534 % 452 H & W H & Vol. 34, No. 2
2022 46 H REMOTE SENSING FOR NATURAL RESOURCES Jun. ,2022

doi: 10. 6046/ zrzyyg. 2021128

SURR . X0, E6HE, B LA 55, JET DenseNet 513 WL B AR a0 B (1], H IR BEIRIEJE, 2022,34(2)
88 —96. (Liu G J,Wang G H,Bi W H, el al. Cloud deleclion algorithm of remole sensing image based on DenseNel and allention mech-
anism[ J]. Remote Sensing for Natural Resources,2022,34(2) :88 - 96. )

3T DenseNet 573 & J7 0L BY 38 B S2AG = for i) B4 vk
)3, g, BRI N ERT, i

(LB EF W AFIT5E G M5, thN
£l

2211165 2. HAAFRMBE LT BB N A T,
1000485 3. #¢ Al & £ H A R ST E A =, M

234002)

B BRI QA B R TS — 2 BRI GU Y AN 3k R S A I RCR 22 1 TR AL, i 3C
Pt 7 — PR U] B T M A B BOAAR AN T o e, B B ARG UR R IR TR BRIV b R
PRGN T AW m R EIFHE bR 2E, PR AT IR 85T (R P 3 e S5 AL B, DU HEAR & AR )5
Al BRI i ) 28 R R SRR 8 — 4 A B L DenseNet 75 4% -5 A 4% i O 1 22 R 265 o, 2 it e e 9 i 22 1)
IR 1) 25 ) 2 B B LA RS2 I, WU ML) 5 4 BT SO AR LA R — 26 TE G i A5 15 8.5 s
o3 SR UE R B HORE i 55T UK H 95% LA b, ST FE AT LAGK 3 91% LA b, BB 48 = A I S A BOR 4R v , mT LA

A AR BN =

KR : =K ; DenseNet; BUER ALK ; 48 1 F SCEBRH,; 23R

FEESES. TP751.1 XEHRER. A

0 5l%

18T A2 1) H B A AT 3R O 2 32 1 R B
ARE T ROR AR g, ARSI R R i b
(A5 S AR 32 LT T Al A2 7 B BB K <
FUHR EFUE | E S5 U, B E Y
BRIARBOL R = AF R W WG, h T =1
HEPS 7 M T A R JE 1 e T AR AR IR, 4 )5 S Y
SCAROI TR R TIRIME ' 2 o BT BB R s
R 2T E A B — B, 2 A AR B S
JEXE o0 A i A BRI

AR A Tk KRBT A 3 B T LA 4
D7V T I BB M S B R B A Uy vk S
TWREES T WM Ik o s ROk N i
G Tk  ORBAR, A SO 38k . 5 Ry
LRI T BB EM T AR ZEA N E, WS
BOAAT LR BB A0 A 0 4 2R, 3 T 0 B A A
LT BRSO BRI AT AR . T IR
A A AN T BN, ST g £

Wi BEE: 2021 -04 -23; EiTHHE: 2021 -07 - 14

XEHS: 2097 -034X(2022)02 - 0088 — 09

Ui PR A 00 R T i B 1 1Y 2 T T e
Zhu S FMask 303 0 5o 15 I B 0K 55
i Landsat T 2B =M, FEEE TN =
5% R, Otsu B35 A1 K — means J8% 101 4
S 0 %) R AL P A ARG T, R T R A A
S G R 2 o B — AR v U R A e
3 RO AR K R B, AT 23 B8 ZY -3 5%
BRET s S E 5 LI s AR, (B b 3R R
(1 b ) R 7 5 PSS (] CFMask
IR Landsat8 S48 00 = K= B2, 4% )5 A H:
SRREN LA a2 5IRE 2 4%,
PN R ) A58 B 4G DU LB = e = B2
25 R e IRHLAG T 45 2R LU Dt I b 2 4 B8 B iy 5 SR
FHAE I R B e A 0 I B BT A5 1) S PR AR
i FHEBCGRRHE 5063 R AR 45 6, Bl SCRR )
ML 6 o — 5 B ARG T = )8
P40 ol PR R 5 25 0 81 O o S UM 22 R 45 4 45
B R APE B R X 5L 50 Osu HEMHN, &
R IDRG BE A B R R 5 X 2 e U ofss R 1
HLHIAE TR B 4 45 R b 28 ) 45 455 780 A X6 b, & 30 XL

