JAk

5533 % 55 1 1) E + % H OE K Vol. 33, No. 1
2021 4F3 /1 REMOTE SENSING FOR LAND & RESOURCES Mar. 2021

doi; 10. 6046/ gtzyyg. 2020090
U P—I, 5980, JTC AN TAREEHERY Landsat

f%ﬁh(ﬁ“]

R A3 e[ )], B R R, 2021,33 (1) 1102 - 107.

(Qiu Y F,Chai D F. A deep learning method for Landsat image cloud detection without manually labeled data [J]. Remote Sensing for

Land and Resources ,2021,33(1) 102 - 107. )

To N T AR iE B Landsat 5212 = ke MR B 5 2 7 ik

PL—
(WL A% 3k

BE. =M= RNE Landsat 5

i

CAR A B IR AR R IR T T Landsat &

A
B, At 310027)

1% ey ORI

HRE , (TR E 2 FU 22 10 2 AR )1 ORI RS O B T PRI, 5 BN ARt R R R MR R RN

B, AN TARE A S FERHE AR TIN5 HA SEAME R 3255 W2
Bz Az B A AR R R 22 3] i, 1008, R ML= K B9 CFMask #&0 Landsat8 5

AR K SCEER  — P
UG LB SR)5

R RN TR EE BT AN IR BE A R 22 R 2T 5 i, I P T A 2 A %ﬁ@@*ﬂ’]z&ﬁﬁﬂ%o
FIGLEAFR N, IR I A S B 85.55% , 15 CFMask 45 AR LURS BEA Fri T, LA FHAE AR B Il 2

TR B I 45 RELIR S T 4G I 2 A 2 B 2 1) R B T 4T
KR . M 7‘“/\{9]“ Landsat8 5
hEZESES. TP751.1 XHEEREME. A

0 3l
Landsat &%) T2 H 1972 FF LB 25— HIFEE
Xof LI , $rAE T 4 R L A 342 46 ol 2 JR
SR, FRT N e )2 0 i R AR R 2 — ., AR,
Landsat 2% LR 5 HAE2AL G —FE B 5% 3
=JE R W 5ER Y] R R S = 2
B R A E X R 2 Ny 35% , BRI N2l
58% ~66% ' TEISIEAR L s RPN R R
Eﬁﬁﬁiwadﬁé%@?’ﬂiﬂﬁ%ﬁﬂﬁ
W T B R, SR IE T 4% SR A YA
P, I, == BRI Landsat 52450 5 A 7
HYHEIATY

H 717 9% [E b 5T 8 A5 J5) ( United States Geological
Survey, USGS) ‘B J7 i | CFMask ( C function of
Mask ) S-S A8 1 2= Fl = BT, e il 45 SR
YE R J P PAR (quality assessment , QA) I BERAE T
Landsat Collection 1 Level 1 7=/ #, CFMask &2
Fma%k( Function of Mask ) E¥:14 C 15 sz 07 ,

I AT Landsat 52458074 % B RS2 T (top of
atmosphere , TOA) W B R S5 B B BT s

=
=1

KRB
EE€WHE:

2020 -04 -01; f&ITHHA. 2020 - 06 - 02

AR BTREM 4 15 Lo
XEHS: 1001 -070X(2021)01

-0102 -06

Fz BHRZ 1) W 3L 1 S B (B R U] 32845 2R A 7 K
W, P IET BERLI B AR B R = = ]
SERM ST N T2, (0 52 B4R IR AR 2 A Hh 357
B RS Z 5, 5 (EL A 128 55 5 LA
P2, W H A T ORISR A S i K A,
BN FMask B 17 #8120 R, 3900 1% 07 %
A PR R MERE ' . BRI Ah, H Y Landsat
SR 5 M1 2 B SE AR 7 VA A 46 Z2 B AR I v AN 452
T, ZEAERINEE T =M s s
P, T A H e e R A 22 B A R AR B DI T 2 Sk
ZAGINEE S BARIITSE S, 52 W 22 AR G 1
BEA A5 T 2 KA B, (8L 7 S B o7 FH i Ay
Y A6 25 e AF 222 Y s X AR MEARERU TG = S AE A
22 R T IA Z B AR s, S TS

T AR 2 R E FO G R Al 115 1A
TGRSR s RSN

BFSZ AR A — b DL AL
TR H’J’fzeﬂ%ﬂfﬁfp% AR =M
BRSAAGINR T BB Chai 257 FH Seg—
Net BHEMGERN TN = Ha sPIST s 4 12K
S, 5580 T Landsat 5212 F = Mz B2, UREE
2] 7 B OB AR B AN SR 28R

