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Analysis of actual evapotranspiration and its spatio-temporal evolution characteristics in the Yellow River Basin
based on GRACE data reconstruction// WANG Qianyu'?, SU Xiaoling'*>, CHU Jiangdong"*, HU Xuexue'?, ZHANG
Te'*( 1. Key Laboratory for Agricultural Soil and Water Engineering in Arid and Semiarid Areas of Ministry of Education,
Northwest A&F  University, Yangling 712100, China; 2. College of Water Resources and Architectural Engineering,
Northwest A&F University, Yangling 712100, China)

Abstract: Multiple deep learning methods were used to interpolate gravity recovery and climate experiment ( GRACE)
data, and the random forest algorithm was used to spatially downscale GRACE data. The actual evapotranspiration in the
Yellow River Basin was calculated based on the water balance equation. And the data were verified using four
evapotranspiration products to analyze the spatio-temporal evolution of actual evapotranspiration in the Yellow River Basin.
The results indicate that the overall interpolation accuracy of the long short-term memory neural network is superior to that of
deep neural network and convolutional long short-term memory neural network. The average correlation coefficient between
the actual evapotranspiration estimated based on GRACE data and four evapotranspiration products is 0. 903, indicating that
the applicability of the actual evapotranspiration results estimated based on GRACE data is good. The average annual actual
evapotranspiration in the Yellow River Basin from 2003 to 2021 was 144. 38 to 775. 62 mm, with a spatial distribution
pattern of more in the south and less in the north, and a seasonal variation pattern of more in summer and less in winter.
From 2003 to 2016, it increased at a rate of 2. 51 mm/a, and showed a downward trend after 2017.

Key words: actual evapotranspiration; GRACE data; deep learning method ; random forest algorithm; Yellow River Basin
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Fig.1 Overview of the Yellow River Basin
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B R D [ R 2 400 22 b TR S 5 B0
S PR T B R A 5, RE B A S e ] b IX 3
MO S5 5 1 SR O, 25 1] 3 HE Sl 0. 25°
0.25°, A8 2% 1 45 £X ( vegetation condition index,
VCI) T 3 ) [ 500 1 F R <048 3 =) T8 v
558 0 (https://www. star. nesdis. noaa. gov/
smed/emb/vei/VH/vh _ fip. php ), %5 [8] 43 3 R Ry
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% 0.25°%0.25°, Bk R VCL B i ] )7 51 3
PEWCA 2002 4 4 2 2021 4F 12 7,

2 MIRAE
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5 ANN AL, DNN HA 2= /D — A=, B4
FATTJR Z AR A 4 10 7 AT LG i i R0 4%
S [ A% 388 R0 22 14 ) % B 0 B T BBk
TE LRI AS VeI ] 2 o0 265 194 A3 TR g 58 L 2D F3000 52
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R 25, & — B o1 A RSO 5 T B 1 36 R 22 ) 2%
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MR BT IR AE D S s B R A ol T T 4 4 o
R 3, B8 2L 52 Ik RNN 77 78 (1% 8 5 71 2% 1)
R AT LA e R AR ) AR AT RS A
2, FERRK I L BUHRDESE P, Shi 51 LT e 4
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A A S RS54 11551 ConvLSTM i 22
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Table 1 Ranges of hyperparameters for different methods

Jrik BEE A ¥ R B [ R
P2 R 1~5
DNN Fe e )2 i 28 TN B 100~ 1000, [ 50
23] 0.01.0.001.0.0001
LSTM JZ2% 1~5
LSTM FIt4k 100~ 1000, [A]f% 50
LSIM SEIEA S 1.2.4.5.8.10
Mmoo T o e
Dropout H 5 0~0.5,HFH 0.1
22 R 0.01.0.001.,0.0001
Convl.STM 2%k 1~5
BRZEL 1632 .64 .128 512
ConvLSTM BRZRD 1.3.5
Uz o S g S 1.2
Dropout Ht 5] 0~0.5,E]kF 0. 1
23] 0.01.,0.001.0.0001
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£ 0.25°%0.25°, Horp H S B SR A E ) S
B 100~ 1000, LA 50 A [E) B& 43500 A7 RS 400, 4% H B
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B BEAKE 7300 R 2944 736 1736,



2.3 ETKEFEAERNXREHLITE
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Fig.2 Spatial distribution of NSE in test set of optimal models of three deep learning methods
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Fig.3 Spatial distribution of CC in test set of optimal models of three deep learning methods
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Fig. 4 Spatial distribution of NRMSE in test set of optimal models of three deep learning methods
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Fig.5 Spatial distribution of TWSA before and after downscaling of different models
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Fig. 6 Comparison of monthly average actual
evapotranspiration among five products
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Fig.7 M-K trend analysis results of ET; in the

Yellow River Basin from 2003 to 2021
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