EEWHE: HEE ORI 5 3 5 AL 3/ Calileo/ LIDAR/G A % 8 19 8 BT Z 4k R E A R AR (H 5

2017YFEO119600) % Bl »

E—1EE: XTHE(1998 =) T AL FE A WSS 05 1 R ISR AR . Email: 1538868186@ qq. com,
BEEE: U982 —) 5 S TR, B 7807 17 AR G M5 SRS A . Email: wanggh@ lasac. en,,



%24

XUP e, 4 T DenseNet 58 YL HIE BB (R 5 Ko 3% .89

T 7 HLHIRE R T 2 A U0 S o s 9K 0
g PV Unet [ 45 25 M REAT Ol , 40 L 2% 15 5 25 45
HARSS & 4R E T B Z AL RE ), lEAE 529 Unet
AR TR RGNS B SO0 5 Tk 22 214 U A B Y
7E Unet BEIE0 ) 25 2 P 51 AR 25 B B, T LK %6
A P e Tl AR v, AT LA AR G A s
ZRBEMREZ; B R I8 R
B 5 SRR R LA GG A T SR AT A I, AT
DA Lo i G 0 £ 9 2, (R B e R R I L K
AR RGN H Y S 5 EPEREIE,
i JH ResNet 11 g 4t 2 2% 5 fif 05 2 , ok I o 42 35 4
SIRUE 2 S AL, g T o 5 % i % 2 ] 4 A
e T B0 25 3 4 S A R B L 4R A5 1 £ RS
FRAIE ARG T 2 K RS

W 25 TR 2 >0 B B T 4 | Bk B 2 1 1B
R LB ] LS A T R 2 ) T 18 B A Ak R
Peo BT FRETY, A SCHE R L
3 4 T 12 I 4%, LR e TR B 2 ST B ik A /)
Bz R 25 A B, 56, f5 %€ D - LinkNet |4
2110 (i 24 B 28 A B 2 JELAEL, il ) DenseNet! ) 5
it 5 AP % LI 2 ) B IR U2 0 I 4 S5 4, RiE
W HRIE Z 0L ARG, A2 S A [ 3 L]
GCNet — Block " A L8 47 i 42 i b F 3£ &, 3
U 783 5 e U 8 A A A 1 2 1, e
A T FHI A 5L 0 i % 30, o IR0 4% RE 06 1 5 50
HYRRAE 5 B , 283 SI6 1 25 ) 45 LA A, £ I 4%
TEAN T ASFRAE R 23 B R A AT AR T, 3 K2 B, o
TS ) T4l 3R 5418 10 42 R 5 B, e 4 13 2 B BE 75
FI P A5 5 A 0 2 Y B SRR A5 ) 10 4R AE 1
TRBRBRBEHE , 520 T 0F 4 T 2 9 B 45 1] A 45 FiF F
.

I BNEENINH T REENE

1.1 DenseNet Z5%4
DenseNet 4% /& 2017 4 i1 Huang AL20] 4
DenseNet f&% T He 2512 J2 11 ResNet [ Bk i 3% 52
DAVRCAR A0 T B 4, DT )11 2 380 B 982 1) 245 1) S
T, HIRAT L 2 JR T B BRI, DASR R KA %
T E T IR, DT I 225 3] B8 R 1 R 45 . ResNet [%]
S SENN WP
x, = H(x,_,) +x,., , (1)

e v NS L= U RS R RR AR s H D9 0 AR
BT AR A — 1 U S 815~ 2R L R

H AR
ResNet fRAILERIUNE] 1 TR o

e A A e

H(x)+x

@D #in

Bz

v

B 1 ResNet —Block &1
Fig.1 ResNet —Block structure

1Mi DenseNet AN [a] F2 HH A E R FTA K2, B
PRV A A 2 R 4 52 HERi T T SR A A
FNEE N, 9 AR % A (densely connected block )
ks 2 fis , A

x, = H(xy,x,,...

9xl—1) ’ (2)

o g,y o2y JFORHET L= 1 2 (95t Rk ]
P .