[ R p B & TR I TR U b XK RS B G KE W AR D iR ST (45 . 2017 YFD0300402 - 3) FIE K [ 4K

Bheg 2R I H 22 WA 8 I 1R B b b HURY I 28 R 5 07 BT 58 (45 < 41571335 ) Sl B¢y

E—EE:
BEEE:

P—W(1995 - ), Zo W50 A, MG T 1] Jy 38 R AR PR 5 . Email : rs_qyf@ zju. edu. en,
SERWE (1974 - ) 5 B ZR , WF5T 7 18] R iE IS 00T . Email : chaidf@ zju. edu. en,



1 PL—mL, 55

TN AR Y Landsat S48 2 KR BE 27 2] J5 i . 103-

XA Sl N TR 7 R SREUY | B
ARy FERHS A 0 AR T IR T B S
(EAIREY O T RPN R A 4R T s e
SRR AN 78 A ORI M B BRI
R T N TARERIER ], BRI A ETETT
SIS 2 T —E M2 " (R A )
BB PIARIIBE FIE B HEE .

FEXT iR ISR = Al S R I 7 Y AF AR Y
AR, AR S 32 55 W > AR &, FIIAT CFMask 7~
A 2 2 TR AGIN 25 SR S 553 B 2 I AT 11
SegNet TR 22 P45 BN Grad BEAE I TR
TR S . BALYIZRSE U , %87 R A T 46
DI BEAS IS B2 | o AL F R SR 45 2R . B AEIR
TR BTN TR T B I 2R R i 2 o 26 5 B 47
Landsat 5215 2 Fl = BISZ AN B n] 151, W I 22 52 B
TN TEE ) 2 Fl 2 F S AN 25 JEA;

1 R

1.1 #iEfd

SCESHHESE H Landsat Collection 1 Level 1 7= 5h
F Landsat8 = 78 55 ¥ 1l (cloud cover assessment ,
CCA) KiFHcRgE ™

Level 1 A% 10 4> 30 m %5 [H]) 43 HE SR B
14~60 m 25 [A] 73 BEAR A 2 (i B, DL QA DB,
QA P B P L& 1 = M = BTS2 A5 BARYE CFMask 5
TR RS 1 A ) QA JBBE bit {37 8 14 B Sk
[ 19 J4248E1Y 59 28 QA B BLE M BRI AT U2
A MNP PN 2 Y WS

%1 Landsat8 Collection 1 Level 1 QA i bit fir i

Tab.1 Landsat8 Collection 1 Level 1
quality band bit designations

[IAERS! B [DAERSS S
0 W7 8 =BG
1 Hb I S0 Wi 9 T/ UKE AR
2 4 A 10 /K EAEE
3 AR A 11 BrEFEE
4 = 12 BrEFEE
5 nEFEE 13 —
6 nEFEE 14 —
7 =BG E 15 —

M1 PR, QA (H_HERIE S 4 MR iR
PR SR 7 RERIER 8 NiAEAE = IR B AR B X
FEA bit AR BAIEDL, LSS 4 (0 R 6], 5 H
B0 FRIZBEIHE DGR EEN 1 WA BRE;
XFTHR bit 17 2R 15 8, LA 7 A5 8 £k
1], e s S B 2500 R <00™ F /R ANAETE 2 B
Wy 017" Ko = B A0 1 B A5 BEARAR (0 ~

33%); “10" FnhEEGEE (34% ~66%); “117
FoRB(EERE (67% ~100% )" . QA i BrAgiL
HER S BE 1Y) 2 FD = B AL (BT A7 AE — 2 1R
2 HEAAREIF AR S UERa) . ARSI 30 m 23
) 43 0 5 0 B 2H 4 T 10 10 38 T8 22 D% B S AR 0
TOA FEULS I3 T2 B I BEAE Sk faw AN 8080 8 QA
B BURAE AR IR R RN 2R SegNet 57

Landsat8 CCA BiFEEH USGS MR G5 5
Blegue g sma N T =0 TR L=
= oML B ER, BiFEdEL %6 75, 144
O3AG T AERA KM, B S e AR A HE | w A
/K IR DL R K ek 8 AN [ 1 A W e
K R, Landsat8 CCA BiF4d LT
TGRS SAERE AN S SR Zod 72
1.2 BUEWALIE SHEAEME

