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Bi-branch Remote Sensing Cloud and Shadow Detection Network Based on ViT-D-UNet
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Abstract: Effective segmentation of clouds and their shadows is a critical issue in‘the field Sf remote sensing image
processing. It plays a significant role in surface feature extraction, ¢limate detecﬁon, atmospheric correction, and more.
However, the complex features of clouds and cloud shadows«in remote sensing images, characterized by their diverse,
irregular distributions and fuzzy boundary information that is easily disturbed by the background, make accurate feature
extraction challenging. Moreover, there are fewnetworks specifically designed for this task. To address these issues, this
study proposes a dual-path network combining vision Transformer (ViT) and D-UNet. The network is divided into two
branches: one is a convolutfonal local feature extraction module based on the dilated convolution module of D-UNet,
which introduces a multi-scale atrous spatial pyramid pooling (ASPP) to extract multi-dimensional features; the other
branch comprehends the context semantics globally through the vision Transformer, enhancing feature extraction. Finally,
the study performs an upsampling through a feature fusion decoder. The model achieves superior performance on both a
self-built dataset of clouds and cloud shadows and the publicly available HRC WHU dataset, leading the second-best
model by 0.52% and 0.44% in the MIoU metric, achieving 92.05% and 85.37%, respectively.

Key words: remote sensing; cloud detection; semantic segmentation; feature fusion
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HRC WHUP 40 #4382 B s B0 45 . B kIR
FRIK I, 1150 95 PRI R ALK,
YRR ETELE 0.5-15m, [5G RS 1280x720. 1057
G TR, T, VB, W LA ROK . K R BT
224x224 [T BT Ik, &85 7 3600 5K F.
I LA 8:2 (LM 42, 4 BIVE A SR SE AN SR IE 4.

32 BESEHIESE

AR K b 4 08 K 5 32 B 22 [H 9 Landsat T2 3
B, UL S A ER (GE) 3k HY 1 5 23 R
K%, Landsat8 TR HEHT T 9 AN BB AR 4%, 1%
AR EEAEH T 2 5P B (0.450-0.515 pm), 3 5
2R L (0.525-0.600 pm), 4 5 2L Bt (0.630-0.680 pum).
Wi JELOE T F7 48— 80 h 224%224 4y F A LU T (8 11 5.

AT 10843 5K Fr, LA 8:2 I LLI Xt Bl 24

53 E I SRS NS IE 4
3.3 LERITHESH g |

P 1 5256 AR 2 PyTorch HEZL S, BA K
1.10.1. & {f 3 H & RTX2080Ti, 474 11 GB. il
255 A B dE 4 B batchsizes WA 16, I ZRE RN
300 %, R4k 284 Adam. %% > ZR 46 R G 2 2] 26
(StepLR), ¥Ih2: 1% 0.001, IR AKCH 0.9, 5 3 4
TR SR, R H AR T

Iry =lrg-BN* (22)

Horr, Iry REE N KRG 2 ST 3R, Irg NWIIRSE 3] %,
B NFER R KL, s N TEHT AR K. 451 5k R K fd F AE U0
PR R E ISRt R iR 2, A
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ex[clus]
Loss(x, class) = —log

Z'ex[i]
= —x[class] +log (Ziexm) (23)
FEVE AL B P REIN, AR ZHE L (PA), -1
WG RIEEL (MPA) VLK I5E AR (MIoU) 5545 1R 1T
IR IL, BRI A 0T

24)

k
1 Pij
MPA = Z (25)

Sotr, k RBIAG T py 95 § KA E TIN5 ) %
(KM py W j AR ERTING i KRR
s py O R, I § KRR IR,

34 ZIIFEN <\

A9 T A TH G R i, AN e B
BT TR l:l:\;&Wj KA (2% 5 H BT R R 1
B SO BT TR LSRG, b, A ki 7 —
%%\%%ﬁ@ﬁﬁ‘ P 2%, Ul Dual-branch network
(DBNet). FoATHIM 2% B s ar o vERe, Wisk 1 rhgs )
Fiw, 15 MIoU FAIUSE IR S 0.52%.

R 1 AEHEEERE FIERERIL (%)

Class pixel accuracy Overall results

Model
Cloud Shadow Background PA MPA MIoU
FCN 9432 92.11 95.18 9424 9412 8831
U-Net 9421  90.53 94.43 9325 9232 88.12
PSPNet™! 9473 9252 95.69 95.67 94.42 91.53
CloudNet™ 9503  91.26 95.43 9482 9426 89.18
DABNet™ 9512 92.85 95.35 95.45 9443 91.34
D-UNet 9498  92.52 95.78 95.12 9424 91.11
DBNet™ 9447 9223 95.48 9474 9432 90.52
AXFTiE 9545 93.37 96.25 9551 9515 92.05

FRATT AR AL A1 X5 AN 7] 2% I AR ALE RIS [ S
LUE B PE RG-S AL, fESEHURFIERT B, B
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i EN RSN

SCAT PAR G 5 U 8 22 ROBEHRFAE. T VAT 73 3R] A
ARG Hh 5 U B 4 Sy A AR AN i 8 UAE B, I8 B Y
il AL PO AR T A R T DAAR b 485 J) #8542 )
REAE, JFHEAT L oRBE, I B 20k, BN T ) 8 e
PERZ AL TERE.