2 EEERER
Fig.2 Densely connected block

BARIE AT BRER P O AR B T RS BRI,
W T B AL R T I HON S (H B ) 4% 2 5K
R TR , T IE O R, S EE Ok £
ML HE LAY ZR B IR P25 . A7 It DenseNet i
WE T —AEER A (transition block ) , 411 [&]
3 Fn, ITE S AR R BIR Z 5  W 15 2 i FRAE (B 1)
I HR N A TR o (EAUGX R SRS RR
BN 3E Y, T LALE % A 1 B B b R R P 2 T
HB AR ( bottleneck ) 45 #4) , F FLARAIE (5] 119 38
TE OB/ J 35 SRR AT LA R 0/ N S 4
W) 2835k — > 3 SR FE T 2 5 I RRE 08 vT LR
H

C'"'=C+gn , (3)
Arf: CNEIHEEEBRRZFEEEL; CHh
I AR B Z R B R g Sl IE Y
K3 n NEBE.



- 90 - H % %

W R 2022 4F

-

|

el

3 HERER
Fig.3 Transition block

T B AR B L 48 i) R A B (transition
block ) A H: 38 ﬁiﬁf‘r&dﬂ)ﬁﬁﬁﬁﬁ L IRHEAT R R
=S SN N N N0 IR A2 8- 75 ) =
1.2 FEEANE
1.2.1  aEFE L)

Bl AL 1 R, 25 A e 2 7 B A 4k
PR, U\ﬁﬁ@ﬂ‘ﬁm%{fﬁﬁﬁfm B, BN
O Y SRR E =Wk /B3 BB = RGN <Ak I\ | RS F A= R &
pEWALIN 8

T T S WL o R 4 2 SENet'™ |5 i

JE45 180 ( squeeze — exciting ) (1Y J7 20X} & /™ 18 18 gk
FEIAL, SEBEXHE B RR Ml IE e e, (5 B b
FA)E I D3 g B B /N AR, R A 7 AL R v )
BT 2 A% CBAM ( convolutional block atten-
tion module) ™ Hr PR 8 1 8 MLKE T T
JEFNAIL, SN 1 W o RO T ML ) 3 A
BEHmE 4 FiR

} ' .

(IX(TT AT
m B softmaxg X CxXH*xW

CxHXW
Q #HE @ M

E)k/bi’«ﬁ

B4 BEITENER
Fig.4 Channel attention model

B E R B A AR RGN - SRR AR
EIABIE Cx NCHP N = Hx W) R/, BEEE
N x C RN, 5 T3 — A BRI i R 11E [ 4 4 A e
35 € x C R/PFFAE KL, 2485 softmax J2, 153 5]
AN E R AUERAE R X, 52 G R A ##17
FEMEAIERATE C x N K/NFFEE], 2 T2 C x H X
W R/NERHAE IR, B Ja 5 IR G B A SEAT AR BEAR N,
P B EIAUE I RHEE 7,

(B BB B B N CBAM iy =5
[8] 74 & /7 ( spatial attention model , SAM ) #i e | Hip 4
W I BRI I 391 o) [v] — A3 B AN [R5 3 A T 4 Ry
AL 5 4R T YAk, o A BUETE RN 1 1Y
FRUEIE R J5 K P o PR , ki 2ok — > A
RSP 7, R 3 596 B B 8k 1 R4k

] 114 36
Hi.

TR 3 g B P o B T 3 A e U 2 el 1
A A SR g i) AL A B A B AR, AT A T
RJRFFAE . HIRISE A S P o

B 1, AT 3 3 0 RO A7 AN 119

— [J——mtn ® i B Him
ftmax CxHxW
[
ST
I_>[| AR ; D ?
| D 4 ESR

BS (EEFENER

Fig.5 Position attention model

PR RS BURTERE Y =Wk ey IRl s S i 7y
KEREAH e i 75 3 B RRAE B KN R (H x W H x W),
VA I 5 BAEAT T E4E, SR )5 HE4T softmax , 15
BB ERBUE S,

1.2.2 A B LT e

VL= WAL N | CIRYN . EE SRR E s WAL IN I RS A
FE YU, BRI T B MK Rk T
TR I AJRER Y In] L, {8 58 43 A A 42 R ) R 3C
FEIEAMER . PTLATEST Rl-G A LS
ZHT, ek e R B SUE B BGE K .

