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Forecasting the Container Volumes of Busan Port using LSTM
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Abstract T ——

The maritime and port logistics industry is closely related to global trade and economic activity,
especially for Korea, which is highly dependent on trade. As the largest port in Korea, Busan Port
processes 75% of the country s container cargo; the port is therefore extremely important in terms
of the country s national competitiveness. Port container cargo volume forecasts influence port de-
velopment and operation strategies, and therefore require a high level of accuracy. However, due
to unexpected and sudden changes in the port and maritime transportation industry, it is difficult
to increase the accuracy of container volume forecasting using existing time series models., Among
deep learning models, this study uses the LSTM model to enhance the accuracy of container cargo
volume forecasting for Busan Port, To evaluate the model s performance, the forecasting accu-
racies of the SARIMA and LSTM models are compared. The findings reveal that the forecasting ac-
curacy of the LSTM model is higher than that of the SARIMA model, confirming that the forecasted
figures fully reflect the actual measurement figures.
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