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Table 2 Quantitative analysis of cloud removal effect of

different cloud removal algorithms
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Raw cloudy images 15.92 0.84
RPCA 19.16 0.85
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ATy ik 32.64 0.98
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Fig. 7 Comparison of cloud removal effect diagrams of different cloud removal algorithms



Fogi 4. 454 U-Net Fl STGAN fi4 2 B M8 IR 15 = o ik 2099

K8 At E m AR IE

Fig. 8 Other cases cloud removal effect diagrams

4 45 B

AR SRR 2 SR MR rh E A s R
4 b T A L %HT*@%?WM%MEMJ

(2 I A B R = RSk, a5 — BB U-
Net IKH] 1z Kl A = 25 By H A9, %*MB"LE’J

A FRAE AR5 B B rY STGAN 2] T 21y
i TE AT {E R, 8 a5 i B STGAN I [A]— 17
BTG 2 B 8] B SEAG R R A 2 S 1 e AZ Ok ik
T 2Bk a5 HA A2 R s, Al
DL A SCHR 1 A B A 2 2 I %) e T 6T ) R
VERR E -, 7E PSNR {H 5 SSIM & WL IEAN 16 A5
T HA T R L BLARAR SCRLE RS T A X
B AR, HREEE —EMRRE, S
I J5E 2 K 1 B 35 (0 AT = MR I, I
B RBORAR KR, B TR R E R E G751
i P Fsf 25 AR B G ) o A K T R o i X

52 3Lk (References)

Enomoto K, Sakurada K, Wang W M, Fukui H, Matsuoka M, Nakamu-
ra R and Kawaguchi N. 2017. Filmy cloud removal on satellite
imagery with multispectral conditional generative adversarial
nets//Proceedings of the 2017 IEEE Conference on Computer Vi-
sion and Pattern Recognition Workshops. Honolulu: IEEE: 1533-
1541 [DOI: 10.1109/cvprw.2017.197]

Isola P, Zhu J Y, Zhou T H and Efros A A. 2017. Image-to-image trans-
lation with conditional adversarial networks//Proceedings of the

2017 IEEE Conference on Computer Vision and Pattern Recogni-

tion. Honolulu: IEEE: 5967-5976 [DOI: 10.1109/cvpr.2017.632]

King M D, Platnick S, Menzel W P, Ackerman S A and Hubanks P A.
2013. Spatial and temporal distribution of clouds observed by
MODIS onboard the Terra and Aqua satellites. IEEE Transactions
on Geoscience and Remote Sensing, 51(7): 3826-3852 [DOL: 10.
1109/TGRS.2012.2227333]

Kussul N, Lavreniuk M, Skakun S and Shelestov A. 2017. Deep learn-
ing classification of land cover and crop types using remote sens-
ing data. IEEE Geoscience and Remote Sensing Letters, 14(5):
778-782 [DOI: 10.1109/LGRS.2017.2681128]

Kussul N, Skakun S, Shelestov A, Lavreniuk M, Yailymov B and Kus-
sul O. 2015. Regional scale crop mapping using multi-temporal
satellite imagery. The International Archives of the Photogramme-
try, Remote Sensing and Spatial Information Sciences, XL-7-W3:
45-52 [DOI: 10.5194/isprsarchives-XL-7-W3-45-2015]

Li X H, Wang L Y, Cheng Q, Wu P H, Gan W X and Fang L N. 2019.
Cloud removal in remote sensing images using nonnegative ma-
trix factorization and error correction. ISPRS Journal of Photo-
grammetry and Remote Sensing, 148: 103-113 [DOI: 10.1016/j.is-
prsjprs.2018.12.013]

Li Z W, Shen H F, Li H F, Xia G S, Gamba P and Zhang L P. 2017.
Multi-feature combined cloud and cloud shadow detection in
GaoFen-1 wide field of view imagery. Remote Sensing of Envi-
ronment, 191: 342-358 [DOI: 10.1016/j.rse.2017.01.026]

Maggiori E, Tarabalka Y, Charpiat G and Alliez P. 2017. Can semantic
labeling methods generalize to any city? The inria aerial image la-
beling benchmark//2017 IEEE International Geoscience and Re-
mote Sensing Symposium. Fort Worth: IEEE: 3226-3229 [DOI:
10.1109/IGARSS.2017.8127684]

Mirza M and Osindero S. 2014. Conditional generative adversarial
nets. arXiv:1411.1784

Narasimhan S G and Nayar S K. 2002. Vision and the atmosphere. In-
ternational Journal of Computer Vision, 48(3): 233-254 [DOI: 10.
1023/A:1016328200723]

Peng J, Chen S, Lii H L, Liu Y X and Wu J S. 2016. Spatiotemporal
patterns of remotely sensed PM, concentration in China from
1999 to 2011. Remote Sensing of Environment, 174: 109-121
[DOI: 10.1016/j.rse.2015.12.008]

Perlin K. 2002. Improving noise. ACM Transactions on Graphics, 21
(3): 681-682 [DOI: 10.1145/566654.566636]

Ronneberger O, Fischer P and Brox T. 2015. U-net: convolutional net-
works for biomedical image segmentation//18th International
Conference on Medical Image Computing and Computer-Assisted
Intervention. Munich: Springer: 234-241 [DOI: 10.1007/978-3-
319-24574-4 28]

Sarukkai V, Jain A, Uzkent B and Ermon S. 2020. Cloud removal in
satellite images using spatiotemporal generative networks//Pro-
ceedings of the 2020 IEEE Winter Conference on Applications of
Computer Vision. Snowmass: IEEE: 1785-1794 [DOI: 10.1109/
WACV45572.2020.9093564]

