH XW
MIRRIE I, Horh, C il EE. H 5 W 40 5l & FR1E
BRI S MsE . W, b0, 5 X, 51 HTES ) 28R
Qb A 28 ST X I A EE | B A SRR L 5 2
5 RRE I 7, 5H KON O Aok sl

Z, =f(W, XX, +b,), (6)
O=floor[(I+2P —K)/S1+1, (D

Conv 1x1+BN+ReLU

input = Conv 3x3+BN+ReLU> + +pooling
Conv 5x5+BN+ReLU
add add
Conv 1x1+BN+ReLU A Conv 1x1+BN+ReLU N
output «  Convlxl+ Gonv3x3+BN+ReLU »+< "  deconv+ Gony 3x3+BN+ReLU 3+
Conv 5x5+BN+ReLU Conv 5x6+BN+ReLU

Conv 1x1+BN+ReLU

AP/ ReLU Boid e g, 24 (7) Kb (1 +
2P —k)/S B 45t (d A floor («) R SEAT M T
BURE e Zatf i B R i RASE O,

FReL U ¥ oRi £k 19 25 (] R 1 1 L 7 145 25 )
HEARECT B R R AR SCHR R Ma & 1Y
AR KR — 2 1X 1 BRUSH ReLU pREUCR e A
FRe LU p& %, 40 18 6 A /R L3l 3 1 X 18 /8 4 BB

Conv 1x1+BN+ReLU:

= Conv 3><3+BN+ReLU> + +pooling > Conv 3x3+BN +R/eLU> + +pooling
Conv 5x5+BN+ReLU Conv 5x5+BN+ReLU
Conv 1x1+BN+RelLl
Conv 3x3+BN+ReLU-s +
add add Conv 5x5+BN+ReLU
+
deconv
Conv 1x1+BN+ReLU S Conv 1x1+BN+ReLU 9
" deconv+ Cony 3x3+BN+ReLU 7o deconv+ Cony 3x3+BN+ReLU 3 +
Conv 5x5+BN+ReLU Conv 5x5+BN+ReLU”

K6 Bk s 9 UNet 32 ¥
Fig. 6 Flowchart of improved UNet

1401002-4



$£58% F14H/2021 F£7 A/HASKBFEHR

By i — 5k (5 BOR B B 2 B RRAE 1 BRI FReLU
PEATAR LA L R 51 2 2 25 ) 25 40, DL B4
Mo PR R A 2 S B . XAl R b FUR RN T RT
ZWEATT B TFRS A ARAS T A X R AF B s
MURIE . 52 AT TR R RGE I iy 5 A
e 51 A 2 223 0] 25 40 19 0 SORAR /NI T 8 SE 8 T
BR PR EARE 1, I 8 F M8 AU AR T
52 2R R SRR B SE A5 R . TE R BRI IR (5
St P I JE A e ek A )RR B 5 L AR A b fR
BT RR R B R 2 A5 B

T A 265 1) 2 1 25 v o B A I 458 = 22 1) T A AU
KR 2 X2 LKA 2 W Kb A #4745 . LA
TGl O B R B A U o AT A R BE 8 4l A R
MRRIEE B . TR s b AP KO 2 /9 3 X3 #%
BE TR S Z Z 00 3% 52, DUSE 95 ) 25 19 5 )
RE ). TEBKER % 42 )2, B 5 W 48 1 Y concat BN
add, 3X AT 7EOf B2 PGS B [R] i B AR TSR 0T 4 . A
I 45 1 B I s B — A sigmoid 300E BREL THE H
ABBER (R T 5 — R LB = A I
U T DO 2 oF i 2 R 2 R RS A BE A T AR R
AT,

3 L SEUR T

3.1 EIEERN

AR 04 B8 4R Ok Rl &2 8 5 (Landsat
8). M H BEH T 31 3K R 5F 29 5000 pixel X
5000 pixel K/MiY R(Band4) .G (Band3) .B(Band2)
=AU B R A B AR IR R 8
4895 3K 384 pixel X 384 pixel K/ K 4, H o
3543 sk FHF U4, 1352 5k F T3 .
3.2 LIGIFE

ARSI AE GeForce GTX 1080 GPU (I £ K/
8 GBYIR 55 %% L5 # A T Pytorch M X 43 F1 5
7 MS-UNet, CPU & IntelCorei7-7820HK , B 4 45
K 2.9 GHz, WAF K/ 32 GB, #:4E 31 55
64 £ Windows 10, % #2155 & Python3. 7. EZ
BFE A OpenCV, Numpy , PIL %,
3.3 XBPR

TE RO TAL FR Y B L8 3534 5K IR A 945 Z{H A
— A B IER A (0, 1) X [a], Il 25 B} batchsize K
INBR 4L 38T %R 200 4> epoch, TEZEUL AL B Bt
i H 3G W Adam BB EE DAL e, 22 2] % 1, R
0.001, MR E, FH I 25 A8 B A B RS X 1352 5K /] A
AT, AR R s B ARRT R,

8 1 % L Ak Hh 2R (R 7, T Lk BRI 5 vk B
TEIRE) 30 A AN loss &k T4, i E &
YRR S8 AR TR TS TR B R . AR L T IR
) UNet Z5 14 , A< SCHE H A9 MS-UNet #5270 H A7 5147
F1Ry ST S i