T Landsat SR EIIRECK , B AIREE ML
W& 7 HINAE ST, IE AR BILES (graphics processing u—
nit, GPU ) fRMEGHH, [H K 25 3 S VTR AR &
512 23 x 512 B ZE K/ FHIFAEMEN png 4%
X, MR A —SOR RS B TR R, N
T RS BARIBGT R, 70 AL A AR B S B T 3k
WEMABR RN HEGR, &5, B E5R86
120 1> 512 183K x512 BE KN THAERN
B TESTR 10 NGB 14> QA JEEL,

AR T 3 ANFEARLE, 5. T
SegNet IZEIIIGAEALE T HLAL M ZE S5 50T
FEARLE | LR 5 SPEA I 45 P R 10 I AR AR5
AWFFELL Landsat8 CCA SilFEdRAE R 96 g5 bt
GRS X S 5] A T Rk B A I AR
YIRETE XM HAICRYE . 96 M5t A 64 1M
SORPRE R 2 P15 AR TS E KX 64 1M
SRR YIRIE T 54% 80% 1 20% 1Y LA AL
S RVIGEARTISUEREAS 3 HAR 32 DGR
B TAHINAAEASE o YIZR ok e A S
TR R A RIE SRR 2 PR,

R2 BEASTFREEMTHERGHE

Tab.2 The number of subscenes and images in sample set

AL YIGAEASE  BIFEREARSE MR A S
TR 6 396 1575 3 966
VI EG SR 70 356 17 325 43 626

Fic 996 244 242
FCN 610 150 749

. TEARHL 509 125 871
ﬁ?izﬁ b/ A% 799 198 485
g;;ﬁ =k 680 168 618

I i 898 221 378
BiTs: 803 196 499
7K sk 1101 273 124




. 104 EH £ %

WoE K 2021 4F

2 =Mz RAPmINEE

ARSI R SR AR A 1 R

Landsat-8 collection 1

Level 17 i
EXrcimmyT ¥
: i}
BB R | i
~{Ewen
v v v

E\w&#¢¢|\&w#¢¢\|mm#¢¢\

i :
I 248 2 $ gi
i

I £ 0 5 A5

I ERIIEEES egei
BRI SR |«

AT o3 3l
v By
TAHRQA bt Hi ik #61k, -

N BRIV BRI &5 2R

1 | Landsat-8 CCA i

AR e
WA RbR T

1 IBHRERRRE

Fig.1 Technical flowchart of experimental scheme
AT = A= B AG AR Ay o S5 )

T

%
b
s
B
ki
&
)
ik
9
g‘kl
Vix

FIHRE R 525 00 25 [R5 S I BB D G AR X
BT 8], 5 KRR 1 1) QA BB i AR
GG n AT S A TRy o Vo) W U3 ) Tl R i35
PPN 57 Rl
2.1 SegNet 1&EEI

RIS ICHR[20 | M9 T SegNet 1 L3 H|
BRI LK S5 anE 2 s, M A SO i
MAE 0] A AR IR 42 3 i 5 2% ( Encoder) | i i #5
( Decoder) F1 Softmax 432 4% , & J& B ik f thh )2,
56 i B v 115 R oy ML 55 . SegNet 1J LL 4%
ZAE R RT W A R, F R R 25 0 1) g AR 3
A EME A SR T RE A M A= 2] R Landsat
SARIE , B E LR R A R GE TEEC 10, A
SCrb A EHRRSE 512 4808 x 512 48T, 4
AT VGG M4, B RZ #IT—1L)Z Re-
Lu S0 ZFEALZ , BRI R 3 180T x3 &
TTRNERK 5 — EERE DB E
h 96, WAL JZE R ] s R ML ERAE  JF Il s AL R
g1, BB Z 0k g % 4% 25 B 5 2, SR SRR AR
FERRLESR I s A EREZ UL 55
FR)Z —— X W 1 S 45 BR 2, F1H 2 5 B B DR A 1)
RO AL R 518 JEEHR R F 545 B, A e 4
FHIE, St — ff a5 45 48 KOs /b 1 B AL iy 3|
e S O G SV & P DU PR U (1B I F
PRAVE R At e i) s 24 R ik 1] F 45 A Softmax
o3da T T P15 b 2545 3R A i 28 il #9830
A kOl IE RSB AE B (R AR, R
TS ARG B, A R ME R R 2 )
g L0 R LA