Saunders R W and Kriebel K T. 1988. An improved method for detect-
ing clear sky and cloudy radiances from AVHRR data. Internation-
al Journal of Remote Sensing, 9(1): 123-150 [DOI: 10.1080/
01431168808954841]



2100 National Remote Sensing Bulletin i & 54k 2024, 28(8)

Shen H F, Li X H, Cheng Q, Zeng C, Yang G, Li H F and Zhang L P.
2015. Missing information reconstruction of remote sensing data:
a technical review. IEEE Geoscience and Remote Sensing Maga-
zine, 3(3): 61-85 [DOI: 10.1109/MGRS.2015.2441912]

Singh P and Komodakis N. 2018. Cloud-Gan: cloud removal for Senti-
nel-2 imagery using a cyclic consistent generative adversarial net-
works//2018 IEEE International Geoscience and Remote Sensing
Symposium. Valencia: IEEE: 1772-1775 [DOI: 10.1109/IGARSS.
2018.8519033]

Wang Z, Bovik A C, Sheikh H R and Simoncelli E P. 2004. Image qual-
ity assessment: from error visibility to structural similarity. IEEE
Transactions on Image Processing, 13(4): 600-612 [DOL: 10.1109/
TIP.2003.819861]

Wen F, Zhang Y J, Gao Z and Ling X. 2018. Two-pass robust compo-

nent analysis for cloud removal in satellite image sequence. IEEE

Geoscience and Remote Sensing Letters, 15(7): 1090-1094 [DOI:
10.1109/LGRS.2018.2829028]

Zhang Q, Yuan Q Q, Zeng C, Li X H and Wei Y C. 2018. Missing data
reconstruction in remote sensing image with a unified spatial-tem-
poral-spectral deep convolutional neural network. IEEE Transac-
tions on Geoscience and Remote Sensing, 56(8): 4274-4288
[DOI: 10.1109/TGRS.2018.2810208]

Zhao X X. 2019. Research on High Resolution Remote Sensing Image
Dehazing Method Based on Deep Learning. Hohhot: Inner Mon-
golia University of Technology (B M 1 . 2019. 3 TR 2= T /Y
o 3 B IR 22 55 O o L RIS NS Tl %)

Zheng J H, Liu X Y and Wang X D. 2021. Single image cloud removal
using U-net and generative adversarial networks. IEEE Transac-
tions on Geoscience and Remote Sensing, 59(8): 6371-6385
[DOL: 10.1109/TGRS.2020.3027819]

Cloud removal in multitemporal remote sensing imagery combining
U-Net and spatiotemporal generative networks

WANG Zhuo'?*,MA Jun',GUO Yi’,ZHOU Chuanjie‘,BAI Bin‘,LI Feng’

1.College of Software, Henan University, Kaifeng 475100, China;
2.Qian Xuesen Space Technology Laboratory, China Academy of Space Technology, Beijing 100094, China;
3. Western Sydney University, Penrith South, NSW 2751, Australia;
4.Beijing Institute of Remote Sensing Information, Beijing 100192, China

Abstract: Cloud occlusion often occurs in optical remote sensing images. Cloud occlusion may reduce or even completely occlude some
ground cover information in the images, which limits ground observation, change detection, or land cover classification. Cloud removal is an
important task that urgently needs to be solved. Thin and thick clouds usually coexist in optical remote sensing images, and the cloud
removal algorithm for single-frame remote sensing images is only suitable for solving the problem of thin cloud occlusion. Therefore, using
multi-temporal remote sensing images of the same area at different times to remove clouds has become a major issue. This study aims to
fully utilize images in the same location without cloud time period to replace cloud-occluded images for restoring the ground area occluded
by clouds. For this purpose, a two-stage cloud removal algorithm for multi-temporal remote sensing images based on U-Net and
spatiotemporal generative network (STGAN) is proposed. The first stage is cloud segmentation, which directly uses the U-Net model to
extract clouds and remove thin clouds. The second stage is image restoration, which directly uses STGAN to remove thick clouds. It inputs
the seven frames of ground images after removing thin clouds into the STGAN model to obtain a single, detail-rich cloud-free ground
image. The generative model of STGAN adopts an improved multi-input U-Net to recover the corresponding irregularities in the thick cloud
cover area by extracting key features from seven frames of images at the same location at a time. The thin cloud processing in the first stage
is beneficial to the subsequent STGAN to capture more ground information. The proposed algorithm can solve the inability of U-Net to
handle cloud occlusion in thick cloud areas. It can also capture more ground information than directly using STGAN for cloud removal. It
has a better cloud removal effect. The experimental results on our dataset show that only using the first-stage U-Net model and only using
the second-stage STGAN model for cloud removal are inferior to the proposed two-stage cloud removal algorithm in terms of subjective
visual effects and objective quantitative evaluation indicators such as peak signal-to-noise ratio and structural similarity. This performance
fully verifies the effectiveness of the cloud removal algorithm in this study. Compared with traditional cloud removal methods such as
RPCA, TRPCA and deep learning algorithms such as Pix2Pix, the proposed algorithm is superior to the comparison algorithm and has a
significant improvement, which fully verifies the advancement of the cloud removal algorithm in this study. The proposed algorithm fully
utilizes the spatiotemporal information of multi-temporal cloudy satellite images of the same area at different times. It also has good cloud
removal performance, which is conducive to the further utilization of optical remote sensing images. Although the proposed algorithm has
achieved a relatively good cloud removal effect, it also has certain limitations. The cloud removal effect of the algorithm is not ideal for
cloud image sequences with a large area covered by thick clouds. In the follow-up research, the spatiotemporal features of image sequence
frames will be explored to better reconstruct large areas covered by thick clouds.

Key words: remote sensing images, multi-temporal, cloud removal, image restoration, U-Net, STGAN
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