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Abstract

In view of the complex underlying surface of remote sensing image cloud detection and the
similar spectral characteristics of thick clouds and snow, which lead to the same spectrum for-
eign bodies, the traditional single-class ground object extraction method is not effective in cloud
extraction. An improved convolutional neural network remote sensing cloud detection method
MSANet under complex background is proposed. By adding expansive convolution in the shal-
low layer to expand the range of the first perception field, and paying attention to the overall
structural feature transmission, the spatial information modeling module containing multiple
“soft” attention is added to the decoding part, which enhances the perception ability of the net-
work to the global information. Verification experiments were carried out on ZY-3, 38-cloud and
GF1_WHU data sets. The experimental results show that the proposed method performs well on
remote sensing images with cloud snow confusion under complex background, and the model
can better cope with cloud detection tasks under complex background, effectively improving the
accuracy of the model.
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Figure 1. MSANet structure diagram
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Figure 2. (a) lllustration of the fusion of dilated convolution and deep feature extraction module; (b) Illustration of the bottleneck
module in ResNet50; (c) Hlustration of the basicblock module in ResNet50.
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Figure 3. Workflow of spatial information modeling module
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Figure 4. Loss diagram of ZY-3 dataset on MSANet
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Table 1. Comparison table of indicators between MSANet and various models

% 1. MSANet 5 M= R Ay feFREL 83k

Jiik OA loU P R F1
TransUNet 0.9653 0.8988 0.9528 0.9409 0.9464
SwinUNet 0.9189 0.8147 0.8908 0.9011 0.8941
U-Net-vggl6 0.9704 0.9285 0.9595 0.9665 0.9628
U-Net-Res50 0.9725 0.9439 0.9721 0.9703 0.9711
DeeplabV3+ 0.9714 0.9218 0.9589 0.9559 0.9574
CUT_UNet 0.9746 0.9503 0.9749 0.9720 0.9734
MSANet 0.9857 0.9510 0.9761 0.9737 0.9748
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Figure 5. (a) OA indicator chart; (b) loU indicator chart; (c) P indicator chart; (d) R indicator chart; (¢) F1 indicator chart.
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Table 2. Comparison table of indicators of MSANet in three datasets
= 2. MSANet ZE = MR ERIBIRLLR R

Ve S OA loU P R F1
ZY-3 0.9857 0.9510 0.9761 0.9737 0.9748
38-cloud 0.9686 0.9375 0.9652 0.9708 0.9677
GF1WhU 0.9920 0.9777 0.9878 0.9897 0.9887

W% 2 fios, ATLLUE HH MSANet 78 ZY-3 24 ERIELT, BEIR GFL_WHU F{f & s H 2 Xt T
Z A0S bl S 58 F A — AN 3R T .

Table 3. Metric comparison table of MSANet on the same cloud dataset
= 3. MSANet 7E 5] — = ¥R E LYIRIREL R R

Bl A WARES OA loU P R F1
TransUNet 0.9171 0.9033 0.6792 0.9024 0.7751
BA1 SwinUNet 0.9306 0.9217 0.8159 0.7256 0.7681
U-Net-vgg16 0.9508 0.8159 0.8867 0.7905 0.8358
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U-Net-Res50 0.9221 0.9117 0.8532 0.6711 0.7513
DeeplabV3+ 0.9504 0.9400 0.7993 0.9172 0.8542
CUT_UNet 0.9387 0.9297 0.8026 0.8129 0.8077
MSANet 0.9641 0.9580 0.9210 0.8617 0.8904
TransUNet 0.9246 0.8968 0.8637 0.8914 0.8773
SwinUNet 0.9319 0.9088 0.9321 0.8357 0.8812
U-Net-vggl6 0.9401 0.9197 0.9575 0.8392 0.8944
Bl 2 U-Net-Res50 0.9254 0.9013 0.9383 0.8063 0.8673
DeeplabV3+ 0.9505 0.9322 0.9392 0.8944 0.9162
CUT_UNet 0.9487 0.9297 0.9328 0.8949 0.9135
MSANet 0.959%4 0.9441 0.9575 0.9061 0.9311
TransUNet 0.8675 0.7517 0.9068 0.8147 0.8582
SwinUNet 0.8880 0.7763 0.9223 0.8307 0.8741
U-Net-vggl6 0.8764 0.7574 0.9267 0.8057 0.8619
Bl 3 U-Net-Res50 0.8884 0.7752 0.8842 0.9170 0.9003
DeeplabV3+ 0.8995 0.7925 0.8851 0.9390 0.9113
CUT_UNet 0.7070 0.7851 0.9128 0.8488 0.8796
MSANet 0.9238 0.8446 0.9334 0.9274 0.9304

