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Tab.1 The analysis results of the effective wave height

data of the fixed-point buoy
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Fig.1 Overall structure of the LSTM-ResNet model
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Fig.2 Schematic diagram of the LSTM unit
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Fig.3 The core structure of the residual network
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Tab.2 Comparison of performance results for short-term forecasting
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Fig.4 Comparison of observation results and algorithm results in the time range of 1 hour
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Prediction of significant wave height of a fixed point based on
LSTM-ResNet model

LI Zili, MENG Susu
(College of Electronic Engineering, Guangxi Normal University, Guilin 541004 China)

Abstract: Based on the data collected by single-station buoys in the Beibu Gulf, this paper proposes a network
model using the fusion of Long Short-Term Memory (LSTM) and Residual Network (ResNet), and applies the
research results to short-term wave height forecasting; Thereafter, the numerical prediction results of the model
are compared with the numerical calculation results of LSTM network, Back Propagation (BP) network and
ResNet in the prediction of short-term wave height. Finally, the research results show that the LSTM-ResNet
model have the characteristics of small deviation and high practicability in predicting the short-term wave height,
and could improve the effectiveness of the short-term prediction value of the significant wave height under
certain conditions.

Key words: Beibu Gulf; wave height prediction; LSTM-ResNet; LSTM network