08

UNet
MS-UNet

0 20 40 60 80_100 120 140 160 180 200
Epoch
B 7 U4 loss Mk

Fig. 7 Curves of train loss
3.4 FMriER

Ry 1Ot B 2 SR R AT 20 B PR A SOl
TRIBFEIETY XG5 R AT VAN . AR IR B R A
HUKE B 3R (precision) . BV S JE Caccuracy) . 4 &R
(recall) | F1-Score, ¢ Jf It (T1oU) I F ¥ 22 3F Ik
(MIoU) , Bfk KA Ny

Poresion =757 ()
‘ Tp+ Frp
Tw+T
Ak\ccuracy = B = D) (9)
TTP+TTN+FFP+FFN
Ry =t (10)
Recall T»[«I; + I:H\v )
2PR
FFlScorc7P+R9 (1)
T’I‘P
I ou — ’ (12)
PV Typ + Fex + Frp
1 O Top
M yiou s (13)

TN IS T+ Foy +Frp
e Top WELEGIFEARLGF e RSB A L
Ton HERBIEAREGF o B BGIREAREL P oresion
SR A 2 I REAS R B IE A = B HE R 5 A ey MR
A FU E 6 R R ST AR RN B Reen N
B N = I REAR B F s M P TR B9 INALSE
YE T VA5 0T & F ey seore 3510 B P 25 TR
Ao 3k B B A 5 1o 38 S 808 H B PN 8 b .
SR AR SO S A AR AR, A b 2 R T Y
LAEMIEZ L, LE BT 1 W3 o &) i i
s Moo A ToU WF-39ME s N AR 28 514k,

1401002-5



HFRIEX

$£58% £ 14H/2021 £7 B/HEBFEHE

3.5 =RMAEILE S

T B AR SC T B O A RO T S
5914H W 4% UNet #4774 E, W E 8 frn. M
Kl 8(a) (b A LLA L FEE = K I o, UNet 455
U A LR AR SR M T RN B AR Y 43
IR 8(e) . (), MS-UNet # It F UNet ¥ fig
T AT M X0 9 o T R R R B R, &
T HE ) MS-UNet 19 %8 & 80 5% 2210 F 1% 5
UNet, fEWR NN T 5T 25 B RFAE Y FReLU 305 R %k
Jei o P25 240 4T 1 b B AR 75, LR 48 AR X LG an
F 1R, NEH A LLE H, MS-UNet + FReLU
FHXT T UNet A58 382 T 1 0. 011, BV AR B2 $2 7+
T 0.075, B M R4 FA T 0. 158, F1-Score £ 7+ T
0.086,IoU $27F 7 0. 138, M4 4 S HEREA T 1R
KB Fh. B4, A SCE 3k B T MEF-CNNYY
SegNet™" Fil DeepLabV3"™" ¥E47 T L #5, Xt b 45
mE 9 gros, MWE A LLE . MS-UNet # I F
MF-CNN, SegNet Fll Deepl.ab Z 51| ® £% %t 41 57 F1
NG FE RS 4. 3R 2 s dn h e ae A
AR IEAEERE MR 5. 3T UNet gt iff iy
MS-UNet 835, fE A T 25 [ 8 9 FReLU
Jo  BAKE BEIRF] 0. 943 (HEZ A XS F DeepLab £ 41

D 2% K5 At SR B A K, Gk E] 0. 901, A [n] K ik F
0.945, ZEA GBI RAN G [RIRAT LUE H A SCHEH )
W 2% 3R 15 T B A i) F1-Score, 5 8] 0. 921, 10U £ F|
0.855,MIoU #J A3k 5] 0. 884, MK &, A LY
J5 ARG ) UNet WS AP READ TR K AY 12
Tt 256 PR AL T At — 6 SR ()1 ok

MS-UNet
+FReLU

original
s MS-UNet

label UNet

Bl 8 BB RITL, (@ (DFES; @ (Dis
Fig. 8 Comparison of results of improved modules.

(a) (b) Broken clouds; (¢) (d) thin clouds
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Table 1 Index comparison results between improved algorithm and original algorithms
Method Precision Accuracy Recall F1-Score IoU MIoU
UNet 0. 890 0. 868 0. 787 0. 835 0.717 0. 760
MS-UNet 0. 881 0.936 0.941 0.912 0. 839 0. 871
MS-UNet+FReLU 0.901 0.943 0.945 0.921 0. 855 0. 884
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Fig. 9 Comparison of cloud detection results of different methods. (a) (b) Broken clouds; (¢) (d) thin clouds
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Table 2 Comparison of indicators of different algorithms
Method Precision Accuracy Recall F1-Score TIoU MIloU
MF-CNN™ 0. 893 0.878 0. 886 0.914 0.795 0. 833
SegNet™" 0.828 0.873 0. 833 0.831 0.711 0.763
DeeplLabV3_ResNet50-! 0.931 0.930 0.877 0.909 0.833 0. 863
DeeplabV3_ResNet101! 0.912 0.938 0.923 0.918 0. 848 0.877
MS-UNet 0. 881 0.936 0.941 0.912 0. 839 0.871
MS-UNet+FRelLU 0.901 0.943 0. 945 0.921 0. 855 0. 884
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