BT ERPMBESER, NTERERTFESMIEN T, WEE =550 Pk b =k A A
Fr B IR = S ARAT b, REER A A ARRE s ZEEMNE S, 5P g L
] 7~9 AT o B S B4 U R 46 44 L TransUNet. SwinUNet. UNet_vggl6.UNet_res50.DeeplabV3+.
CUT_UNet. MSANet Al Ground Truth. WAL EE RKE, Sk FRE, Frigtii MAT_UNet 77k #20n
T ground truth, HARERXREFE R, AANRERBER.

Figure 6. Imagel experimental results. (a) Original image; (b) TransUNet; (c) SwinUNet; (d) U-Net-vggl6; () U-Net-Res50; (f)
DeeplabV3+; (g) CUT_UNet; (h) MSANEet; (i) Ground Truth

& 6. EH 1 89SLIE4ER. (a) Original image; (b) TransUNet; (c) SwinUNet; (d) U-Net-vggl6; (e) U-Net-Res50; (f) DeeplabV3+;
(g) CUT_UNet; (h) MSANet; (i) ESIR%E
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JEA I 3 b 2 B 32 B3 Bl e S SR M 1 I S Bk R T . B 6(h) Bk T MSANet [r145
MSANet 5% 6(b)~(c)ff13 T Transformer 532, 5] 6(d)~(g)H 3£ T CNN M HL, B LOHERRIE X
rf, MSANet AT LLE M = Z NS FIE R b XK. HILER, MSANet A MHRF =K
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Et U-Net-vggl6 = 5.46%. 45 MSANet Xtz J2 0 S R0 oy, (HiFHESBTENT L, 5
T Recall FaFrEIELFE .

Figure 7. Image2 experimental results. (a) Original image; (b) TransUNet; (c) SwinUNet; (d) U-Net-vgg16; (e) U-Net-Res50; (f)
DeeplabV3+; (g) CUT_UNet; (h) MSANEet; (i) Ground truth

7. B/ 2 B9sEEE 45 R (a) Original image; (b) TransUNet; (c) SwinUNet; (d) U-Net-vgg16; (e) U-Net-Res50; (f) DeeplabV3+;
(g) CUT_UNet; (h) MSANet; (i)ESLARE
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KT SR . MK 7 AT LAE H, MSANet Kl 2 24071 S AR ZE L A P Rl B IA 2. 1
K 7(e)H, U-Net-vggl6 f4h Fxt T Ak vl 2 L A 20 1 MSANet 45 3 Lk U-Net-vggl6 47, 1H
HRLLABITAR 2 ) = BOAMR R . XA AR, B, BB P RS, 88 &Mmik. =i
#EBREGDFIAR, ZEFE - MRRIB RN oK, EEFEHERERSHER. R/,
FATHE 19 X 2 38T 45 A 22 S B SO RSSO 26 AP A 8 I 4% (1 £ S5 R K 1 B 345 U2, N ket 2 B RRE 1)
P, AT AR B A S 1) R ALE R o X PG (T VE N = R 1A SRS AR o S it T — P Rk
IR TT 2, A AEIAT S5 5ok 1 5825 W SO A3 T« ] 7 o B LTAE BT by X 3y, mf LABH 52 & HE MSANet
PB4 . g 3 i iEARATR, MSANet ] OA Eb SwinUNet & 2.75%, b U-Net-vggl6 7 1.93%;
MSANet [1J loU L3 Transformer 1) SwinUNet & 3.53%, LtFET CNN [¥) DeeplabV3+ 1.19%.