N T R ) T, 5 LR Y 2 NLNet (non —
local net) ™ T F 19 F& 13 7 L) 22 7 FRAK
i O 26 R 1% B 4 i PR A P, DT S 2 A 1SR AL
JREREAEEG . X TR, WA AR A S
JIT A AR S AR A B ] ARG R T S
FEAESEAT IR N, 7521 5 10 i AH G 1 42 JR Ak
B B2 R IR A B A A 1) s AR AE R, 2
TR SC R L (B 6) .

CxXHXW
CxHXW

%
(1x1)

xHxW] _CxHxWy
B B
(1x1)

Q@ P D AR

6 AFEERREE M 4%

Fig.6 Non —local neural networks

{HJZ H1 T NLNet N #4215 4 B iz 5,
RO RGN, T LI K R ] T NLNet fy
f#H, At GCNet 321 T 4k NLNet fiA<, B Simple —
NLNet, 74547 SENet 31548 /D AG &S, I AL



%24

XU, 45 T DenseNet 52y YU B BB R 7 K014 .91 .

AR ST TR, T T N SR T R
GCNet [ GC — Block #inE 7 frs .

@ kR AR

(’XHFV HWx1x1

I
I
I
BRI
I
I
I
I

| %‘*/E{(] x1)

|

|

|

lorx1x1 + |
' Hf)x | |
) |

|

|

|

' Woih)Z

[— =1

o A_r\‘l
=~ N
Iy
|-
|
Il g2
I| =
=
1| =
| =
|
[

E7 2B LETXEEER
Fig.7 Global context block

X GCNet HouJ LAyl 3 AP BoGie i %
i F 42 R 34t AL 2 A 7B SCERE (context model-
ing) , JFHRR/INA € x H x W —J7 TSt HARTE A € x
HW J/NBRAERL, T3 — 7 T T 1 x 1 AR R AE
RO 1, AL x H x WR/INRAAE B, 722 T8 i
HW x1 x1 K/NEFIER, £33 softmax 255 € x
HW J/INEYRAE B HEAT 55 AR, 19 3] € x 1 x 1 R
JNFRVRFE ], 22 0 R A 38 T8 )RR AE ] G/ NER A Sy
Ux 1, S8R0 T B SCHERRE . 38 204 43 ) ) 4
5 € x 1 x 1 RN RAAE B 28t — A 5 45
4y, BEARE S, [ e Dy e o b B A5, AT
BN TR R e MAH—{b)Z25E @iz bR gy, ff
JH ReLU pRBGHATHIN , 1 BHEL MR R, 5 1)

__________________________________

RIEGI e

o=

[(1°
1(exg

€)
Au0D)
Mg
1 (gxg)]Auo,

00 1gesua (.

Po[gesusg

&
cporgesusq

WIERL 5 =R R R AR 1] 5 A 40 s A AR
PR R A TR
1.3 ZEBRER

S BP R MG R AR B2 6 BRI 28 AL 1
HH R IX I R R/, Jeesz BB, I 27 i o 5 R AT
FI—MER ST ERAE AR R B2,
RIFT RN A RF AL 2 o SR BT IR/ N E T R 45
RETR ZREURFIE B 1 2 R AR B o 97 IR a2 B s HL 11
IHESHEI BRI (RGN R
—E SR IAN, T AR Deeplab V17 48 1)
A, R BRI A W (3 A& 20
O SAIFFE, AT AT LA 5 55 (58 M e ERe 5 E 8 o )
B, N 8 PR, FEALIE 20 [RS8 6 10, 26— 2N
S 1,2,4,8,16 K/NERR AT TFAER, J5
11 S 2R, e = SRS R IE E S ia— 2
A SRS S A, AT AT USRI B

E8 ZEEMEHR
Fig.8 Dilated — convolution block
MEEENNGNEEEZEMNE
15 SRS RER b, AR SCH Rl A i AL
il (0 B AR AR ) 45, BARBIRLES R AN IAT 9 I

1.4

pyoorgesua(y

Yoo[gosuaq

Hefisibe BRER 4%

§
it

TEVE R R

o

[DA-=RE- Wil - 8°3

il

|

:

