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ZHANG Yonghong, et al.Cloud removal for snow products based on denoising autoencoder artificial neural network.
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Fig. 1 Map showing the overview of the research region
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Fig.3 Training and testing loss curves of neural network
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Table 3 Comparison of annual maximum , minimum and average snow days between original

MODIS product and the proposed cloud-removal snow grain size product

J5 4 MODIS £=
i e BUMERIS RORERS EPMBE RMERS ROERS RTHES
H#vd H¥#vd H#vd H#vd H#vd H#vd
2000 131 0 169 44 33 225 87
2001 138 0 181 39 32 226 83
2002 121 0 199 33 32 239 76
2003 115 0 197 37 34 246 80
2004 109 0 195 39 43 253 84
2005 124 0 194 44 40 238 88
2006 126 0 188 34 29 231 73
2007 108 0 202 37 39 253 83
2008 124 0 191 36 35 236 84
2009 117 0 185 39 29 238 80
2010 120 0 196 53 45 239 92
2011 119 0 194 35 48 243 88
2012 138 0 198 36 28 224 77
2013 120 0 193 43 45 238 83
2014 126 0 176 44 36 234 89
2015 147 0 181 39 36 213 77
2016 137 0 183 41 47 228 90
2017 137 0 195 37 28 224 79
2018 129 0 180 41 43 236 92
2019 107 0 186 41 29 234 85
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Fig. 6 Comparison of annual snow days between original MODIS product and the proposed cloud-removal snow grain size product
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2018-04-12 16. 66 100 86.75 3.41 2.76 7.08
2018-05-25 21.40 100 76.21 9.82 4.21 9.76
2018-10-25 22.32 100 70.20 16. 08 5.29 8.43
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Fig. 8 Comparison of monthly average snow cover rate

among raw data products and different processing
methods for period 2000-2019
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Cloud removal for snow products based on denoising
autoencoder artificial neural network

ZHANG Yonghong' CHEN Shuai' WANG Jiangeng” ZHU Linglong® CHEN Shiwei'
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Abstract Snow cover is one of the important parameters in the study of hydrometeorology. At present, the most
widely used Snow Cover Area ( SCA) can be obtained by Moderate-resolution Imaging Spectroradiometer
(MODIS) , which is often used in the study of temporal and spatial changes of snow cover.However, large area snow
data missing existed in MODIS snow cover products due to the cloud occlusion.To address this,we take the Kaidu
River basin as the research region,and combine the snow product data retrieved from MODIS carried on the Terra
and Aqua satellites with the topographic feature data,then use a denoising autoencoder artificial neural network and
the extreme snow line method to quantitatively complement the snow data loss caused by cloud occlusion in complex
alpine terrain.The denoising autoencoder artificial neural network combines multi-feature data to establish a nonlin-
ear mapping relationship between topographic features and snow grain size, which is then used to complement the
missing snow grain size data.The extreme snow line method is used to remove the false report value in low altitude
area and obtain the snow cover image with high precision.In contrast verification, the accuracy of the proposed cloud
removal method is over 86% ,which effectively improves the snow cover detection.Therefore ,the approach proposed
in this paper can effectively remove cloud occlusion from snow products in complex terrain areas.

Key words denoising autoencoder artificial neural network ; extreme snow line method ; complex terrain; cloud re-
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