Moy BT B 8 AT B, $RATT R 46 4 L
BB 1) DBNet W25 ££ K5 ALASOR 1 DX S E ity 12 B v, 4o
51 G5 IR T AN RS, AR /N B
PRARARAT R GF (PR RE. ARG T oAt R 2%, Toid 2 iR AN
IS S /D, AR/ H R ATAS KLU A IS 12 5 v

bR2E RICT

A ‘ = o
R > D
v XK fjdtj. M

D-UNet DBNet PSPNet

8 fEHEHRE Lo EIRR

R T B ER AR R I R, SR IE FRAT T B
ek, FATIEAE HRC_WHU 3 5 b i 7 % Eh sz 56
HRC_WHU ¥4 4404 1 B a8 50 5 XU A — 501
FRAE . L anss e vb il A A0 i = )2 AL
REAE, LLIZS 5 TR, ThiASE B N 4R R A b 23 3175 LR
H AR B0 %, JEEE B 4RE. BRATKIR S — L8 AT fAs
RUEAT T XL, Seae e sk 2 Fiow.

%2 f£E HRC_WHU & FHEReRI (%) . 0

Model PA MPA " MloU
DenseASPP!"" 8943 8739 o+ 8056
ENet™! . 8962 | 8816 81.15
CloudSegNet™ " " 89.93 89.17 82.57
pvT#! 89.61 89.27 82.61
DeepMask™ 89.87 88.41 82.89
ACFNet™! 90.23 89.44 83.21
DeepLabv3+"" 91.43 90.27 84.93
VNI 92.11 91.46 85.37

MEER EE, BATHEARAE HRC_ WHU $454E =
iR ae PR FF I L1k RE. LRI AE Mo U $ia#5 4TS
R T 0.44%. #H0F iz, BAEEE TSN
AL AR ACL B R B AR R, DA R A ol 4 B AIE 1)
K.

H0EE 9 TR, % T4 147, B2 RIS B AT
JMREAE, AT LA I 4 22 5% LRI, 7535
P B0 0 R B A R A 00 A T AR, 0 AR
SUH B EIHIAER, B B R, T Hd %
SRR GE 1) 752 i KK e, S A 0 B P
PRI T ARG T 2 17, R R
Rz 10 SR 55— K 5 5 e O 5

R E I 9 R BUREEE], B A0 IR 45 i TG

FREAIIRORFE — 58 HRGE B2, L WA H I 22 T A/
FLbR. SRTAIRT LG 9 2% L T BB AR e AR A
3.5 HRASCIY

N T BRAIE S A A R, AR T AN S
PR M BHEAE NN ZREEI 25, 3R 0 &R (1 A Rk
B M4 ViT-D-UNet [J VIiT 2r 329k 25, id N ViT-D-
UNet/ViT ~, ¥ AL 44 1) ASPP R #6431 38 6 FH
104 VIT-D-UNet/ASPP, ¥4 % 2% 1K) FE 7] 73 B B AR B
iRy A B U B A VIT-D-UNet/DWConv . T #4
RlA 22 RO IR SR B B o R M R A R, ek
ViT-D-UNet/Decoder , #H47 M REVEAY. #REEE 3 TIR,
TEE IF IR b, &St 5 2 3 R s AL I
RERUR.

System Construction R4t 75

© MEREEBIK T

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

i E R %N

http://www.c-s-a.org.cn

2024 4F 533 % 5 8 1

W

AITTE

"
i

D-UNet

K9 7€ HRC WHU 4 E o3Ik R

#* 3 7E HRC WHU #E4E L IHERERIL (%)

Model ACC MPA MIoU
ViT-D-UNet/ViT 89.24 89.78 86.21
ViT-D-UNet/ASPP 90.31 90.19 87.03

ViT-D-UNet/DWConv- 90.30 91.11 87.47
ViT-D-UNet /Decoder 89.42 » 90.73 86.41
ViT-D-UNet 91.15 92.35 88.49

4 R4k

ASCHE T — b v %K XS B 2 AR I R 4% A
A RS PN 0 B IR T Gy s A A o ) B AR,
IR e 7E R AR E )2 T B IRE B 2 REE R,
[Fi B 5T S8 A B, A s T SR, R A
JR S, SR VAT AR X 4 o 4R E K i R R 3R 4T
TRIEFRIL. PIA S I022 BARE 145 210 58 35 RO U
Hbr 404k, e H A IR 2 5 3% 2R IE 1 ER AT
B, sEBLN G o FeR I, kM5 B &k TR
HRC WHU A FFHHREM B 8 = 5 5 Exd sk
B IOAIE T A 45 1 R AV RE. AR T ARSI R, AT 4%
AMURET 2 RERHE 143K, B ERE S 4R 5
TE R PR E S B A, DR R K B0 A il 5 R 11 #8
IR BTG BROR. AR FOB R R B B
75N, CABRAR S S8 SE brid e, 1 — 204
FHRI 57200 A sk K

S 30k
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