JEONIER
P BN SO A TR

B GBI E+RELU
B AR HEH— fE+RELU

| firT

|

A FR A Il Softmax 7 54k

B2 ZET SegNet HyMKLEH
Fig.2 Network structure based on SegNet

2.2 BHREEMKINZ

SegNet 1 73 HIRLHY I 25 LA SE SJ 2% pR AL
/MUK EBR , (AR FR I A A B T 245 S5 nT
e 5 TS hn T AR B AHVE AT . BIAUR H S ) f%
#& (back propagation, BP) 8k 115 X 2% v Bl 4
FRR PR B, I 45 DAk 2% ( Optimizer ) DL TE
B SE, SRS SR B/ M . AR SCEE R E 3

JEAk 11 (adaptive moment estimation, Adam ) 5 15 AE
FEAAS , Adam & — T [ 38 W 27 ) 3 A K T
125, SERG IR B RBH G b A DRt 2% pRI SO SR P Ak )
L5 HA A A AR GRS R R
£ Adam B— A AT R R E R 0.9,
TR TR IR R 0. 999 5 2 2 MR IR (A 1%
FENE -4 FER—50 S 8000 R v T2 )



513

PL—, 55 EANTAREEEE Landsat S8 2 AR BE 27 ~] J5 vk - 105+

o TP S R X R BUZ
17T RELU PREGHIE J& , % T —> dropout 2, LL—
SE MRS P26 E YR8 TT , AR SCRABOE A1
BHHO.5,
2.3 RETFMH

BT RE B Landsat8 5215 2 12 BH 2 AL 1)
K EE A SR BAAKS FE (overall accuracy, OA) FlI
F1L P EVE N PP R bn . SRS BE 2R Ry e T 25 2R
T RIER R R o A AR 2R R A
MY LGAE, F1 538802 X0 A5 B 25 R 1] 32 (4 3 - 3
2 DPERHEPR TR A 500

ZiNii
OA =2 — (1)
> N
ij
2ii
Fl, = P (2)
pi tr

A i, MEIIRRR; FLORES i /Y F1 208G N,
FAE T j UG ICT 20 @ AR ; p Al r
STAIRZER] i AETRERNA 1R TR AT

rio =N/ Y N, (3)

pi = Nii/szij o (4)

3 IR R AT

R T VAR AR SO VR A R E R AT AT Rk
FEREIAT = A= B2 A, FF 5 CFMask 7% 2%
I 0T, CFMask J2& Landsat ‘B 5 = K5
2, AT LIS KT ] Landsat S2AZE1T TC MR A | 25
ABYERERL  BARUERME
3.1 TS

MESZRZE AP ER T 5 AU S TR D
#r, e 3 Fios, AR 1—5 B sy B T AR
IAE IR T Db T BT 43 0 R S b vk AR
(HEAR) AR Y ; A AU A RS b
T EAE A S IERIN 45 5 DL B CFMask A6 25
B, B4(R) ,B3(G),B2(B) AR, HIH
A Landsat8 CCA Fubd R @ N T = iE =
H 2 BASEAAR , R 235 5l EAE i = B .~ G
=gIer At S AE AbrR, BT Land-
sat8 CCA Kl BRI = Fl 2= S A bRy
X535 T = 200 5 2= 2850, i AR SCJ7 il CFMask
FRAEIAT 20 2= B SR B S50 AS X 03 2 B JE T
.45 Jf Landsat8 CCA 5 £ 4l iy = Fldi = 2

K3 =P HRNER
Tab.3 Cloud and cloud shadow detection results

A3y




. 106- EH + %

DN, Ge—NE R IR THR N PR BEX S5
SERIEATE T AT, WAEAR RS IF b B DL B R T
ELERAPREEE . X T Landsat B0 0 52 bR FHT &
WHFINAAGICHE Aot To ik =5
2 G FF A S5 i XA A Ot e )
M8 3 AT, BRI &, AR SO TR EAR R AR S IR
=BT B 2500 55T YRR HH i = F
IIRALE RS = = B R BOh A, L
CFMask 455 | A SC 7 346 0 H B 2 A 2= B 52 o ofe
1, 5 BB D CBE B B AR, AR SOl Uil i 7
CFMask A RAH 093 3 H 1 S50 M i)
=2 N 3 SRARNE S E AR 4 5
AT CFMask Jiikgsi Rt 24T TR L2
MBI , A SO ks T ik — R &,
3.2 EENW

