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[Abstract]

In this paper, we propose a water temperature prediction method using feature extraction and
reconstructed data based on LSTM-Autoencoder. We used multivariate time series data such as sea surface
water temperature in the Naksan area of the East Sea where the cold water zone phenomenon occurred,
and wind direction and wind speed that affect water temperature. Using the LSTM-Autoencoder model, we
used three types of data: feature data extracted through dimensionality reduction of the original data
combined with multivariate data of the original data, reconstructed data, and original data. The three types
of data were trained by the LSTM model to predict sea surface water temperature and evaluated the
accuracy. As a result, the sea surface water temperature prediction accuracy using feature extraction of
LSTM-Autoencoder confirmed the best performance with MAE 0.3652, RMSE 0.5604, MAPE 3.309%. The
result of this study are expected to be able to prevent damage from natural disasters by improving the

prediction accuracy of sea surface temperature changes rapidly such as the cold water zone.
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I. Introduction
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II. Preliminaries
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2.3 LSTM based Autoencoder(LSTM-AE)
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Fig. 9. Multivariate Time Series Data for Water
Temperature Prediction

2. LSTM-AE Water Temperature Prediction Model
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V. Conclusions
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