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Table 1 Auxiliary data product description
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Table 2 Mutual information values between various parameters and v/h polarization brightness temperature increment

- LREEN (6 S HiFRME - HiFRE
v Btk h gk v A h Atk v Bt h A

ws 1 1 W, 0.97 0.97 VMDR_WW 0.99 0.99
WR 1 1 VHMO 0.84 0.84 VHMO_SW2 0.79 0.79
TB 1 1 VMDR 0.99 0.99 VMDR_SW2 0.79 0.79
TCWV 1 1 VHMO_SW1 0.83 0.83 RR 0.68 0.68
SST 1 1 VMDR_SW1 0.99 0.99 VSDX 0.62 0.62
EIA 0.99 1 VHMO_WW 0.81 0.81 VSDY 0.61 0.61
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Fig. 3 Flow chart of sea surface salinity inversion
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Remote Sensing Retrieval of Sea Surface Salinity Based on
RBF Neural Network From SMAP Satellite

ZHAO Wen-jie', LI Hong-ping', LIU Hai-xing’
(1. Division of Information Science and Engineering, Ocean University of China , Qingdao 266100, China;
2. First Institute of Oceanography, MNR, Qingdao 266061, China)

Abstract: In order to address the problems of traditional Sea Surface Salinity remote sensing inversion methods, which
have poor inversion accuracy and few influencing factors, this paper proposes a new retrieval method using SMAP L2C
data, Argo data, and auxiliary data, with a focus on (160°E—120°W, 0°—30°N) in the Pacific Ocean. The proposed
method considering more influence factors such as sea surface roughness and whitecap coverage, and firstly establishes an
RBF bright temperature increment model using RBF neural network and modifies the brightness temperature of the flat sea
surface, and then retrieves the SSS based on the Meissner-Wentz dielectric constant model. The validation results showed
that the root mean square error of model predicted salinity and SMAP satellite salinity relative to Argo measured salinity
were 0.4 and 0.5, respectively, and the mean absolute error were 0.3 and 0.4, respectively. Experiments show that the
brightness temperature increment model established by RBF neural network can improve the accuracy of Sea Surface
Salinity inversion, and has practical significance for Sea Surface Salinity inversion.

Key words: sea surface salinity; SMAP satellite; RBF neural network; salinity inversion
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