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HAN Huimin, et al.Downscaling of CLDAS soil moisture based on ensemble learning method.
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Fig. 1 Overview of the study area a.location map of North China;b.distribution map of land use and

soil moisture observation sites in North China in 2019
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Table 1 Wavelength range of the reflectivity data

flids P/ nm
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7 2105~2 155
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HAN Huimin, et al.Downscaling of CLDAS soil moisture based on ensemble learning method.
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Fig. 3 Downscaling of soil moisture based on

deep feedforward neural network
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Fig. 5 Downscaling of soil moisture based on

Stacking ensemble learning
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HAN Huimin, et al.Downscaling of CLDAS soil moisture based on ensemble learning method.
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Table 2 Model parameter adjustment results
L N epochs I ZhdE =S
R? RMSE/ (m*/m?) R? RMSE/ (m*/m?)

4 400 400 0. 865 0.024 0. 804 0.0323
4 400 500 0. 905 0.023 0.814 0.031 4
4 400 600 0.912 0.022 0. 815 0.031 4
5 400 400 0.919 0. 021 0. 810 0.031 9
5 400 500 0.927 0.019 0. 819 0.0311
5 400 600 0.936 0.018 0. 830 0.030 1
6 400 400 0.915 0. 021 0. 822 0.030 9
6 400 500 0. 899 0. 023 0. 803 0.0325
6 400 600 0. 024 0. 804 0.032 4
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Table 3 Correlation coefficients and errors of different downscaling methods for monthly average soil moisture

A LEPEY 3¢ 2%/ (m*/m*) ¥R/ (m*/m?)
GBM DFNN RF Stacking GBM DFNN RF Stacking GBM DFNN RF Stacking
4 0.7424 0.7734 0.7783 0.7909 -0.0047 -0.0023 0.0003 -0.0003 0.049 6 0. 0503 0.0451 0.043 8
5 0.4792 0.6005 0.6036 0.6068 -0.0068 -0.0068 -0.0052 -0.0026 0.0565 0.0538 0.0478 0.047 1
6 0.7042 0.7592 0.7380 0.7527 -0.0052 -0.0013 -0.0036 -0.0012 0.0544 0.0499 0.0504 0.049 2
7 0.7048 0.6955 0.7387 0.7473 -0.0078 -0.0093 -0.0059 -0.0075 0.0560 0.0581 0.0530 0.0532
8 0.7419 0.7391 0.7668 0.7798 -0.0093 -0.0021 -0.0063 -0.0090 0.0515 0.0522 0.0491 0.0495
9 0.5294 0.5185 0.5693 0.5710 -0.0142 -0.0133 -0.0126 -0.0128 0.0640 0.0662 0.0599 0.059 5
10 0.6604 0.6482 0.6954 0.6956 -0.0083 -0.0052 -0.0054 -0.0050 0.0535 0.0552 0.0492 0.0491
o 0.6518 0.6763  0.6986 0.7063 -0.0081 -0.0058 -0.0056 -0.0052 0.0553 0.0551 0.0506 0.050 2
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Downscaling of CLDAS soil moisture based on ensemble learning method

HAN Huimin' SHEN Runping' HUANG Angi' DI Wenli'
1 School of Geographical Sciences,Nanjing University of Information Science & Technology, Nanjing 210044

Abstract  Soil moisture is a key parameter of the water cycle and energy budget in terrestrial ecosystems.Land data
assimilation system can provide spatio-temporally continuous soil moisture data, however, its low spatial resolution
limits the further application.Here , the soil moisture output in 0—10 cm soil layer from China Meteorological Admin-
istration Land Data Assimilation System ( CLDAS-V2.0) was downscaled from 6 km to 1 km in North China by
three single models ( gradient boosting machine ,deep feedforward neural network and random forest) and a Stacking
ensemble learning method.The downscaled results for period of April to October in 2019 show that the four down-
scaling methods can reflect the temporal and spatial variation of soil moisture in North China and somehow alleviate
the overestimation of CLDAS products. Both the spatial distribution details and accuracies are improved compared
with original CLDAS soil moisture data.Furthermore ,the Stacking ensemble learning method outperforms the other
three in downscaling performance ,including its highest correlation coefficient with observed data (R=0. 756 8) and
lowest error (RMSE=0. 050 5 m’/m’, Bias=-0. 005 2 m’/m’) .Meanwhile , the downscaled results by Stacking en-
semble learning are also highly correlated with the dynamic changes of soil moisture, with lowest RMSE and bias
compared with station observations,followed by random forest and deep feedforward neural network.

Key words soil moisture ;ensemble learning ; downscaling ; CLDAS



