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Tab.2 Comparison of MAE after ablation imputation result under 20% missing rate
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Maritime buoy observation data Imputation based on RGCN-SA algorithm

PENG Dedong*?, LIANG Jianfeng", CUI Xuerong®, YUE Xinyang'
(1. National Marine Data and Information Service, Tianjin 300171, China; 2. College of Oceanography and Space Informatics, China University of
Petroleum (East China), Qingdao 266580, China)

Abstract: In this paper, a residual network imputation model based on graph convolution network (GCN) and
self-attention mechanism (RGCN-SA) is proposed to solve the observational data missing problem. The model is
constructed on self-attention mechanism and graph convolution. The self-attention mechanism is used to extract
the time -dependent features of observational data, and the space-dependent features of buoys at different
positions are obtained through graph convolution. Combined with the self-supervised training method, the model
is trained and the final ocean data imputation model is obtained. Through comparative experiments, it is proved
that the model can effectively obtain the temporal and spatial correlation features of buoy observations after
training, and obtaina better imputation effect than other methods. The effectiveness of each module of the model
is proved by the ablation experiment.

Key words: self-attention mechanism; graph convolutional network; imputation; buoy data