Rt — A RAE R I A ST A T AR SR
FH Landsat8 CCA 5 iiF i 4 ol Az ) 245 SR 4 70KS B 4
UE, RALEARKEEERN F1 340 2 MEPRIFF T E T
SRR 4 PR, B A SRS Bl 85.55%
= R RTE = Z W F1 28050 R 78. 14%
43.86% F190.62% 3= T CFMask Z55%, {HIF—$2
R, SRR EE AR AR 2 BF S RGO ey, 1
Ao IR BRI E O |, A SOk 2 R
MIZESRY F1 43805 CFMask A T 5, FURS i 28 A
35.5% $= 3] 44. 5% B BEA T A —E R L RENS
U RN SRR EE | Ak PR AG I,

T4 MR NG RITEN

Tab.4 Evaluation of detection results (%)
iR 25 ARSIk CFMask
= 78.14 77.39
F1 534K =B 43.86 41.84
Tx 90.62 89.87
SRS B 85.55 84.27

XF 8 AR X AT RIS, KE TR
DX ARSI B O T AR IR 37 5 N A9 CFMask 2528, L
L SiCHE R R F SR R M RIOK ) S A
TEVR X BORG INPRS FE 4 1 90% i g R = Fl =
FHSZAGINAS BE N 91.49% , %5 CFMask 455421 148
it 10.6% A PEREHE T 2 (HJE, AR SO 7
X/ DK X Sk ARSI 25 RS B e 2, 3K — s 7R 3
()2 SEAR P WA B ARBL, 253 007 A AT g
TUNZRFEAR B0 7 33 X 2k A o B e A (fE
T 60% ) , T B BRAR A7 B hod ik iy +
PerE L Z A0 AR 0 1E A B BBCRRAE DR o 4
ENZE AR LA KA ) R, 76 5 S 58 T U A At
Tl U A — A 07 08 LA o G 0 P R R R

OB R 2021 4F
4 ik

1) ASCFIH] CFMask 60 45 R TARTE
G ZE SegNet 15 Lo FIALRL Kl Landsat 5214
ERE MBI, 45REY, AT e S
Landsat 5218 1 2 2 B2 A I, R AAOKS B 3k 3]
85.55% , 5 CFMask 45 AH LA — 2%, kW] T
AR AR BRI ZRIR P B3R A T = =
BRI ) B2 AT A T

2)ARIOOTEGHE T AR E 7 D it T m s
BHSZASIN I (O KR R G = = B2 N ARTE
Hea bl , AR T INZREAE R SR IBURAS | Ay Jm Seat
FEBLE FEA

3) AT IEAER G BE A i — 4R 1y =5
1], — 2 I ST TAESLE I 25 G AR e A5, %o
PRuEE ) AR, Ik S 5 = IR R,
IV 2 IE J5 T W 28 AR I 20k i — D 4
Landsat 5215 2 Fl 2 BSZRIIRG

52 3k ( References) :

[1] Foga S,Scaramuzza P L, Guo S, et al. Cloud detection algorithm
comparison and validation for operational Landsat data products
[J]. Remote Sensing of Environment,2017,194:379 - 390.

[2] JuJ,Roy D P. The availability of cloud - free Landsat ETM + data
over the conterminous United States and globally [ J]. Remote
Sensing of Environment.2008,112(3) :1196 —1211.

[3] Rossow W B,Schiffer R A. Advances in understanding clouds from
ISCCP[ J]. Bulletin of the American Meteorological Society ,1999 ,
80(11) :2261 —2287.

[4] Fisher A. Cloud and cloud — shadow detection in SPOT5 HRG im—
agery with automated morphological feature extraction[ J]. Remote
Sensing,2014,6(1) :776 - 800.

[5] Zhu Z,Woodcock C E. Automated cloud, cloud shadow, and snow
detection in multitemporal Landsat data; An algorithm designed
specifically for monitoring land cover change [ J]. Remote Sensing
of Environment,2014,152:217 —234.

[6] Zhu Z,Woodcock C E. Object — based cloud and cloud shadow de—
tection in Landsat imagery [ J]. Remote Sensing of Environment,
2012,118 .83 —94.

[7] Zhu Z,Wang S, Woodcock C E.Improvement and expansion of the
Fmask algorithm ; Cloud, cloud shadow, and snow detection for
Landsats 4,7,8,and Sentinel 2 images[ J ]. Remote Sensing of En—
vironment ,2015,159:269 -277.

[8] Irish R R,Barker J L, Goward S N, et al. Characterization of the
Landsat =7 ETM + automated cloud - cover assessment ( ACCA)
algorithm [ J ] . Photogrammetric Engineering and Remote Sensing,
2006,72(10) :1179 —1188.