Figure 8. Image3 experimental results. (a) Original image; (b) TransUNet; (c) SwinUNet; (d) U-Net-vggl6; () U-Net-Res50; (f)
DeeplabV3+; (g) CUT_UNet; (h) MSANEet; (i) Ground truth

8. BElF 3 SEIE4E R (a) Original image, (b) TransUNet; (c) SwinUNet; (d) U-Net-vgg16; (e) U-Net-Res50; (f) DeeplabV3+;
(g) CUT_UNet; (h) MSANet; (i) ESLIRE

fEE 8, A%, EHEA—WaEEG T —FMEE. HEEZ T, U-Net-Ress50 fil DeeplabV3+7E
X 5 = A To = X7 TR A . AR E 8 W v 3 340 KAk MSANet 1 [ % % il 7 i = Fl
JE =i HIPERE . G0 8(c)FTan, BT LA Hi DeeplabV3+ ik AbERAN 515 B, SEAEG = 1 X 5 _EA71E R 3k
P53 HE A 3 BIFaFRE B, MSANet 1] OA LA T Transformer /5 3.58%, Lt DeeplabV3+#& 7t 2.43%;
MSANet ] F1 E SwinUNet $2F 5.63%, Et U-Net-Res50 15 3.01%. SZiE L], NpHE 4T Rid 2 i
JEABIN ), AT I EER BRI R A IR, S TR 0 25 SRAE B 1 BT 2t 11 8 S 2 A s I 7 v
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T ERZE TR I MSANet A %M, 435\ backbone FIASE] . 13 2 R I AS [B] 9 AN 77 THI 48
i backbone [FIAN [F] F3 75 AR BB R e 75 0 BE AR B TRORE 7= 2R 560 . 177 MSANet-s #&7E MSANet [ 25 fi
_I(backbone > ResNet50) IR iE Sz TRl A e i B2 G R B, DARFT MSANet [ W0 25 25 44 52 8 FE 2 15
Eid. M4 hATLIEH, backbone S FH ResNet50 7 H £ 3k & /i g % B A 8 U R iT .

Table 4. Accuracy evaluation of different network structure complexities and different backbones
= 4. NEIMELEMIE FE 5[E backbone HI¥EE T4

FFM % HEJIEkHE OA loU P R F1

4 0.9699 0.9317 0.9679 0.9612 0.9645

vggl6

8 0.9684 0.9267 0.9643 0.9592 0.9617

4 0.9667 0.9283 0.9693 0.9569 0.9626
ResNet50

8 0.9857 0.9510 0.9761 0.9737 0.9748

4 0.9643 0.9255 0.9625 0.9600 0.9612
MSANEet-s

8 0.9775 0.9423 0.9699 0.9707 0.9702

4. &g

P T —MEA S 2k R R IPLE] S S S ARSI 4R B A A A R 2 I 2% 1) i
MSANet. MSANet & —™uify 31| 31 R 45 74, 3252 B IR P RFAE SR IR 2238 ST HRe 2 ol o SIERIE B, MSANet
HHUT WA 400 k%, H backbone SREUE 2L ResNet, T ZY-3 B¥i 41X Flim 0 Pk R 68 53
G, RORMILEIE T transformer FlIAL 56 AR 1 28 9 2 A1 B KR B 47

ZE&UWH
TH KA ARG ) (Bln:  EZK 38R 75400 H (12345678)) .
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