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Fig.4 The training framework of SA-ConvLSTM model
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Fig.5 The distribution of NRMSE in different model at different depth
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Fig.6 Comparison of predicted and actual values by different model at different depth
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Fig.7 Performance comparison of different model in different predicted step
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Fig.8 The error between predicted and actual values in different depth and seasons (unit: °C)
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Three-Dimensional (3-D) ocean temperature field prediction based on deep
learning of self-attention mechanism
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Abstract: While previous researches on the 3-D ocean temperature field prediction mainly focused on the
perspective of spatial and temporal relationship which ignored the relationship of relative location, this article
proposes a SA-ConvLSTM 3-D ocean temperature field prediction model which combines self-attention memory
module and ConvLSTM. The new model is not only able to extract the spatial-temporal features in historical 3-D
ocean temperature fields, but can obtain and record the information of location to learn the laws of seawater in
both space and time. The experimental results show that the RMSE and MAE of the SA-ConvLSTM forecasts
have approximately increased by 14% in sliding prediction and multi-step recursive prediction, and its overall
performance is better than the persistence, LSTM and ConvLSTM model. Our research provides a new idea for
the prediction of the 3-D seawater temperature field.

Key words: seawater temperature; 3-D ocean temperature field prediction; self-attention memory; SA-Conv-
LSTM; multi-step recursive prediction