[9] Hagolle O,Huc M, Pascual D Vet al. A multi — temporal method
for cloud detection, applied to FORMOSAT -2, VENuS, Landsat
and Sentinel — 2 images [ ] ]. Remote Sensing of Environment,

2010,114(8) ;1747 - 1755.



513 PL—M, 55, A THRIEDER Landsat 5208 2RI BE 2 > 71k . 107-

[10] Molnar G, Coakley J A. Retrieval of cloud covee fromsatelltte im— [17] Deselaers T, Alexe B, Ferrari V. Weakly supervised localization and
agery data — a statistical approach[ J]. Journal of Geophysical Re- learning with generic knowledge[ J]. International Journal of Com—
search — Atomspheres, 1985 ,90 (D7) :2960 -2970. puter Vision,2012,100(3) :275 - 293.
[11] Ricciardelli E, Romano F,Cuomo V. Physical and statistical ap— [18] U. S. Geological Survey. L8 biome cloud validation masks [ DB/
proaches for cloud identification using meteosat second generation OL]. [2020 - 04 - 01 ]. http://dx. doi. org/10. 5066/
- spinning enhanced visible and infrared imager data[ J]. Remote F7979300Q.
Sensing of Environment,2008,112(6) :2741 —2760. [19] U.S. Geological Survey. Landsat collection 1 level — 1 quality as—
[12] Amato U, Antoniadis A ,Cuomo Vet al. Statistical cloud detection sessment band [ EB/OL]. [2020 — 04 - 01 ]. https://www. usgs.
from SEVIRI multispectral images [ J]. Remote Sensing of Environ— gov/land — resources/nli/landsat/landsat — collection — 1 — level —
ment ,2008 ,112(3) :750 - 766. 1 = quality — assessment — band.
[13] Zi Y,Xie F,Jiang Z. A cloud detection method for Landsat8 images [20] Badrinarayanan V,Kendall A, Cipolla R. SegNet: A deep convolu—
based on PCANet[ J]. Remote Sensing,2018,10(6) :877. tional encoder — decoder architecture for image segmentation[ J].
[14] Xie F,Shi M, Shi Z, et al. Multilevel cloud detection in remote IEEE Transactions on Pattern Analysis and Machine Intelligence ,
sensing images based on deep learning [ J]. IEEE Journal of Se— 2017,39(12) ;2481 —2495.
lected Topics in Applied Earth Observations and Remote Sensing , [21] Ruder S. An overview of gradient descent optimization algorithms
2017,10(8) :3631 —3640. [EB/OL]. (2017 - 06 - 15) [2020 - 04 - 01 ]. https://arxiv.
[15] Chai D,Newsam S,Zhang H K, et al. Cloud and cloud shadow de— org/abs/1609. 04747.
tection in Landsat imagery based on deep convolutional neural net— [22] Kingma D P,Ba J. Adam: A method for stochastic optimization
works[ J]. Remote Sensing of Environment,2019,225.307 -316. [EB/OL]. (2017 - 01 -30) [ 2020 - 04 - 01 ]. https://arxiv.
[16] Zhou Z. A brief introduction to weakly supervised learning [ J]. Na— org/abs/1412. 6980.

tional Science Review,2018,5(1) :44 —53.

A deep learning method for Landsat image cloud
detection without manually labeled data

QIU Yifan, CHAI Dengfeng
(School of Earth Sciences, Zhejiang University, Hangzhou 310027, China)

Abstract; Cloud and cloud shadow detection is an important part in the production of Landsat images . In recent
years, deep learning has greatly improved the accuracy of cloud detection in Landsat images . However, deep

convolutional neural network model training relies on a large scale of labeled images , and it is necessary to

manually label each pixel as clearness, cloud or cloud shadow. Manually labeling is rather costly and time —
consuming , which is not conducive to train practical models. Inspired by weakly supervised learning , this paper
proposes a new deep learning method for cloud and cloud shadow detection . Firstly, conventional cloud detection
algorithm CFMask is used to detect cloud and cloud shadow in Landsat images . Then, the results are used to
replace the manually labeled images to train the deep convolutional neural network model for cloud detection .
Finally, the model is used to detect the cloud and its shadow in new images . Experimental results show that the
overall accuracy of the proposed method is 85.55% , which is better than that of CFMask and indicates that it is
feasible to train the deep network model to detect cloud and cloud shadow without manually labeled data .
Keywords: cloud and cloud shadow detection ; Landsat8 image; convolutional neural network ; semantic segmenta—
tion
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