B9 BNEEAVGIRZEEREME
Fig.9 Attention DBlock densely connected networks



292 . H % %

ay

W R 2022 4F

1) i g B Be: BT 4Ry 3 ME R &
— DR, M IR e 4 A ER AR 2H L B —
I RHEBRERAN R T T RN 3 TR LA
U AR B R/t e TE R 64 DL 555 ) 2%
XFARREIR ; 26 3R At n—Ae)z, HAE A
JEA BB N — 8RR b 22 IR T2 M 2% 1 s
JERTBORE s 2 =300 U=, ReLU af LUK Jin
W28 AR ZR AL, IF Al — 3 20 i 22 o i et 22 0 0,
WD T SR R AR EARE, B 1k 05 5 DU
I3 R IR WAL 2, d A 2 4 I R e Ak AT Y 58
I RGTIE D T 280 R B T
RIZE AR AR R ARE a4 4 DT
BT 5 e 4 15 e B2 IBURRALE | %85 4R 3% H 155 WA 50
P TR T HIC R, B R B A S b T &
Bt MEME AR T SHRIE" . b 4 ML
BB R JZ R0 6,8 ,12,16,

2) HhE))zE: Ho#id GC - Block $&BURHIE & Y
ERER L RUEE AU RS TACE TR S E
BRI R AT AL S BT SRR E , 1
B 45 Rk A 73 I A RS (i R A AN A A P o
BERRYHTHR & SRS BT, i — PR BRI T 42
JRFFAE o

3) fh e b B s AR TR0 B S R RRAE
VT 1% 368 38 50080/ DAy M 38 ek 2 B 8% B B DeenseBlock3
AOFAIE P A BT, P me D 2 A 2R R 1 Y 8
B AR)E 5 H AT BRER DR , DT AR 14 1 3 K%
NI 2 A5 R n] DS BURRIE S L PR B T
B2 EIGFFIE; Zead DenseBlock Z )5, 18 18 £
T, PR A RAE R 1A, B S MR IE
DEIEECH 1 ZAE
2 5ot
2.1 ZHBHEESSSHEE
A 1) 52 36 #49 7F ubantul6. 04, CUDA 10. 1,
NVIDIA UNIX 64 #%[1) pytorchl. 2. 0 ¥R 2% >J HE 42
AT

ARSI AR B A SR GRS I 4 TLAL Ik
I R AR [ 7 TR R BOAR, HOh A
—S RS maN T WIR T ERG b TRE
2R B L DX 25 AR/ , BT LR R 9 1 BBOHT 88 04
N N 52y A 30 i DX ) B B AR, /NS A3 R
ARHRHLIX RIS AR, 3L 596 5t LIk RN 6:4,
WSS T LA 2 k4, Ja @] A i) python Ji

AR HFA Dy “MHIEARSE . AR A MO E R4
TR 1R .

x1 FRZGREAEERE
Tab.1 Original image and its truth tag
i HAARRSE AR
1 X}
2 B!
3 i
4 g
5 ITE:

W RTE L2 WAL B, AT AR i 4
FE,ITIEAT : RS KB T BB TR
9y BeRESE . B ST IR RT R R AR S
BRI 512 1R 3R x 512 R K/ HIFZ AR 3L 2 468
5K, P R B3l RS e R A K F- B
¥ T L RIEC A TY e RS IEAR B 12 340 5K, 4%
M8 8: 2 By LL il o il gk 9 872 5k 5 4R 2 468
sk TALBER H A e, AR T I,
B 1k 10, S A R 2 AL RE T o B e 2R
FHIAERRE IR 2,

®2 WEZEHNZGREERE
Tab.2 Enhanced image and its truth tag

%5 LTS ZES RIS R I FAE AR A




XUP e, 4 T DenseNet 52y YL HIE BB (R 5 Ko 3% .93

%2
(8:3)
i R ITAR R HAR I AR R %
4

BCELoss(P,GT) = -

W H
i=1

e CT JhrZEAR (ground true) 5 POy TIN5 1R
(predicet mask ) ; B NHE K /Ny WM AR 96 B 5
H' R s gt AR FARAE i) D B R RAE; p;
HPAARAE i) P E AR RAE
2.3 iRMHIEER

X LRI AR R A28 FE L ToU (A 181 recall L)
LKGH3R precision o HAH 7 5351«

TP
U = 4p T hp + BN (6)
TP
recall = TP + FN (7)
N TP
precision = opm s (3)

