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F1 RRIXBFSINEER
Table 1 Training results of 12 experiments
ST R 4L REP=t Dropout {7 . Dropout Hf% b= RMSE MAE
1 3 14,7,7 12 0.5 RMSprop 0.256 0.213
2 3 14, 14,7 12 0.5 RMSprop 0.272 0.222
3 3 14,7,7 0/1 0.5 RMSprop 0.401 0.325
4 3 14,7,7 12 0.3 RMSprop 0.319 0.243
5 3 14,7,7 12 0.5 Adam 0.275 0.223
6 3 14, 14,7 12 0.5 Adam 0.268 0.212
7 3 14,7,7 0/1 0.5 Adam 0.462 0.399
8 3 14,7,7 12 0.3 Adam 0.329 0.264
9 2 14,7 172 0.5 RMSprop 0.249 0.193
10 2 7,7 12 0.5 RMSprop 0.252 0.198
11 2 14,7 12 0.5 Adam 0.264 0.217
12 2 7,7 172 0.5 Adam 0.273 0.218
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2)2, 22 SR 14 F1 7, Dropout FL 2 0.5, >R F RMSprop 14677 2, 4k45 17 RMSE Hl MAE 73 %l
k1 0.249 1 0.193 ()i R FE . SCU0 9 S5 M A A ) L Ath T B S 2 2] %R Learning_rate. 1% PR %L Activation_
function, 5145 PR %X Loss_function F13% X YR 3 Tteration 45 AU B W 2 TN .
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Table 2 Parameters and values of the optimal model

Z K /N Z RAUfE Z M TRALME 28 Rl
Hidden_layer 5 Dropout_p 05 Learning rate 0.001 Loss_function MAE
Bz (Dropout H#4) ' (E 2P &9 ’ IR RED
Nodes 1477 Optimizer RMS Activation_function ReLU Iteration 200
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Table 3  Errors of SMOS sea surface salinity products
SSS1, SSS2, SSS3 compared with Argo SSS

PRIEHH SSS1 SSS2 SSS3
RMSE 0.817 0.848 0.861
MAE 0.535 0.572 0.59
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Fig. 6 Comparison of DNN retrieved SSS, SMOS SSS1, Fig. 7 Comparison of errors between DNN retrieved SSS and
and the Argo measured SSS SMOS SSS1
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Table 4 Quantitative indexes of 10 experimental results of the optimal model

SIS
e Pl
1 2 3 4 5 6 7 8 9 10
MAE 0.193 0.209 0.198 0.246 0.189 0.229 0.277 0.159 0.227 0.236 0.216
RMSE 0.249 0.254 0.231 0.297 0.224 0.279 0.331 0.195 0.281 0.281 0.262
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Sea Surface Salinity Inversion Based on DNN Model

GAO Ming', HUANG Xian-yuan’, WANG Fang', ZHANG Hai-long', ZHAO Hong-xia', GAO Xi-yuan'
(1. Combat Service Support Brigade of the Chinese People’s Armed Police Force, Beijing 100081, China;
2. Unit 92859 of the PLA, Tianjin 300000, China)

Abstract: Sea Surface Salinity is an important parameter to learn oceans’ impact on the global climate. SMOS (Soil
Moisture and Ocean Salinity) developed by the European Space Agency is one of the satellites dedicated to measuring
ocean salinity. However, due to influences like Radio Frequency Interference (RFI), the accuracy of SMOS salinity
products hardly achieve the expected results. In order to improve the accuracy of the sea surface salinity products, a deep
neural network based sea surface salinity retrieval algorithm is proposed in this paper. The experiment takes the central
Pacific Ocean (150°E—180°, 5°—30°N) as the research area, using the Argo measured salinity data as the reference. First,
SMOS L1C and L2 level products are matched in time and space with the Argo salinity data. Then, according to the ocean
remote sensing and radiative transfer theory, seven parameters that affect ocean salinity are selected, including Brightness
Temperature (TB), Sea Surface Temperature (SST), Rainfall Rate (RR), Significant Wave Height (SWH), Zonal Wind
Speed (ZWS), Meridional Wind Speed (MWS) and Evaporation (Eva). The DNN (Deep Neural Network) is developed and
optimized with the K-fold cross-validation method. And the sea surface salinity data is retrieved using Argo salinity as the
ground-truth. The experiments show that the mean absolute error of the sea surface salinity data obtained by the algorithm
proposed in this paper is 0.159, and the root mean square error is 0.195, which are better than the accuracy of SMOS
salinity products.

Key words: SMOS satellite; sea surface salinity inversion; Deep Neural Network (DNN)
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