X TP Ry B, R I A Sy = T Ry 2= 1) %
i TN W EBAE , FoR A g AE = 0 HE = i %L
i FP OB, 2R A HE 2 5 R T oy = 1)
Bt FN ORI, o Ay 2 8RB o HE =
AR . Forp 3 MR bR s B G
2.4 mMMERSH

H TR 20615 AR , A Re A AL
HMCBL S R ) FMask 55094 gEAT R, B LA
gt 7 0 il Otsu (R 7% | Otsu 2 B {H R
%K K - means REF LT R0 o KE
B4y 5 {# A SegNet, Unet, D — LinkNet50 , & /il
TEE PR YA 3CT5 74 (D - DenseNet ) M A SCT7
12 (AD - DenseNet) Xf 3 58 J5 1 &2 AR 247 I 25
B AT E B A, P IR AR B A [R) 53
BERIPEAN e AR R BN R 3 o, il 5 B As [a]
BEBR PR FE AR R BN R 4 Fin , A3k 3—4
Ha] LU 1% Ge 580k RS B A TR o ) R
R BEAR, T AE TR B = A Bk, Tie eI 4k 4k &
Gy X e RSN A A& R RS <

ZHCE : batchsize 2 4, 25K 20, i RGO

fEAr N Adam, H1 427 > A4 0. 001, F Bl B 2= )
RCRFYTHB AR A ORI 172, BRI RAE 7 YOAFF
TEEN I

2.2 fRKEEH

H T X 2 E X a2 a8, B LA ] BCELoss

YRR pR %Y. BCELoss J& — 0 2 Al AU AL 75 4

B
BCELoss = ) BCELoss(P,,GT,) , (4)
i=1

Z I:gtijlnpzj + (1 _gtij)ln(l _pij):l ) (5)

RSO ERE B B o I B L S A2 IF
LG K 29— B 0 A, A B3 50K 1 AR A /)N
K

3 G E LNAREXERTENER

Tab.3 Evaluation results of different

algorithm models on training sets

R7R B Recall Precision IoU
Otsu [ {E75 0. 865 706 0.341 597 0.324 407
Otsu Z B{E 0.684 431 0.833 832 0.602 283
K - means 253 0.838 212 0.385 039 0.358 404
SegNet 0.908 152 0.936 953 0.855 852
Unet 0.945 295 0.954 285 0.904 343
D - LinkNet50 0.942 009 0.948 958 0.896 580
D - DenseNet 0.947 085 0.955 037 0.906 659
AD — DenseNet 0.948 931 0.957 636 0.910 701
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Tab.4 Evaluation results of different algorithm

models on the validation sets
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Cloud detection algorithm of remote sensing image based
on DenseNet and attention mechanism

LIU Guangjin'?, WANG Guanghui'*, BI Weihua®, LIU Huijie*, YANG Huachao'
(1. School of Environment and Spatial Informatics, China University of Mining and Technology, Xuzhou 221116,
China; 2. Land Satellite Remote Sensing Application Center, MNR, Beijing 100048, China;
3. Wanbei Coal and Electricity Co. Lid. , Suzhou 234002, China)

Abstract: The cloud detection of remote sensing images is the first step in the process of remote sensing image
processing. To address the problem that the traditional cloud detection algorithm has a poor effect on the detection
of small and thin clouds, this paper proposes a cloud detection method for densely connected network remote
sensing images based on the attention mechanism. First, cloud vectors are manually checked from the images
provided by the Land Satellite Remote Sensing Application Center of the Ministry of Natural Resources and cloud
labels are made, and the images are preprocessed by sequential clipping, color jitter, rotation, etc. to enlarge the
sample size. Then, the pre — processed remote sensing images and their labels are fed into a neural network with
DenseNet as the encoder and decoder, and a cascaded atrous convolution module is added between the encoder and
decoder to increase the receptive field, and a dual attention mechanism and a global context modeling module are
added to suppress some irrelevant detailed information. Finally, the experimental results showed that the accuracy
rate could reach 95% and the intersection over union could reach 91% , which are big improvements over the
traditional cloud detection algorithm, and this method performs well in extracting small and thin clouds.

Keywords: cloud detection; DenseNet; dual attention mechanism; global context modeling module ; atrous convo-

lution
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